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Abstract 

The purpose of the work presented in this dissertation was to investigate the role of 

cholesterol metabolism in the pathogenesis of multiple sclerosis (MS). Serum lipid profile 

measures have previously been shown to be associated with disability and lesion 

formation in MS patients. While the central nervous system (CNS) requires cholesterol for 

many functions, it is unable to cross the blood brain barrier (BBB), and therefore the brain 

relies on de nova synthesis of cholesterol. The interactions between peripheral and CNS 

cholesterol networks are not well understood. A portion of this research focuses on the 

associations between serum lipid profile measures and various clinical outcome 

measures, biological measures and immunological markers. Oxysterols are cholesterol 

metabolites that are able to cross the BBB and mediate interactions between the 

periphery and the CNS. In order to further understand the role of cholesterol in MS, this 

dissertation also assessed how oxysterol levels differ between MS patients and healthy 

controls at baseline and over 5 years, and how these oxysterol levels are associated with 

serum lipid profile measures. The final part of this dissertation investigates the changes 

in cholesterol measures in response to both interferon-~la treatment and after following 

a multimodal dietary intervention. The main findings from this research are that i.) 

baseline high density lipoprotein cholesterol (HDL-C) is protective against BBB 

breakdown, ii.) changes in lipid profile measures are associated with MS clinical outcome 

measures, iii.) cholesterol may be interacting with specific immune cells in multiple 

sclerosis patients on interferon-~la, and iv.) oxysterol levels differ in MS patients 

compared to healthy controls. 
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Chapter 1: Cholesterol in Multiple 

Sclerosis 

1 



Author Contributions 

Kelly Fellows 1
- Manuscript drafting. 

2Murali Ramanathan 1
' - Manuscript drafting. 

Author Affiliations 

1 Department of Pharmaceutical Sciences, State University of New York, Buffalo, NY, USA. 

2 Department of Neurology, State University of New York, Buffalo, NY, USA 

2 



Cholesterol in Multiple Sclerosis 

Multiple sclerosis (MS) is a chronic, inflammatory, demyelinating disease of the central nervous 

system (CNS) that results in blood-brain barrier (BBB) breakdown, inflammation, and 

neurodegeneration, which all further contribute to physical and cognitive disability. 

There is now increasing research interest in the role that cholesterol plays in the pathogenesis 

of MS, because cholesterol is necessary for many functions in the human brain. Some of these 

functions include myelin formation and repair, neurotransmitter release and production of 

important neuropeptides (1). Additionally, the generation of action potentials and synaptic 

transmission requires high turnover of cholesterol in the brain (2). Many studies have 

investigated the associations between cholesterol, and its derivatives, with clinical outcome 

measures in multiple sclerosis (3-11) as well as other neurological disorders (12-16). Thus, 

cholesterol and its metabolites may prove useful as clinical biomarkers for disease outcomes in 

MS. Figure 1 shows the chemical structure of cholesterol and provides a reference for its ring-

naming and carbon numbering nomenclature. 
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Figure 1. The chemical structure of cholesterol. 
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Cholesterol homeostasis in the human body 

Cholesterol is involved in many essential functions across every organ system in the human 

body including the formation and maintenance of cell membranes, the modulation of 

membrane fluidity, nerve conduction, cell signaling, lipid raft formation, and the formation of 

hormones and vitamin D. Cholesterol is hydrophobic and insoluble in water, and is therefore 

transported in blood on lipoprotein particles. 

Polar shell ApoC 
Free cholesterol -----,,1'-- c::-::!!i::--(C-1. 11 , 11) 

Phospholipid -----

Cholesterol ester 

Triglyceride 

Figure 2. Schematic of a lipoprotein particle (from 
http://medgraphik.com/the-work/lipoprotein-structure/). 

Figure 2 is a schematic of the lipoprotein structure. Lipoproteins are biochemically-engineered 

endogenous nanoparticles containing a hydrophobic core in which cholesterol esters and 

triglycerides can be packaged into for transport, and the outer shell is a hydrophilic membrane 

composed of free cholesterol and phospholipids (17). Also found on the surface of lipoprotein 

particles are apolipoproteins, which mediate the interactions of lipoproteins with their cellular 
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receptors and with other lipoproteins. Figure 3 is a schematic (http://www.genome.jp/dbget-

bin/www bget?hsa04979) that highlights the many components involved in cholesterol 

homeostasis in the periphery and in cells. 
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Figure 3. Schematic of cholesterol metabolism in humans. The pathway was obtained from 
KEGG (18-20). 

There are several different classes of lipoproteins based on the size and density of the particle, 

and each of these classes differ in the amount and type of lipid that they transport, as well as 

the apolipoprotein particles found on their surface (17). 
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The role of cholesterol has been extensively studied in cardiovascular disease. An unfavorable 

lipid profile, usually characterized as higher levels of total cholesterol (TC) and low-density 

lipoprotein cholesterol (LDL-C) and lower levels of high density lipoprotein cholesterol (HDL-C), 

is often observed in patients with cardiovascular disease. High cholesterol levels are known to 

cause endothelial dysfunction, characterized by decreased eNOS activity, and increased 

vascular cell adhesion molecule 1 (VCAM-1) and intercellular adhesion molecule 1 (ICAM-1) 

expression, which contributes to atherosclerotic lesion formation (21). 

LDL-C has been traditionally thought of as 'bad cholesterol,' because high LDL-C levels are 

associated with increased risk of cardiovascular disease. Nonetheless, the majority of blood 

cholesterol is present in LDL particles and its function is to carry cholesterol to tissues and 

organs. Apolipoprotein B (ApoB) is the primary protein of LDL, intermediate (IDL) and very low

density lipoproteins (VLDL) and mediates their interactions with the LDL receptor on cells, 

including the vascular endothelium of the blood-brain barrier (BBB). Two isoforms, ApoB100 

and ApoB48, produced in the liver and intestine, respectively, are present in serum. As a result 

of RNA editing, ApoB48 contains the N-terminal 48% of ApoB100 and does not bind the LDL 

receptor. ApoB levels predict CVD risk better than LDL-C or TC. 

LDL is critical for initiation of vascular inflammation, T cell activation and antibody production in 

atherosclerosis (22). The CVD risks associated with LDL are attributable to three key factors that 

are relatively independent of LDL-C levels: i) number of LDL particles, iii) size of LDL particles 

and, iii) oxidation of LDL-C. 
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Excess LDL-C has been shown to lead to the production of inflammatory cytokines, which in 

turn cause accumulation of inflammatory cells and increased expression of adhesion molecules 

and reactive oxygen species; all of which contribute to endothelial dysfunction (23). 

Additionally, LDL-C has been associated with a reduction in nitric oxide (NO) levels, limiting its 

anti-oxidant and cardio-protective functions. 

HDL-C, on the other hand, is considered 'good cholesterol' because it has anti-atherogenic 

properties. HDL-C functions to enable cholesterol efflux from cell membranes (24) and other 

lipoproteins (25) and the subsequent transport of cholesterol to the liver for excretion. 

Apolipoprotein Al (ApoAI) is the primary protein structural component of HDL and the ligand 

that all HDL-interacting proteins use for recognition (26). The HDL particle also contains other 

apolipoproteins such as ApoAII, ApoAIV, ApoE and ApoC-III (27). ApoAI comprises 40-50%, 

cholesterol and cholesteryl esters comprise ~25% and phospholipids ~ 25% of the HDL particle 

mass (28). 

The ATP-binding cassette Al (ABCA1) transporter on liver cells initiates lipidation of ApoAI (27). 

In the peripheral circulation, lecithin-cholesterol acyltransferase (LCAT), cholesteryl ester 

transfer protein (CETP) and phospholipid transfer protein (PLTP) add more cholesterol and 

lipids to lipidated ApoAI to form discoidal, nascent HDL. LCAT converts surface cholesterol to 

cholesteryl esters (29-33), which are transferred to the hydrophobic core and promote 

formation of mature, spherical HDL particles. Mature HDL particles interact with scavenger 

receptor, class B type I (SR-Bl) to deliver cholesteryl esters into liver and steroidogenic tissues 

(34). Lipid uptake yields smaller, lipid-poor HDL particles capable of cholesterol efflux (35-41). 

SR-Bl can also facilitate cholesterol efflux to HDL (42-44). Further catabolic remodeling of HDL is 
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mediated by lipases, e.g., lipoprotein lipase (LPL), hepatic lipase and endothelial lipase (45). The 

cholesterol efflux, anti-oxidant and anti-inflammatory properties of HDL are inter-dependent. 

The major determinants of HDL function are: i) HDL maturation and structure (46), ii) 

apolipoprotein moieties and iii) paraoxonase (PON) enzymes (47, 48). 

Increased levels of HDL-C contribute to protection against atherosclerosis, and the mechanism 

by which this occurs may be through preservation of endothelial function (21). HDL-C is known 

to promote cholesterol efflux via ABCA1 and ABCG1; both transporters have been found to be 

expressed in endothelial cells, suggesting that this may be one mechanism by which HDL 

protects against endothelial dysfunction (21, 49). 

Cholesterol accumulation within macrophages can modulate their immune function. The 

immune cell functions depend on their ability to interact with cell membranes, their tissue 

motility, and in some instances the ability to phagocytose target cells (SO). Since cholesterol 

impacts membrane synthesis and fluidity, it follows that cholesterol may also impact immune 

cell function, however the relationship between cholesterol levels and immune cells is not well 

understood. Previous work has shown that diet-induced hypercholesterolemia increases 

differentiation of hepatic regulatory T cells and promotes immunosuppressive conditions in 

mice (51). Furthermore, there is evidence suggesting that T cell proliferation can be inhibited by 

cholesterol efflux (52, 53). The evidence suggesting an association between cholesterol levels 

and immune function has led to interest in researching how targeting the cholesterol pathway 

may be a useful therapeutic approach for treating various autoimmune diseases. 
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Figure 4. Overview of cholesterol metabolites including cholesterol, oxysterols, 
cholestenoic acids and bile acids. The main structural changes relative to cholesterol 
are highlighted in red. The primary receptors/transcription factors mediating effects 
are also shown. The cytochrome P450 (CYP) enzymes mediating inter-conversion are 
shown in blue. 

Oxysterols are oxidized derivatives of cholesterol that are formed by biotransformation through 

various cytochrome P-450 enzymes or by autooxidation of cholesterol. They can broadly be 

categorized into side chain oxysterols (e.g., 24HC, 25HC and 27HC) and B-ring oxysterols (e.g., 

7aHC and 7KC) based on whether the isooctyl side chain or B-ring of cholesterol is modified, 

respectively. The metabolic pathways linking cholesterol to oxysterols, cholestenoic acids and 

bile acids are summarized in Figure 4. Oxysterols are the precursors for cholestenoic acids (CA) 

via oxidative metabolism. LXR are also CA receptors (54). Bile acids are produced via the 

classical and alternative (acidic) pathways and are a critical mechanism for cholesterol 

elimination. Bile acids are agonists of the farnesoid X receptor (FXR) and GPBAR1 (TGRS). 
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Together the transcriptional actions of the LXR and FXR integrate sterol, fatty acid and glucose 

metabolism (55). 

Oxysterols have properties that differ from cholesterol itself, including the ability to cross 

lipophilic membranes and to redistribute at faster rates (56). Oxysterols play a major role in the 

regulation of cholesterol metabolism through their effects on the key enzymes in the 

cholesterol pathway, which contain the sterol regulatory element binding protein (SREBP) 

response element (56, 57). There is also evidence suggesting that oxysterols may be markers 

for oxidative stress that results from production of oxidized-LDL and that increased levels of 

some of these cholesterol derivatives, such as 27-hydroxycholesterol (27HC), may be seen in 

patients with atherosclerosis (56, 57). 

Cholesterol homeostasis in the brain 

Due to the high demand and many crucial roles it plays in the nervous system, about 25% of the 

body's cholesterol is found in the brain, despite the fact that the brain only represents 

approximately 2% of body weight (58). Approximately 70% of brain cholesterol is in myelin, 

20% in glial cells, especially astrocytes and microglia, and 10% in neurons (13). However, 

cholesterol itself is unable to cross the blood-brain barrier (BBB), and the lipoproteins that carry 

cholesterol are also excluded from entering the CNS (59). Thus, the brain cannot utilize dietary 

cholesterol, and its supply comes from de nova synthesis from acetyl-coenzyme A (acetyl-coA) 

(2, 14, 59). 

The mechanisms by which cholesterol is synthesized in and eliminated from the brain are being 

better defined by emerging in vitro, in vivo and clinical studies. As disruption in cholesterol 
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homeostasis can impact brain function, it has been hypothesized that disturbances in 

cholesterol metabolism may lead to different neurological disorders, and that the cholesterol 

metabolites may serve as biological markers for these disorders (14, 60). 

Cholesterol Synthesis: In the CNS, during periods of myelin formation, oligodendrocytes 

synthesize the most cholesterol, followed by astrocytes, which produce 2-3-fold more 

cholesterol compared to neurons. Neurons depend on glial cells for most of their cholesterol 

and glial cell-neuron interactions are important for CNS cholesterol homeostasis (61-63). 

Cholesterol is synthesized in the brain at a higher rate in developing fetuses and infants than in 

adults (2, 64). Neurons synthesize cholesterol in the developing fetus but in adults, cholesterol 

utilization depends on astrocytes producing lipoproteins with cholesterol bound to them (2). 

This is accomplished by efflux of the cholesterol into apolipoprotein E (ApoE), which can then 

be transported to the neurons (2). 

Cholesterol is synthesized from acetyl-coA in several sequential enzymatic steps schematized in 

Figure 5 (65). First, acetyl-CoA and acetoacetyl-CoA form hydroxymethylglutaryl-CoA (HMG

CoA) via HMG-CoA synthase. Then, microsomal HMG-CoA reductase converts HMG-CoA to 

mevalonate. This step is the rate-limiting step in the synthesis of cholesterol (14). Next, 

mevalonate gives off a carbon dioxide molecule, and several isoprenoids undergo condensation 

to form squalene. Squalene is cyclized by squalene synthetase cyclizes to form lanosterol, which 

is a precursor for many steroids (14). The lanosterol molecule undergoes a rearrangement to 

produce cholesterol. There are two pathways in which lanosterol can be converted to 

cholesterol. In the Bloch pathway desmosterol is the upstream intermediate and in the 

Kandutch-Russell pathway, 7-dehydrocholesterol (7dHC) is the upstream intermediate (65). In 
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the CNS, the 7-dehydrocholesterol pathway is favored compared to in the peripheral nervous 

system (PNS), where the desmosterol pathway is the favored route for cholesterol synthesis 

(66). 
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Figure 5. Overview of cholesterol synthesis pathways. This figure was originally 
published in the Journal of Biological Chemistry (65). Sharpe LJ, Brown AJ. Controlling 
Cholesterol Synthesis beyond 3-hydroxy-3-methylglutaryl-CoA Reductase (HMGCR). J. 
Biol. Chem. 2013; 288(26):18707-15. © Sharpe LI and Brown AJ. 

Cholesterol Distribution: Apolipoprotein E (ApoE) is the apolipoprotein responsible for 

shuttling cholesterol throughout the brain (2, 14). Astrocytes release cholesterol bound ApoE, 

which can be taken up by other cells in the brain that contain a specific receptor for ApoE, and 

they are sole producer of ApoE in the CNS (2). Since the neurons are the major site utilizing the 

cholesterol, they require a high amount to keep up with the high turnover rate. Not only do 

these lipoproteins carry cholesterol, but they can also carry precursors such as lanosterol, 
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which can be taken up by neurons, allowing for them to synthesize their own cholesterol and 

meet their demands (2). In an adult brain, the mechanism of cholesterol delivery becomes the 

more dominant route for increasing cholesterol levels in the neurons, while there is a reduction 

in the biosynthesis of cholesterol by the neurons themselves (2, 14). 

Cholesterol Regulation: Liver-X-receptors (LXR) and sterol regulatory element-binding proteins 

(SREBPs) both play critical roles in cholesterol regulation and movement through the CNS (1). 

There are two isoforms of LXR: LXRa and LXR~, both of which are involved in the regulation of 

cholesterol in the brain (67). However, it is LXR~ that plays the most important role in the CNS 

(60). Oxysterols are ligands for both LXRa and LXR~, and they bind to these transcription factors 

to form a heterodimer with retinoic-X-receptor (RXR). This heterodimer is then able to bind to 

LXR response elements (60). These response elements are located in the promoter region of 

many genes that are responsible for cholesterol homeostasis; including ApoE and ATP-binding 

cassette transporters ABCA1 and ABCG1. The activation of LXR leads to increased expression for 

these genes, which act to increase cholesterol efflux (60, 68). Upon activation of LXR, there is 

also up-regulation of high-density lipoprotein (HDL), which cholesterol-bound ApoE will bind to 

in order to facilitate cholesterol efflux from the astrocytes (1, 60). One other important role of 

LXR is its ability to up-regulate SREBP-lc expression, which is responsible for increasing 

cholesterol levels (60). 

Cholesterol Elimination: ABCA1 is responsible for the efflux of cholesterol to ApoE, and ABCG1 

acts to release the cholesterol filled ApoE from the astrocytes (1). Following efflux from the 

astrocytes via the ABCG1 transporter, the cholesterol bound ApoE molecule will bind to the 

lipid acceptor, allowing it to be transported to various target sites throughout the CNS (1, 69). 
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ABCG1 is found in intracellular vesicles within the neurons and astrocytes, and that it is also co

expressed with ABCG4 (69). However, ABCG4 does not appear to play a significant role in 

cholesterol transport into astrocytes. While ABCA1 and ABCG1 are critical for cholesterol efflux 

in the astrocytes, ABCG4 appears to be responsible for this efflux in neurons (60). 

While cholesterol efflux from the astrocytes is an important part of cholesterol regulation, the 

biosynthesis itself can be regulated by SREBPs; transcription factors responsible for increasing 

cholesterol production (14). Precursors for the SREBPs are found in the endoplasmic reticulum, 

and when cholesterol levels are low, these precursors move to the Golgi apparatus where they 

are cleaved to SREBPs in order to increase transcription of genes important for cholesterol 

synthesis (14). After these SREBPs are activated, they function by increasing the expression of 

SREBP target genes; some of which include HMG-CoA reductase, HMG-CoA synthetase and 

squalene synthase. Increasing the expression of these enzymes, which are important for 

cholesterol synthesis, will lead to an overall increase in cholesterol formed in the brain (69). The 

transporters ABCG1 and ABCG4 also have the ability to up-regulate the SREBPs, and previous 

studies have shown that ABCG1 and ABCG4 expression in astrocytes lead to a higher level of 

both SREBP precursors and active SREBPs (69). 

Alterations in the lipid network in multiple sclerosis 

Dyslipidemia has been shown to worsen inflammatory processes through its effects at the 

vascular endothelium (70). When Low-density lipoprotein (LDL) becomes oxidized, it activates 

pathways that increase the production of pro-inflammatory cytokines and induce the 

expression of adhesion molecules that initiate monocyte recruitment to the endothelium (70). 
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Associations between adverse lipid profiles and various autoimmune diseases, such as systemic 

lupus (71), neuromyelitis optica (72) and rheumatoid arthritis (73), have been previously 

shown. 

Lipids and cholesterol are at the nexus of structural, signaling and metabolic pathways, and 

they are implicated in pathophysiological processes that mediate neurodegeneration, immune 

and metabolic dysfunction. Cholesterol is essential for myelin structure and for proper 

functioning of CNS neuronal, vascular and immune cells. Therefore, alterations in lipid 

metabolism may affect multiple sclerosis progression through both direct and indirect 

pathways. 

It has previously been shown that cholesterol biomarkers are associated with measures of brain 

injury and disease progression in both established MS and following the first demyelinating 

event (3, 8-10, 74, 75). A recent review of 21 studies has demonstrated a consistent association 

between cholesterol biomarkers and MS disease burden and disease progression (76). The 

mechanisms responsible for the clinical associations between cholesterol biomarkers and MS 

disease progression are not known. 

Statin use in MS: Recent work has focused on the effects of altering lipid profiles, through both 

pharmacological interventions as well as diet and exercise, on multiple sclerosis progression. 

The MS-STAT study investigated the effects of high dose simvastatin on brain atrophy and 

disability in patients with secondary progressive MS (SP-MS) (77). Patients taking 80 mg/day or 

Simvastatin exhibited a significant reduction in cholesterol; an average reduction of 5.5 ± 1.1 

mmol/L at baseline to 4.1 ± 0.9 mmol/L at 24 months was observed. In the Simvastatin 
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treatment group, patients experienced a 43% reduction in annualized whole brain atrophy rate 

compared to the placebo group. Additionally, a significant improvement in disability 

progression, assessed using EDSS and MSIS-29, was also observed in the treatment group (77). 

Diet in MS: In addition to therapeutic interventions, dietary approaches for altering lipid 

profiles in MS patients have also been investigated. In MS patients on a low-fat plant-based 

diet, reductions in total cholesterol, LDL, and insulin levels were observed over 6 months, and a 

significant decrease in BMI was observed over 12 months. The weight loss and diet intervention 

were found to be directly related to improvement in fatigue, a debilitating symptom in MS 

patients (78). Higher intake of omega-3 polyunsaturated fatty acids have been shown to be 

associated with a decrease in the risk of first clinical diagnosis of CNS demyelination (79). 

Additionally, a higher intake of saturated fat increased the risk of relapse in pediatric CIS and 

MS patients (80). 

As previously mentioned, LDL and HDL play key roles in cholesterol and lipid transport in the 

circulation; LDL carries cholesterol to the cells, while HDL carries cholesterol away from cells to 

be eliminated. Due to the high cholesterol demands in the CNS, there has been increasing 

interest in the roles of circulating LDL and HDL in neurological disorders. There is a critical mass 

of emerging evidence indicating that cholesterol, lipoproteins and apolipoproteins are 

associated with MS disease progression (3-6, 8, 81-84). 

The role of HDL in multiple sclerosis 

HDL-C facilitates cholesterol efflux (24, 25) and has cytoprotective anti-oxidant and anti

inflammatory properties (85-89). The evidence for protective roles of HDL in endothelial cell 
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function (21, 90, 91) is a contributing to factor to the growing interest in studying its roles in MS 

and other inflammatory diseases. The BBB is composed of tight junctions that are formed by 

endothelial cells, which act as a barrier preventing the entry of macromolecules including 

cholesterol and lipoproteins. However, it has been suggested that small HDL-like particles can 

enter the brain, and the apolipoprotein component can facilitate cholesterol transport 

throughout the CNS (92). 

It has previously been shown that high levels of HDL-C are associated with lower measures of 

BBB breakdown and CNS inflammation in clinically isolated syndrome (CIS) patients (93). Being 

that the BBB effectively prevents entry of macromolecules, the presence of large molecules, 

like albumin, in the cerebrospinal fluid (CSF) indicate BBB leakiness, and are therefore used as 

surrogate measures of BBB breakdown. Higher serum levels of HDL are associated with lower 

quotient albumin; a measure that relates the CSF levels of albumin to the serum levels. 

Furthermore, higher levels of HDL-C are also associated with lower levels of infiltrating 

leukocytes in the CSF of CIS patients. These associations are relevant to the progression of MS, 

because increases in these serum markers of BBB breakdown are associated with increases in 

T2 lesion volume (T2-LV), a measure of disease burden, as well as the number of contrast 

enhancing lesions (CEL), a measure of active BBB injury and CNS inflammation. In addition to 

these protective associations between serum levels of HDL and BBB breakdown, there is also 

evidence for associations between low serum levels of HDL and cognitive impairment in both a 

younger cohort of subjects from the Einstein Aging Study (94), as well as an in a cohort of 

subjects at least 95 years of age (94, 95). 
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Relapsing remitting MS (RR-MS) patients have been shown to have dysfunctional HDL (96). 

Palavra et al. found higher levels of small HDL particles, a marker of increased cardiovascular 

risk, in a cohort of RR-MS patients (5), which was independently confirmed in studies by 

Jorissen et al. (96). Furthermore, a reduced capacity for serum to accept cholesterol following 

efflux via ABCG1, which is an important protective mechanism for maintaining cholesterol 

homeostasis, was seen in RR-MS patients (96). Despite the evidence supporting a role for 

circulating HDL in clinical outcomes of various neurological disorders, the interplay between 

CNS and peripheral HDL levels is still not well understood. 

The effects of LDL on multiple sclerosis pathogenesis 

LDL is critical for initiation of vascular inflammation, T cell activation and antibody production 

(22). It can also lead to increases in the production of inflammatory cytokines, the expression of 

adhesion molecules and the number of reactive oxygen species (23), as well as decreases in NO 

levels at the endothelium. Altogether, these pathological changes initiate monocyte 

recruitment and entry into the endothelium, where differentiation into macrophages can occur 

and the engulfment of excess LDL follows, leading to the formation of foam cells (23). 

LDL is important for the formation of foam cells, which form when lipids accumulate in 

macrophages. These lipid-filled macrophages will invade the vascular endothelium and also 

secrete inflammatory hormones causing lesions to develop (97, 98). In the brain, foamy 

macrophages, which can differentiate from infiltrating monocytes or resident microglia, are 

thought to play a role in scavenging myelin. Demyelinating MS lesions have been found to 

contain these foam cells, which have ingested myelin-derived lipids (99). Boven et al. used an in 
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vitro model of foam cell formation, via myelin ingestion, to assess anti-inflammatory and pro

inflammatory markers based on location within the lesion. They found that the foam cells 

located at the center of the lesions expressed anti-inflammatory cytokines, such as IL-lra, 

CCL18, IL-10, TGF-~ and IL-4, but the foam cells did not express the pro-inflammatory cytokines 

measured, which include TNF-a, IL-1~, IL-12p40/70, regardless of location within the lesion 

(99). Despite the evidence that foam cells contribute to inflammation and lesion development, 

it has been suggested that foam cells may have anti-inflammatory properties in the CNS, and 

they may also contribute to tissue repair. Their protective role in inflammation and lesion 

formation may contribute to the characteristic partial recovery that follows exacerbations in 

patients with RR-MS (99). 

Serum levels of LDL have been shown to be associated with the development of T2-lesions (8) 

and worsening disability (9) in MS patients. In early MS patients being treated with interferon

~, higher levels of LDL-C and TC were associated with an increase in the cumulative number of 

new T2 lesions at 2 years. Additionally, higher levels of LDL-C were associated with greater 

percent decreases in whole brain volume over 2 years (8). There is also evidence for 

associations between higher levels of triglycerides, TC, LDL-C and ApoB, the characteristic 

apolipoprotein of LDL, with worsening disability, measured using the expanded disability status 

scale (EDSS) (6, 9). 

The role of oxysterols in multiple sclerosis 

Oxysterols are 27-carbon intermediates in the cholesterol metabolism pathway that exhibit 

higher reactivity than cholesterol itself. While cholesterol is unable to cross lipophilic 
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membranes, such as the BBB, its oxysterol intermediates contain an additional oxygen group 

that results in a rearrangement of the phospholipids located in membranes, which allows the 

metabolite to pass through the BBB (100, 101). Oxysterols have been shown to enhance 

inflammatory reactions, contribute to endothelial cell dysfunction, and exhibit pro-oxidant 

effects (101). These molecules are also potent transcriptional ligands and physiological 

regulators. There is extensive evidence indicating a central role for oxysterols as mechanistic 

mediators of the pathophysiological effects of cholesterol biomarkers on MS disease 

progression. These molecules modulate cholesterol homeostasis in the brain, mediate 

interactions among immune cells and vascular cells of the BBB, and regulate crosstalk between 

systemic and CNS cholesterol homeostasis (15). As previously discussed, oxysterols are also 

endogenous ligands of LXR, making them critical regulators of cholesterol homeostasis (57, 102-

104). Oxysterols are capable of potently suppressing T cell proliferation (52, 53, 105, 106) and 

modulating neurodegeneration (107). Two G-protein coupled receptors, smoothened (108) and 

GPR183 (or Epstein-Barr virus induced gene 2 or EBl2) are also activated selectively by 

oxysterols (109-111). Oxysterols can also regulate cholesterol synthesis via the INSIG-SCAP

SREBP complex and at elimination via induction of the ABC transporters (106, 112, 113). 

The focused panel of oxysterol analytes investigated in this dissertation was selected to assess 

the synthesis, regulatory and elimination aspects of peripheral and CNS cholesterol 

homeostasis. 24HC is produced exclusively in the brain particularly in gray matter (58) and is 

both the primary regulator of cholesterol synthesis and the principal mechanism for cholesterol 

elimination in the brain (114-116). 25HC is produced in activated macrophages and is a 

mediator of inflammatory signaling. 7aHC is the product of the rate-limiting step in the classical 
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bile acid pathway of cholesterol elimination(117) and it is a surrogate marker for bile acid 

synthesis and cholesterol excretion (117). 27HC is produced by CYP27A1 in the acidic pathway 

(118). 7-ketocholesterol (7KC), a B-ring oxysterol, results from oxidative stress and can induce 

apoptosis (119), inflammation in endothelial cells and neuronal injury in brain (120). 

In a cross sectional analysis, serum levels of the oxysterols 24-hydroxycholesterol (24HC) and 

27-hydroxycholesterol (27HC) have been reported to be lower in MS patients compared to 

controls (121). 24HC levels were also reported to be lower in primary progressive MS (PP-MS) 

and RR-MS compared to healthy controls (122). Decreased levels of 24HC in different subtypes 

of MS have been previously reported (12, 123, 124). Bjorkhem et al. measured serum and CSF 

levels of 24HC and 27HC and concluded that a balance between oxysterols in the brain and the 

periphery is important (100, 125, 126). 7-ketocholesterol (7KC) levels are higher in CSF of MS 

patients compared to other neurological diseases (120). 7KC induces activation of caspase-3 

and apoptosis in macrophages (119, 127), and it activates microglia to cause neuronal injury in 

brain tissue (120). Autoantibody responses to oxysterols were found in secondary progressive 

MS (SP-MS), PP-MS and RR-MS sera (128). 

Conclusions 

MS patients have been shown to exhibit unfavorable lipid profiles and an increased risk for 

developing cardiovascular diseases compared to healthy adults. Furthermore, there is an 

increasing body of evidence suggesting that lipids, and their derivatives, contribute to the 

worsening of clinical outcome measures in MS patients; this includes effects observed on BBB 

breakdown, the development of T2 lesions and CEL, neurodegeneration and increasing 
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disability. Altogether, this evidence supports a role for lipids as biomarkers in disease 

progression. However, the exact role of lipids and lipid derivatives in the pathogenesis of MS 

remains unclear. It is clear, however, that further investigations into the mechanisms by which 

lipids alter the progression of MS are necessary. 

Dissertation 

The focus of this dissertation was to further investigate the roles of serum lipid profiles in the 

pathogenesis of MS. Previous work by our group focused on the associations between the lipid 

profile measures and disability and lesion formation in MS patients (3, 8, 9). While it is clear 

that the CNS has a high demand for cholesterol and it plays many roles in the proper 

development and maintenance of neurological structures, the CNS and peripheral cholesterol 

networks remain distinct, and the interactions between these two compartments is still not 

well understood. Therefore, this research aims to gain a better understanding of the roles of 

serum lipid profile measures, as well as oxysterols, which can cross the BBB and mediate 

interactions between the CNS and peripheral cholesterol networks, in MS patients. 

Previous work from our group showed how greater levels of LDL-C and TC in the periphery were 

associated with worsening disability and an increase in lesion formation in our MS patients (8, 

9). Therefore, in Chapter 2, we focus our attention on the protective properties of serum HDL in 

MS patients. We show evidence that higher levels of HDL are associated with less BBB 

breakdown, an important pathological mechanism that occurs in early MS patients and 

precedes the development of MS lesions and neurodegeneration. 
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In Chapter 3, we leverage data from a longitudinal study of early MS patients, all receiving 

interferon-~la to treat their symptoms, to assess how lipid profile changes may predict 

neurodegeneration over 6 years. This chapter focuses on early MS patients, who are not only a 

young patient population, but are also not using statins; a common medication taken by elderly 

patients to treat dyslipidemia, which is a common comorbidity in MS patients. Without the 

confounding effects of a lipid-lowering agent present, we were able to determine how 

interferon-~la affects the lipid profile. We found that decreases in cholesterol measures within 

the first few months of treatment were associated with less neurodegeneration over 6 years. 

This work demonstrates how early lipid profile changes could be used as a biomarker of 

interferon-~la efficacy and may prove useful for identifying poor responders who may benefit 

by switching to other disease modifying therapies. 

In Chapter 4, we assessed the longitudinal changes in immune cell subsets in the early MS 

patient population receiving interferon-~la. We investigated how the changes in TC, HDL-C and 

LDL-C over time were associated with changes in an extensive panel of immune cell subsets 

over time. We further assessed how the changes in immune cells were related to lesional 

measures in early MS. The goals of this work were to investigate whether lipid profiles were 

associated with immune cell subsets over time, and whether the effects of cholesterol and 

immune cells on MS are independent of each other, or whether there is evidence for 

interactions between lipids and immune cell subsets in MS. 

Chapters 5 and 6 aim to address the gap in knowledge surrounding the effects of serum 

oxysterol levels in MS patients. In chapter 5, we investigated the associations between baseline 
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oxysterol levels and lipid profiles in MS patients compared to healthy controls, and we found 

that TC and LDL-C, and its major apolipoprotein ApoB, were positively associated with our panel 

of oxysterols: 24HC, 25HC, 27HC, 7aHC and 7KC. We obtained 5-year follow-up lipid profile and 

oxysterol measures in these patients, and Chapter 6 focuses on the differences in the changes 

in these oxysterol levels and apolipoprotein levels over 5 years in MS patients compared to 

healthy controls. We also investigate the associations between oxysterols and apolipoprotein 

levels, and whether these associations differ between healthy controls and MS patients. 

Furthermore, we investigate how the oxysterol and apolipoprotein levels differ in a small 

subset of patients who have progressed from RR-MS at baseline to SP-MS at 5 years 

Finally, in Chapter 7, we characterize the effects of a multimodal diet-based intervention on 

lipid levels over 12 months, and how these changes affect fatigue in progressive MS patients. 

This research provides meaningful results that support further research that focuses on how 

altering cholesterol, both through holistic and therapeutic methods, may be useful in treating 

MS symptoms and improving the quality of life for MS patients. 

The research summarized in the Appendix is not directly related to the primary topic area of my 

dissertation, but is included because of its potential applications in pharmaceutical research. 

Appendix A and B focus on mathematically modeling patient adherence to drug dosing 

regimens. Appendix A discusses the use of a Markov Chain von Mises approach to modeling 

adherence. Appendix B extends on the adherence modeling further with a population modeling 

approach. 
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In Appendix C, we investigate marijuana usage in a population of MS patients. The use of 

medical marijuana is a growing area of interest, particularly in diseases in which patients 

experience debilitating physical disability, such as MS. The goal of this work was to investigate 

the demographic characteristics associated with patient-reported marijuana usage in MS. 
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ABSTRACT 

Purpose: To investigate the associations of serum cholesterol and apolipoproteins with 

measures of blood brain barrier (BBB) permeability and central nervous system (CNS) 

inflammation following the first clinical demyelinating event. 

Methods: This study included 154 patients (67% female, age: 29.5 ± SD 8.2 years) enrolled in a 

multi -center study of interferon beta-la (IFN) treatment following the first demyelinating 

event. Blood and cerebrospinal fluid (CSF) were obtained at screening prior to treatment. A 

comprehensive serum lipid profile and multiple surrogate markers of BBB breakdown and CNS 

immune activity were obtained. 

Results: Higher levels of serum high-density lipoprotein cholesterol (HDL-C) and apolipoprotein 

A-1 (ApoA-1) were associated with lower CSF total protein level, CSF albumin level, albumin 

quotient and CSF lgG level (all p::;; 0.001 for HDL-C and all p < 0.01 for ApoA-1). HDL-C was also 

associated with CSF CD80+ (p <0.001) and with CSF CD80+CD19+ (p = 0.007) cell frequencies. 

Conclusions: Higher serum HDL is associated with lower levels of BBB injury and decreased 

CD80+ and CD80+CD19+ cell extravasation into the CSF. HDL may potentially inhibit the 

initiation and/or maintenance of pathogenic BBB injury following the first demyelinating event. 
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INTRODUCTION 

Blood brain barrier (BBB) injury creates a permissive environment for inflammation and the 

extravasation of immune cells (1) in multiple sclerosis (MS), a chronic inflammatory and 

neurodegenerative disease of the CNS (2). Compromised BBB structural integrity is necessary 

for the formation of contrast-enhancing lesions (CEL), which are frequently found on brain MRI 

from MS patients even in the absence of clinical relapses. CEL represent focal areas with 

compromised BBB structural integrity and are associated with parenchymal and meningeal 

inflammation (3). Increased BBB water permeability precedes the appearance of CEL and is 

pervasive in normal-appearing white matter (4). 

In CNS regions with loss of BBB structural integrity, there is increased permeability to 

macromolecules such as proteins, albumin and immunoglobulins that are normally excluded by 

the BBB. These macromolecules enter more readily into the CNS and can be detected in CSF. 

CSF levels of proteins produced exclusively outside the CNS, such as albumin, provide useful 

surrogate measures of the pathological injury to BBB structural integrity. The presence of T and 

B cells and immunoglobulins in CSF resulting from extravasation through the BBB provides 

surrogate measures of immune activity in the CNS. The presence of immunoglobulin oligoclonal 

bands (OCB) in CSF is used as a paraclinical diagnostic criterion in MS (5). 

Chronic hypercholesterolemia can promote exaggerated immune responses, stronger 

leukocyte-vascular endothelial cell adhesion and immune cell extravasation in the 

microvasculature (6, 7). In this research, we leverage a range of CSF measures to understand 

the contributions of lipid profile variables to pathophysiological increases in BBB permeability 

49 



and to immune activity in CSF. We focused on serum cholesterol profiles because there is an 

emerging body of data suggesting associations between serum cholesterol profiles and MRI 

measures of lesional and neurodegenerative injury in MS patients (8-13). In our previous work 

we found an adverse association between greater serum cholesterol and MS disease 

progression. Higher low-density lipoprotein cholesterol (LDL-C) and total cholesterol (TC) levels 

were positively associated with worsening disability measured on the Expanded Disability 

Status Scale (EDSS) and MS Severity Scale (MSSS) (10, 13). Higher HDL levels were associated 

with fewer CEL (9, 13). We also investigated the role of cholesterol profiles in patients following 

the first demyelinating event, prior to disease-modifying treatment, and found that greater 

LDL-C, TC and ApoB levels were associated with greater number of T2 lesions after 2-years (12, 

14). The main goals of this study are to investigate the associations of cholesterol and 

apolipoprotein levels with CSF-derived measures of increased BBB permeability and cellular and 

humeral immune activity. 
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METHODS 

Study Population 

Study Setting: Multi-center, prospective, longitudinal observational study. 

Informed Consent: The Medical Ethics Committees of the General University Hospital and 1st 

Faculty of Medicine of Charles University, Prague, Czech Republic, approved the study protocol 

and the informed consent procedure. Additionally, approvals were obtained from local medical 

ethics committees of all other participating centers. Written informed consent was obtained 

from all patients at enrollment. 

Clinical Study Design: The Observational ~tudy of E.arly Interferon beta 1-a Ireatment in High 

Risk Subjects after Clinically Isolated Syndrome (CIS) (SET study, din.gov# NCT01592474) and 

its design have been previously described (15, 16). The study was coordinated by Charles 

University in Prague, Czech Republic. The study screened 259 patients and enrolled 220 

patients from 8 Czech Republic MS centers. 

Inclusion Criteria: Patients with the following characteristics: 18-55 years of age, enrolled 

within 4 months from the clinical event, presence of;;:: 2 T2-hyperintense lesions on diagnostic 

MRI, and presence of;;:: 2 OCB in CSF obtained prior to corticosteroid treatment and Expanded 

Disability Status Scale (EDSS)::; 3.5. 

This sub-study included 154 patients for whom lipid profiles and CSF-derived measures of 

increased BBB permeability were available. 

Treatments: All patients were treated with 3-5 g of methylprednisolone for the first symptom 
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and baseline MRI was performed~ 30 days after steroid administration. 

All patients were started on 30 µg, once-weekly, intramuscular interferon beta 1-a (AVONEX®) 

treatment at baseline. 

MRI Acquisition and Analysis 

This sub-study was limited to MRI measures obtained at baseline. MRI methods are 

summarized in Supplementary Methods. We investigated the associations of the number of CEL 

and T2 lesion volume (LV) at baseline with CSF measures of BBB permeability in statistical 

analyses. 

Serum Lipids and Apolipoproteins 

Serum for lipid and apolipoprotein analyses was obtained in the non-fasted state at the 

screening visit prior to the start of corticosteroid or interferon. The methods for lipid profile 

and apolipoprotein analyses have been previously described (14) but are succinctly 

recapitulated here. 

lmmunoturbidometric diagnostic kits (Kamiya Biomedical, Thousand Oaks, CA) were used for 

the apolipoprotein (Al, All, B and E), Lpa and high sensitivity C-reactive protein (CRP) assays. 

Diagnostic reagent kits (Sekisui Diagnostics, Lexington, MA) were used to measure serum total 

cholesterol, HDL-C, phospholipids and triglycerides. These assays were conducted on an 

automated chemistry analyzer (ABX Pentra 400, Horiba Instruments, Irvine, CA). The coefficient 

of variation of these assays is< 5%. LDL-C was obtained from the Friedewalde equation (17). 

Specific probes for both single nucleotide polymorphisms rs7412 and rs429358 (OpenArray, 
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Applied Biosystems, Life Technologies, Foster City, California, USA) were used to genotype 

APOE gene variants E2, E3 and E4. 

The arylesterase and paraoxonase activities of the human serum paraoxonase-1 (PON1) 

enzyme were measured using phenyl acetate (arylesterase activity) and paraoxon (paraoxonase 

activity) as substrates, respectively. The assay CV is 0.6 to 1.4%. The PON1 Q192R 

polymorphism was obtained from the paraoxonase and arylesterase activities as previously 

described (18). 

Clinical data collected included height and weight for body mass index (BMI) calculations, and 

history of statin use. 

Cerebrospinal Fluid Assays 

Lumbar Punctures: All lumbar punctures were performed prior to treatment with 

corticosteroids at the study-coordinating center during the morning hours. CSF was drawn from 

LS-Sl, L4-5 or L3-4 inter-space with the patient sitting upright using a standard sterile 

preparation and 20G Spratte atraumatic needle. A total of 20-25 ml of CSF and 5-ml volume of 

blood were obtained. 

Biochemical, Immunological and Cellular Assays: Total protein in CSF was determined 

photometrically using the pyrogallol red-molybdate reaction method (Synchron LX 20, Beckman 

Coulter analyzer). Albumin, immunoglobulin G (lgG) and immunoglobulin M (lgM) 

concentrations were quantified in serum and CSF by immunonephelometry (IMMAGE 

lmmunohistochemistry system, Beckman Coulter). 
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The albumin quotient (OAtb) was defined as the ratio of the CSF albumin concentration to the 

serum albumin concentration (19, 20): 

CSF Albumin (mg/L)
Q =-------

Alb Serum Albumin (g /L) 

The lgG Quotient (Q196) and lgM Quotient (Q19M) were analogously defined as the ratio of CSF 

lgG or CSF lgM concentration to their corresponding serum lgG or lgM concentrations: 

CSF IgG (mg/L)
Q --------

lgG - Serum IgG (g/L) 

CSF IgM (mg/L)
Q --------

lgM - Serum IgM (g/L) 

The lgG index and lgM index, which can be used to assess CSF lgG and lgM synthesis (21), were 

obtained using the following: 

CSF IgG (mg/L)/Serum IgG (g/L) Q19c 
IgG Index=-----------------

CSF Albumin (mg/L)/Serum Albumin (g/L) QAlb 

CSF IgM (mg/L)/Serum IgM (g/L) Q1gM
IgM Index=-----------------

CSF Albumin (mg/L)/Serum Albumin (g/L) QAlb 

lsoelectric focusing (IEF) with ultra-sensitive immunofixation (Sebia, Hydrasys Focusing) was 

used to identify CSF-restricted OCB. 

CSF Cell Phenotyping: Cell surface markers were measured using flow cytometry within 3 hours 

following CSF collection. Cells were concentrated by centrifugation (5 min at 1000 rpm), 

resuspended in BD Cell-Wash (BD Biosciences) and stained without lysing with fluorochrome

labeled antibodies for 20 minutes in the dark at room temperature. After washing (twice in BD 
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Cell-Wash), the CSF lymphocytes were immediately analyzed without fixation. 

Fluorochrome-labeled antibodies against CD80, CD80CD19, CD4, CCR5 (all from Becton

Dickinson Biosciences, San Jose, CA, USA) and CXCR3 (R&D Systems, Minneapolis, MN, USA) 

antigens were used. Six-color flow cytometric analysis was performed with FACSCanto flow 

cytometer and BD FACS Diva 5.03 software (BD Biosciences). For FACS analyses, 3,000-10,000 

events were acquired at a fluid flow rate of 60 µI/min. The frequencies of CD80+, CD80+CD19+, 

CD4+, CCR5+ and CXCR3+ cell subsets in CSF were computed for analyses. 

CSF cell subset immunophenotyping data were available for 81 patients. 

Data Analysis 

SPSS (IBM Inc., Armonk, NY, version 19.0) statistical program was used. In view of the multiple 

testing, the Benjamini-Hochberg method was used to assess significance with a target false 

discovery rate of q ~ 0.05 (22). The Tables and Results summarize the raw, unadjusted p-values. 

Adjusted p-values (q-values) are shown only for variables with unadjusted p-values ~ 0.05. 

All CSF variables were logarithm (base 10) transformed to reduce skew. T2-LV was cube root 

transformed. 

The associations of CSF variables with lipid profile variables (HDL-C, LDL-C, TC, ApoA-I, ApoA-11, 

ApoB, ApoE, CRP or PON1 arylesterase activity) were assessed in linear regression analyses. The 

CSF variable of interest was the dependent variable whereas the individual lipid profile variable 

of interest, age, gender and BMI were treated as predictor variables in these analyses. 

Negative binomial regression was used to assess associations of lipid profile variables with CSF 
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cell frequency variables (CD80+, CD80+CD19+, CD4+, CCRS+ and CXCR3+). Individual CSF cell 

frequency variables were treated as the dependent variable with the individual lipid profile 

variable of interest, age, gender, and BMI as predictors. 

The associations of CEL number and T2-LV were individually assessed as dependent variables in 

negative binomial regression and linear regression, respectively. The CSF variable of interest, 

age and gender were treated as predictor variables. 
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RESULTS 

Demographic and Clinical Characteristics: The clinical, demographic and MRI characteristics of 

the study sample at baseline and the CSF measures and lipid profile variables at screening are 

summarized in Table 1. 

The mean time± SD between disease onset and lumbar puncture was 28.2 ± 23.2 days (median 

= 20.0, inter-quartile range= 34 days). None of the subjects were on statins. 

The clinical and demographic characteristics of subjects with lipid profile and CSF measures 

who were included in the study were similar to the SET study sample that was not included 

(data not shown). 

Associations of CSF Variables with Lipid Profile Variables: Table 2 summarizes the associations 

of CSF variables with the serum cholesterol variables (HDL-C, LDL-C, TC), serum apolipoprotein 

variables (ApoA-1, ApoA-11, ApoB, ApoE) and CRP. 

Greater HDL-C and TC levels were associated with lower CSF total protein level, CSF albumin 

level, albumin quotient and CSF lgG level (Table 2). Additionally, TC was negatively associated 

with alkaline OCB (23) (p = 0.003, q = 0.007). The CSF variables that were negatively associated 

with increased TC were also negatively associated with LDL-C with the exception of albumin 

quotient (q = 0.053). 

ApoA-1 was associated with the same CSF variables as HDL-C. This provides corroborative 

support for the HDL-C findings. ApoA-11 was associated with CSF lgG levels (p = 0.003, q = 0.036) 

but no other CSF measures. ApoB and CRP were not associated with any of the CSF variables. 
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Table 1. Demographic and clinical characteristics at baseline. Lipid profile and CSF variable values 

at disease onset. 

Demographic Characteristics 

Sample Size n 

% Female 

Age, years 

EDSS 

MRI Characteristics 

CEL number 

T2-LV, cm 3 

Brain volume, cm 3 

Gray matter volume, cm 3 

Lipid Profile Characteristics 

HDL cholesterol (mg/di) 

LDL cholesterol (mg/di) 

Total cholesterol (mg/di) 

Triglycerides (mg/di) 

Apolipoprotein A-I (mg/di) 

Apolipoprotein A-II (mg/di) 

Apolipoprotein B (mg/di) 

Apolipoprotein E (mg/di) 

(-reactive protein (mg/I) 

CSF Variable Characteristics 

(SF-leukocytes (in 3 mm 3
) 

CSF-total protein (mg/I) 

CSF-albumin (mg/I) 

Albumin quotient 

(SF-restricted total OCB 

(SF-restricted total alkaline OCB 

lgG index 

lgG quotient 

lgM index 

lgM quotient 

Mean± 5D 3 Reference Range b 

154 

67% 

29.5 ± 8.2 

1.71 (0.67) 

1.07 ± 3.4 

5.15 ± 6.44 

1505 ± 72 

791 ± 47 

70.3 ± 19.0 40-83 

134 ± 40.1 57-189 

204 ± 52.9 133-234 

110 ± 50.9 37-321 

158 ± 40.6 115-224 

37.3 ± 8.65 25-35 

73.9 ± 23.5 60-130 

3.28 ± 1.05 3.3-6.1 

2.77 ± 4.40 < 2.5 

26.5 ± 34.1 < 12 

345 ± 119 150-450 

217 ± 86 120-300 

~ 6.5 if age <40 years 
4.75 ± 1.84 

~ 8.0 if age ~40 years 

12.1 ± 5.1 Not available 

8.33 ± 3.7 Not present 

0.892 ± 0.39 < 0.65 

4.21 ± 2.3 

0.251 ± 0.32 

1.11 ± 1.1 

a All continuous variables (age, disease duration, T2-LV, Tl-LV) are mean± standard deviation. For 

the ordinal EDSS, the median (inter-quartile range) is given. 

b Reference range provided by diagnostic reagent kit manufacturers or clinical laboratory. 
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The associations of albumin quotient, lgG Index, lgM Index and CSF leukocytes with HDL-C and 

ApoA-I are summarized in Figure 1 and Figure 2, respectively. 
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Figure 1. Associations of HDL cholesterol quartiles with albumin quotient (Figure lA), lgG Index 

(Figure 1B), lgM Index (Figure lC) and CSF leukocytes (Figure lD). The quartile boundaries were: the 

lowest quartile corresponds to HDL-C ~ 56.27 mg/di, 56.27 mg/di < Quartile 2 ~ 66.25 mg/di, 66.25 

mg/di < Quartile 3 ~ 80.69 mg/di, Highest quartile > 80.69 mg/di. The bars compare mean values of 
the CSF measures shown on the y-axis for the quartiles of HDL cholesterol shown on the x-axis. The 

error bars indicate the standard error of the mean. 

Human serum Paraoxonase-1 (PON-1), a hydrolytic enzyme exclusively associated with HDL-C, 

exhibits a genotype-independent arylesterase activity and a paraoxonase activity that depends 

on its Q192R genotype. To further confirm that HDL was associated with protective associations 

59 



on CSF measures of BBB permeability, we examined the corresponding associations of PON1 

arylesterase activity. Higher PON1 arylesterase activity was associated with lower albumin 

quotient (p =0.015), CSF total protein level (p =0.014), CSF albumin level (p =0.015) and CSF 

lgG level (p = 0.001). The results from this analysis provide additional evidence for the 

associations between HDL-C and CSF variables. 
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Figure 2. Associations of apolipoprotein A-I quartiles with albumin quotient (Figure 2A), lgG Index 
(Figure 2B), lgM Index (Figure 2C) and CSF leukocytes (Figure 2D) . The ApoA-I quartile boundaries 
were: the lowest quartile corresponds to ApoA-I ~ 128.3 mg/di, 128.3 mg/di < Quartile 2 ~ 151.1 

mg/di, 151.1 mg/di < Quartile 3 ~ 175.8 mg/di, and the highest quartile > 175.8 mg/di. The bars 
compare mean values of the CSF measures shown on the y-axis to the quartiles of ApoA-I shown on 

the x-axis. The error bars indicate the standard error of the mean . 
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To assess the relative importance of HDL-C and LDL-C to the associations with CSF variables, we 

conducted additional regression analyses that included both HDL-C and LDL-C as predictors. In 

these analyses, the associations of HDL-C with BBB variables remained significant but LDL-C was 

no longer significant. 

Based on the corroborating evidence from the additional regression analyses and the ApoA-I, 

PONI arylesterase activity and ApoB results, we surmise that the negative associations of TC 

with albumin quotient, CSF total protein and CSF albumin levels are the result of a salient 

contribution from HDL-C and that the contributions from LDL-C are potentially secondary in 

comparison. The negative associations of alkaline OCB with TC are mediated primarily by LDL-C. 

Both HDL-C and LDL-C appear to contribute to the negative associations of TC with CSF lgG 

(Table 2). 

ApoE levels (Table 2) were negatively associated with CSF total protein level (p = 0.003, q = 

0.012), CSF albumin (p =0.002, q =0.012) level, albumin quotient (p =0.001, q =0.012) and CSF 

lgG level (p =0.027, q = 0.065). The APOE4 allele was present in 21.8% of the patient group. 

However, there were no significant associations of APOE4 genotype status with any of the CSF 

variables. 

Associations of Lipid Profile Variables with Cell Variables: The associations of cell variables 

(CD80+, CD80+CD19+, CD4+, CCRS+ and CXCR3+) with the serum cholesterol variables (HDL-C, 

LDL-C, TC), serum apolipoprotein variables (ApoA-I, ApoA-II, ApoB, ApoE) and CRP were 

assessed. The Wald x2 and p-values from the regressions are shown in Table 2. 

HDL-C was associated with CSF CD80+ cell frequencies (p <0.001, q = 0.002) and with CSF 
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Table 2. Associations of lipid profile variables with CSF variables and cell frequencies. 

HDL-C LDL-C TC ApoA-1 ApoA-11 ApoB ApoE CRP 

CSF Variable a fp p fp p fp p fp p fp p fp p fp p fp p 

CSF total protein -0.29 < 0.001 -0.23 0.005 -0.28 0.001 -0.27 0.001 -0.19 0.018 -0.13 0.13 -0.24 0.003 -0.092 0.27 

CSF albumin -0.26 0.001 -0.20 0.014 -0.25 0.002 -0.25 0.002 -0.19 0.018 -0.12 0.13 -0.25 0.002 -0.099 0.23 

Albumin 
quotient 

-0.27 0.001 -0.17 0.04 -0.23 0.006 -0.22 0.008 -0.18 0.028 -0.08 0.36 -0.27 0.001 -0.042 0.61 

CSF lgG -0.31 < 0.001 -0.28 0.001 -0.33 < 0.001 -0.29 < 0.001 -0.24 0.003 -0.17 0.035 -0.18 0.027 -0.062 0.46 

lgG quotient -0.28 0.001 -0.28 0.001 -0.31 < 0.001 -0.25 0.002 -0.21 0.01 -0.18 0.03 -0.21 0.01 -0.015 0.86 

lgG index -0.12 0.15 -0.22 0.008 -0.21 0.011 -0.14 0.088 -0.11 0.19 -0.17 0.03 -0.034 0.68 0.031 0.71 

CSF lgM -0.11 0.18 -0.14 0.087 -0.15 0.072 -0.089 0.29 -0.19 0.02 -0.095 0.26 -0.05 0.53 -0.025 0.77 

lgM quotient -0.05 0.53 -0.13 0.14 -0.12 0.17 -0.12 0.15 -0.16 0.053 -0.02 0.81 -0.12 0.17 0.006 0.95 

lgM index 0.08 0.35 -0.065 0.45 -0.021 0.81 -0.02 0.82 -0.086 0.31 -0.003 0.98 0.004 0.96 0.046 0.59 

Total OCB -0.09 0.30 -0.18 0.027 -0.17 0.039 -0.092 0.27 -0.082 0.33 -0.06 0.47 0.03 0.69 -0.041 0.62 

Alkaline OCB -0.14 0.11 -0.26 0.002 -0.25 0.003 -0.18 0.036 -0.12 0.16 -0.063 0.46 0.044 0.60 -0.046 0.59 

Cell Variable b x,2 p x,2 p x,2 p x,2 p x,2 p x,2 p x,2 p x,2 p 

CSF leukocytes 5.75 0.017 6.05 0.014 7.56 0.006 7.35 0.007 4.19 0.041 2.3 0.13 1.15 0.28 0.695 0.404 

CD80 13.4 < 0.001 0.004 0.95 1.39 0.23 11.6 0.001 3.61 0.05 3.14 0.077 0.81 0.37 0.65 0.42 

CD80 CD19 7.21 0.007 0.779 0.38 0.13 0.72 5.97 0.015 2.71 0.1 15.5 <0.001 0.776 0.38 0.071 0.79 

CD4 0 0.98 0 1 0 0.99 0.012 0.91 0.002 0.97 0.38 0.54 0.206 0.65 0.536 0.46 

CCR5 0.045 0.83 0.003 0.96 0.001 0.97 0.032 0.86 0.002 0.97 0.427 0.51 0.627 0.43 0.806 0.37 

CXCR3 0.001 0.97 0.036 0.85 0.015 0.9 0.018 0.9 0.002 0.97 0.613 0.43 0.141 0.71 0.367 0.54 

a Partial correlation (rp) and p-value from linear regression are shown. 

bNegative binomial regression was used and Wald Chi-Square (x,2) values are provided instead of partial correlation. 
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CD80+CD19+ cells (p =0.007, q =0.028). HDL-C was not associated with CSF CD4+, CCRS+ or 

CXCR3+ cells frequencies. 
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Figure 3. Associations of mean CSF CD80+ (top row) and CSF CD80+ CD19+ (bottom row) cell 
frequencies in percent with HDL-C quartiles, ApoA-1 quartiles and ApoB quartiles. The HDL-C quartile 

boundaries were: the lowest quartile corresponds to HDL-C ~ 56.27 mg/di, 56.27 mg/di< Quartile 2 ~ 

66.25 mg/di, 66.25 mg/di < Quartile 3 ~ 80.69 mg/di, Highest quartile > 80.69 mg/di. The ApoA-1 

quartile boundaries were: the lowest quartile corresponds to ApoA-1 ~ 128.3 mg/di, 128.3 mg/di < 
Quartile 2 ~ 151.1 mg/di, 151.1 mg/di< Quartile 3 ~ 175.8 mg/di, and the highest quartile> 175.8 
mg/di. The ApoB quartile boundaries were: the lowest quartile corresponds to ApoB ~ 54.0 mg/di, 

54.0 mg/di< Quartile 2 ~ 70.75 mg/di, 70.75 mg/di< Quartile 3 ~ 87.0 mg/di, and the highest quartile 

> 87.0 mg/di. The bars compare mean values of the CSF cell frequencies in percent shown on the y

axis to the quartiles of HDL-C, ApoA-1 or ApoB on the x-axis. The error bars indicate the standard error 

of the mean . 

Similarly, ApoA-I was associated with CSF CD80+ (p =0.001, q =0.004) and CD80+CD19+ (p = 

0.015, q = 0.04) frequencies. ApoA-I levels were not associated with CSF CD4+, CCRS+ and 
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CXCR3+ cell frequencies. ApoA-11 levels were not associated with any of the immune cell subset 

frequencies. 

Interestingly, only CD80+CD19+ cell frequencies were associated with ApoB (p < 0.001, q < 

0.001). None of the immune cell subset frequency variables were associated with LDL-C, TC, 

ApoE or CRP. The associations of CD80+ and CD80+CD19+ cells frequencies and lipid variables 

HDL-C, ApoA-I and ApoB are summarized in Figure 3. 

The regression results for the cell frequency and lipid profile variables suggest that higher HDL

C levels results in less extravasation of CD80+ and CD80+CD19+ cells into the CSF. There was no 

evidence for associations of HDL-C levels with CD4+, CCR5+ or CXCR3+ frequencies in CSF. 

Associations of CSF Variables with MRI: We investigated whether CSF measures were 

associated with baseline CEL number and T2-LV to assess the potential clinical relevance of 

altered BBB permeability and immune activity. The regression analyses are summarized in 

supplementary Table 1. 

The mean time± SD between disease onset and baseline MRI was 82.5 ± 23.6 days (median = 

79.0, inter-quartile range= 37.5 days). 

CEL number was associated with all but one of the CSF variables: total protein level, albumin 

level, albumin quotient, lgG level, lgM level, lgM quotient and lgM index (all p <0.001, q 

<0.001), as well as lgG quotient (p = 0.007, q = 0.008), total OCB (p = 0.004, q = 0.005), alkaline 

OCB (p = 0.003, q = 0.005) and leukocytes (p = 0.017, q = 0.019). CEL number was not associated 

with lgG index. The associations of albumin quotient and CSF leukocytes with CEL number and 

T2-LV are summarized in Figures 4A and 4C, respectively. 
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Figure 4. Associations of albumin quotient and CSF leukocytes with CEL number and T2-LV MRI 

measures. The bars compare mean values of the MRI measures shown on the y-axis for the quartiles 

of the CSF variable shown on the x-axis. The albumin quotient quartile boundaries were: the lowest 

quartile corresponds to albumin quotient~ 3.36 mg/g, 3.36 mg/g < Quartile 2 ~ 4.25 mg/g, 4.25 mg/g 

< Quartile 3 ~ 5.58 mg/g, Highest quartile > 5.58 mg/g. The CSF leukocytes quartile boundaries were: 

the lowest quartile corresponds to CSF leukocytes~ 9.0/3 µI, 10.0/3 µI~ Quartile 2 ~ 17.0/3 µI, 18.0/3 

µI~ Quartile 3 ~ 33.5/3 µI, Highest quartile> 33.5/3 µI. The error bars indicate the standard error of 

the mean. 

Only a subset of the CSF variables associated with CEL number were associated with T2-LV. CSF 

total protein level (p =0.016, q =0.048), albumin level (p =0.014, q =0.056), albumin quotient 

(p =0.006, q =0.072), CSF lgG level (p =0.017, q =0.041) and lgG quotient (p =0.012, q =0.072) 

were associated with T2-LV. The associations of albumin quotient and CSF leukocytes with T2-
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LV are summarized in Figures 4B and 4D, respectively. We did not find evidence for associations 

for CSF lgM level, lgM quotient, lgM index, total OCB, alkaline OCB and leukocytes with T2-LV 

These results are consistent with a role for increased BBB permeability (as assessed by albumin 

quotient) and CSF humeral immunity (as assessed by OCB and lgG) in CEL formation following 

the first demyelinating event. 
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DISCUSSION 

We investigated the role of cholesterol and apolipoproteins in BBB breakdown following the 

first demyelinating event suggestive of MS. Greater HDL-C was associated with less BBB 

permeability as assessed by several CSF measures including CSF albumin quotient. High levels of 

HDL-C and ApoA-I were associated with lower CSF frequencies of CD80+ and CD80+CD19+ cells. 

To our knowledge, the associations of cholesterol and cholesterol biomarkers with BBB 

breakdown have not been extensively investigated. 

Although our results demonstrate protective associations between greater HDL-C levels and 

lower BBB permeability, the strengths and limitations of our study design merit discussion. The 

SET study was a well-controlled longitudinal, treatment study that accrued a wealth of clinical 

MRI and blood biomarkers over a four-year period. However, a potential criticism of the study 

design is the lack of a placebo-controlled group. A four-year placebo-controlled trial would 

clearly be ethically infeasible given that proven disease-modifying therapies are now available 

for MS. However, it would have been useful to compare interferon treatment in the SET trial to 

a different treatment such as glatiramer acetate to establish whether our results were 

generalizable to other MS disease-modifying treatments. Our study was also limited because 

the lipid profile and CSF measures were obtained only at screening making this analysis cross

sectional in nature. Although our statistical results are consistent with a protective role for high 

HDL levels against BBB injury after the first demyelinating event these associations are not 

proof of causation. 

Our study would be further strengthened if we had also obtained cholesterol and lipoprotein 
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profiles in the CSF. The CSF from SET study patients at the screening visit was primarily used to 

assess oligoclonal band status of patients for meeting inclusion criteria. Additionally, measures 

of BBB breakdown and immune cell extravasation were also obtained. Although the CNS and 

peripheral cholesterol compartments are relatively segregated by the BBB, there is evidence for 

regulatory interactions and homeostatic mechanisms. Glial cells play a critical role in 

cholesterol production and homeostasis in the brain where an HDL-like particle containing 

ApoE mediates cholesterol transport. The ApoE that comprises this HDL-like particle is secreted 

by astrocytes and microglia. Although ApoA-1 is not produced in the brain, recent evidence 

suggests that circulating ApoA-1 can enter the CSF through the choroid plexus (24). The ApoA-1 

entering the brain is likely derived from SR-Bl-mediated uptake of circulating discoidal HDL 

particles into CSF at the choroid plexus (24, 25). ApoA-1 and ApoE measurements in CSF would 

have yielded information regarding these interactions between the CNS and blood 

compartments. It would also be interesting to know if HDL particle size, particularly small, 

discoidal, pre-~-HDL HDL, are more predictive of BBB integrity than total HDL-C alone. 

MS is associated with significant cerebral vascular endothelial cell dysfunction (26-29). In 

atherosclerosis, HDL-C plays an important protective role in the immune cell-vascular 

endothelial interactions that mediate lesion formation. HDL can modulate immune cell 

phenotype by altering cellular cholesterol because it stimulates cholesterol removal from 

macrophages and down-regulates foam cell production. Plasma HDL-C has been found to be 

negatively associated with baseline monocyte counts (30). HDL-C mediated cholesterol 

transport also preserves active endothelial nitric oxide synthase (eNOS) dimer levels that 

maintain endothelial cell function (31). 
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The mechanisms by which these protective processes occur in MS remain unknown. Meyers et 

al, reported that ApoA-I levels were lower in the MS patients compared to healthy controls and 

the primary progressive MS group had lower levels than relapsing-remitting and secondary

progressive MS groups (32). Interestingly, in a small study of 36 Alzheimer's disease patients, 

low HDL was associated with increased BBB breakdown as assessed by albumin quotient (33). 

This provides independent evidence, albeit from a different neurological disease, that HDL and 

lipid profiles can modulate BBB breakdown. However, Alzheimer's disease is prevalent in the 

elderly, and 47% of the study group in (33) had metabolic dyslipidemia and 22% were on 

statins. In contrast, our patient group was younger and none were on statins. Results in the 

induced experimental allergic encephalomyelitis (EAE) animal model also provide supporting 

evidence. In EAE-induced ApoA-I-deficient mice, there was increased T cell penetration into the 

CSF that led to an increase in demyelination (32). 

We used a diverse range of CSF-derived measures of altered BBB permeability and immune 

activity. For example, we used the albumin quotient (G.4,b), a calculated measure that 

normalizes CSF albumin levels to serum albumin. Because serum albumin is synthesized in the 

liver, any albumin present in CSF enters via CNS regions of increased BBB permeability. In 

contrast, immunoglobulins can be synthesized in the CSF by extravasating B cells in addition to 

entering the CSF from blood at regions where BBB integrity is compromised. CD80+ is a co

stimulatory molecule for T cell activation that is expressed on activated B cells and monocytes, 

whereas CD19+ is found on B cells; CCRS and CXCR3 are chemokine receptors that are 

expressed on T cells, particularly pro-inflammatory Thl cells. Studies have demonstrated that 

CD80+ cells and CD19+ cells are increased in peripheral blood mononuclear cells (PBMC) in MS 
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(34, 35). CXCR3 and CCR5 expressing T cells are found in MS lesions and are higher in PBMC of 

progressive MS patients (36). 

Interestingly, increased HDL-C and ApoA-I were associated with lower lgG quotient; no 

associations were found for lgG index, lgM quotient or lgM index. We attribute the differences 

between lgG and lgM to the approximately 5-fold higher molecular weight of lgM 

(approximately 970 kD vs. 150 kD for lgG) and lower prevalence of intrathecal synthesis of lgM 

in MS patients. 

Weinstock-Guttman et al. (13) found that higher HDL-C levels were associated with decreased 

CEL activity in a large group of MS patients whereas Giubilei et al. (8) found a similar association 

in clinically isolated syndrome patients. The protective associations of the serum HDL 

compartment with CSF measures of BBB integrity were confirmed via three different HDL 

biomarkers, viz., HDL-C, ApoA-I and PON1 arylesterase activity. ApoA-I is the characteristic 

protein of HDL-C that mediates its important interactions with other lipoproteins and cells. 

ApoA-I was associated with all of the same BBB permeability measures and CSF immune cell 

subset frequencies as HDL-C. In contrast to ApoA-I, ApoA-II has only secondary supporting roles 

in HDL functionality (37). ApoA-II is not as anti-atherogenic as ApoA-I and its associations with 

the risk of cardiovascular disease are considered weaker and more controversial than ApoA-I 

(38). These physiological and clinical findings related to ApoA-11 provide the context for 

understanding the lack of ApoA-II associations with CSF measures. Taken together, the 

concordance of our HDL-C and ApoA-I results provides support for potentially protective roles 

for the HDL compartment on the CSF measures of altered BBB permeability (e.g. albumin 

quotient) and immune activity (e.g., CD80+ and CD80+CD19+ cell frequencies in the CSF). The 
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TC associations with CSF measures are the result of key contributions from HDL. 

In additional analyses (data not shown), we found that QA!b was associated with clinical 

disability progression and with brain MRI measures of lesional injury and neurodegeneration. 

Higher baseline QAlb was associated with increased EDSS over the 4 years following the initial 

demyelinating event. These findings suggest that CSF measures may have prognostic 

importance in MS. 

Multiple groups have independently reported that high LDL-C and TC levels are associated with 

increased disability and T2 lesion burden (8, 10-13). ApoB, the characteristic protein of LDL-C, 

was associated with greater CSF CD80+CD19+ cell frequency suggesting a possible role for the 

LDL compartment in promoting extravasation, proliferation or survival of CD80+CD19+ cells in 

the CSF milieu. We surmise that while the HDL compartment is important for protecting against 

increased BBB permeability at the earliest stages of MS, the LDL-C and TC compartments are 

more important to the subsequent processes that promote T2 lesion burden. 

Our results indicate a protective role for HDL-C in the pathophysiological BBB injury that 

precedes the formation of MS lesions. The findings are consistent with the intriguing possibility 

that loss of BBB structural integrity is nucleated in membrane sub-domains actively involved in 

cholesterol homeostasis or at pathophysiologically dyslipidemic tissue regions. 
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SUPPLEMENTAL METHODS 

MRI ACQUISITION AND ANALYSIS 

Image Acquisition: MRI was performed on a 1.5 T magnet (Philips Gyroscan NT 15, Best, the 

Netherlands). Axial brain images were obtained using fluid attenuation inversion recovery 

(FLAIR) with 1.5-mm thickness (TR/TE/Tl 11000/140 /2600 ms, matrix size 256 x 181, flip angle 

90). Axial Tl-weighted three-dimensional spoiled-gradient recalled (SPGR) images were 

obtained with 1-mm slice thickness (TR/TE 25/5 ms, matrix size 256 x 204, flip angle 30). Both 

FLAIR and SPGR images were non-gapped. In addition, patients obtained post-contrast Tl spin 

echo (SE) 3-mm slice thickness scan 5 minute after contrast injection of a single dose of 0.1 

mmol/kg of Gd-DTPA) with TE/TR= 12/450 ms. 

Image Analysis: MRI scans were collected centrally at the Department of Radiology at Charles 

University (Prague, Czech Republic) and were transferred to the Buffalo Neuroimaging Analysis 

Center, Department of Neurology, State University of New York (Buffalo, New York, USA) for 

analyses. 

Lesion Measures: The T2- and contrast enhancing lesion (CEL) number and lesion volumes (LVs) 

were measured on FLAIR and on Tl post-contrast images, respectively, using a semi-automated 

edge detection contouring/thresholding technique previously described 1. 

Global and Tissue-Specific Atrophy Measures: For baseline analyses, the SIENAX cross

sectional software tool was used (version 2.6), with corrections for Tl-hypointensity 

misclassification using an in-house developed in-painting program. Normalized whole brain 
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volume (WBV), normalized gray matter volume (NGMV) and normalized white matter volume 

(NWMV) were measured as previously described 2. 
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2. Zivadinov R, Heininen-Brown M, Schirda CV, et al. Abnormal subcortical deep-gray 

matter susceptibility-weighted imaging filtered phase measurements in patients with 

multiple sclerosis: a case-control study. Neurolmage 2012;59:331-339. 
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SUPPLEMENTAL DATA 

Supplemental Table 1. Associations of CSF BBB breakdown variables with CEL number and T2-

LV. 

CEL number c T2-LV d 

CSF Variable 
x,2 p-value q-value a fp p-value q-value a 

CSF total protein 20.2 < 0.001 < 0.001 0.20 0.016 0.048 

CSF albumin 21.4 < 0.001 < 0.001 0.20 0.014 0.056b 

Albumin quotient 21.1 < 0.001 < 0.001 0.22 0.006 0.072b 

CSF lgG 15.6 < 0.001 < 0.001 0.19 0.017 0.041 

lgG quotient 7.21 0.007 0.008 0.20 0.012 0.072b 

lgG index 2.59 0.108 NS 0.077 0.35 NS 

CSF lgM 18.1 < 0.001 < 0.001 0.098 0.23 NS 

lgM quotient 32.4 < 0.001 < 0.001 0.13 0.13 NS 

lgM index 12.9 < 0.001 < 0.001 0.027 0.75 NS 

Total OCB 8.16 0.004 0.005 0.072 0.38 NS 

Alkaline OCB 8.68 0.003 0.005 0.074 0.37 NS 

CSF leukocytes 5.75 0.017 0.019 0.079 0.33 NS 

a NS: Not significant. 

b q-value is significant because a lower ranked p-value is significant. 

c For CEL number, the Wald x,2 and p-value from negative binomial regression are shown. 

d For T2-LV, the partial correlation (rp) and p-value from linear regression are shown. 
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ABSTRACT 

Purpose: To determine whether changes in cholesterol profiles after IFN-~la treatment 

initiation following the first demyelinating event suggestive of MS are associated with 

clinical and MRI outcomes over 4 years. 

Methods: 131 patients (age: 27.9 ± 7.8 years, 63% female) with serial 3-monthly clinical 

and 12-monthly MRI follow-up over 4 years were investigated. Serum cholesterol 

profiles including total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C) and 

low-density lipoprotein cholesterol (LDL-C) were obtained at baseline, 1 month, 3 

months, and every 6 months thereafter. 

Results: IFN-~la initiation caused rapid decreases in serum HDL-C, LDL-C and TC within 

one month of IFN-~la initiation (all p < 0.001) that returned slowly toward baseline. In 

predictive mixed model analyses, greater percent decreases in HDL-C after 3 months of 

IFN-~la treatment initiation were associated with less brain atrophy over the 4-year 

time course as assessed by percent brain volume change (PBVC) (p < 0.001), percent 

gray matter volume change (PGMVC) (p < 0.001) and percent lateral ventricle volume 

change (PLVVC) (p = 0.005). 

Conclusions: Decreases in cholesterol biomarkers following IFN-~la treatment are 

associated with brain atrophy outcomes over 4 years. Pharmacological interventions 

targeting lipid homeostasis may be clinically beneficial for disrupting neurodegenerative 

processes. 
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INTRODUCTION 

Interferon-~ (IFN-~) treatment is one of the most widely used disease-modifying 

treatments (DMTs) for multiple sclerosis (MS). The efficacy of recombinant human IFN-~ 

for relapsing MS has been established by multiple double-blind, placebo-controlled, 

multi-center trials (1-3). IFN-~ can delay the conversion to clinically definite MS in 

patients with a first demyelinating event (4-6), which supports early intervention with 

IFN-~. 

MRI atrophy measures of brain volume, and gray matter, white matter and lateral 

ventricle volumes provide quantitative measures of global and tissue specific brain 

volumes (7-9). Brain atrophy is useful for evaluating disease progression and therapeutic 

efficacy in MS, (7) because it is a predictor of physical disability, cognitive dysfunction 

and quality of life (10). However, there is a lack of effective serum biomarkers capable of 

predicting atrophy in MS patients. 

There is considerable inter-individual variability of IFN-~la effectiveness among MS 

patients. Phase Ill studies of IFN-~ indicate a 30-40% general clinical benefit, although 

the response varies significantly among MS patients. On MRI, approximately 40% of 

patients show complete suppression of new contrast-enhancing lesions (CEL), whereas 

20% of patients have less than 70% suppression (11). Thus, the problem of predictively 

identifying non-responders has gained greater clinical salience and urgency given the 

availability of alternative DMTs. 
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Anti-lFN~ neutralizing antibodies (NAB), which develop after 12-18 months of treatment 

in 2-25% of IFN~-la-treated patients and up to 38% of IFN~-lb-treated patients (12, 13), 

provide a clinically useful, biologically intuitive mechanistic explanation for partial 

responsiveness to IFN-~. The presence of persistently high levels of NAB abrogates IFN

induced signaling responses and is associated with decreases in clinical and MRI 

effectiveness of IFN-~ therapy. The majority of MS patients who are partially responsive 

to IFN-~ tend to be NAB-negative (2, 14, 15). 

IFN-~ has antiviral, anti-proliferative and immunomodulatory effects (16, 17). Diverse 

biomarkers ranging from single nucleotide polymorphisms, mRNA (e.g., MxA, Statl, 

TRAIL and others), proteins (e.g., oligoadenylate synthetase activity, Mx protein and ~2 

microglobulin), metabolites (e.g., neopterin) to immune cell populations, have been 

investigated as potential IFN-~ biomarkers (18-20). However, they were not useful 

predictors of MRI and clinical outcomes. 

We investigated cholesterol profiles as a potential biomarker for IFN-~ therapy in MS 

based on a report that Type 1 interferon treatment caused coordinated changes in the 

expression of genes involved in sterol synthesis (21). We found that each 10 mg/di of 

greater baseline LDL-C, TC and ApoB was associated with a 7.4%, 5.9%, and 16% 

increase in the number of new T2-lesions over 2 years of IFN-~ treatment, respectively 

(22, 23). Our findings on cholesterol and apolipoproteins in MS disease progression have 

since been independently confirmed (24-26). 
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The goals of this study were to investigate the effects of IFN-~ therapy on cholesterol 

profile changes for a 72-month period following IFN-~la initiation and to examine the 

associations, if any, of cholesterol changes with MRI measures over a 48-month period 

in IFN-~ treated MS patients. 
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METHODS 

Study Population 

The SET Study (27) was a prospective, longitudinal, observational clinical study that 

involved eight centers in the Czech Republic (din.gov # NCT01592474). The Ethics 

Committees of all participating centers approved the study protocol. All patients gave 

their written informed consent. 

Inclusion and Exclusion Criteria: This multi-center study enrolled patients within 4 

months after their first clinical event suggestive of MS. The inclusion criteria was: age 

18-55 years, Expanded Disability Status Scale (EDSS) score of 3.5 or less, presence of two 

or more T2-hyperintense lesions on diagnostic MRI, and two or more oligoclonal bands 

in CSF obtained at the screening visit prior to steroid treatment. Exclusion criteria were 

occurrence of a second relapse before the baseline visit and pregnancy. 

Study Design and Assessments 

Assessments and Treatment Algorithms: The study included clinical visits every 3 

months during 48 months of follow-up in routine clinical practice. The clinical outcomes 

of the study were new relapses associated with conversion to clinically definite multiple 

sclerosis (CDMS) and sustained disability progression, defined as an increase in EDSS by 

1.0 point (if baseline EDSS > O) or 1.5 point (if baseline EDSS = O), confirmed after 12 

months. 
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MRI was obtained using standardized protocols on a single 1.5 Tesla MRI scanner at 

baseline, at 6 months, and yearly thereafter until the 48-month time point. Information 

on the MRI acquisition and analysis protocols can be found in Supplemental data. 

All patients started with 30 mcg of intramuscular interferon beta-la (IFN~-la) once

weekly (AVONEX®, Biogen-Idec) at baseline. The mean time between clinical onset and 

baseline was 81.8 ± SD 22.8 days (median 78.0 days; range 33-122 days). All patients 

were treated with 3-5 g of methylprednisolone for the first clinical symptoms before 

study entry. None of the patients were on statins. 

Treatment Change Criteria: The SET study protocol defines once-weekly IFN~-la 

treatment failure as ~ 2 relapses during 12 months or a 6-month sustained disability 

progression. 

Treating physicians had full discretion to individualize treatment changes for once

weekly IFN~-la treatment failures. Protocol-recommended options for treatment 

failures included the following: subcutaneous IFN~-la 44 µg 3 times weekly, intravenous 

natalizumab 300 mg per month, or the addition of azathioprine 50 mg twice-daily to 

once-weekly IFN~-la. Patients who failed the initial treatment change were treated with 

subcutaneous glatiramer acetate 20 mg daily or mitoxantrone 10 mg. 

Serum Cholesterol Profiles 

For biochemical assessment, 5 ml of blood was obtained at screening, baseline, 1 

month, every 3 months for the first year and every 6 months thereafter. Serum for lipid 

analyses was obtained in the non-fasted state at the central site. Examination at 
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screening was performed before any steroid treatment, and baseline examinations were 

at least 30 days after. Diagnostic reagent kits (Cholesterol Liquicolor and HDL Liquicolor, 

Human Gesellschaft fur Biochemica und Diagnostica mbH, Germany) were used to 

measure serum TC, HDL-C and triglycerides. The intra-assay coefficient of variation (CV) 

for TC and HDL-C serum levels was 0.85%, and the inter-assay CV was 1.46-1.86%. LDL-C 

was obtained from the Friedewalde equation (28). 

Statistical Analysis 

SPSS 22.0 (IBM, Armonk, NY, USA) statistical software was used for statistical analyses. 

Percent changes in TC (~TC%), HDL-C (~HDL-C%) and LDL-C (~LDL-C%) were computed 

at each time-point using baseline TC, HDL-C, LDL-C values as the reference. A zero value 

for percent change represents no change compared to baseline, a positive value 

represents an increase in levels and a negative value represents a decrease in levels 

compared to baseline. 

The statistical significance of ~TC%, ~HDL-C% and ~LDL-C% values at 1 month, 3 months 

and 6 months was assessed using a one-sample t-test. 

The time-courses of clinical and MRI outcome measure dependent variables (PBVC, 

PGMVC, PLVVC, new/enlarging T2 and CEL, EDSS and cumulative relapses) were 

analyzed with longitudinal adjusted linear mixed-effect model analysis with a random 

intercept for time and each patient. In the longitudinal analyses, the fixed effects 

included age, gender, BMI and baseline values of the clinical or MRI outcome measure 
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and the time course of the individual cholesterol variable (either ~HDL-C%, ~LDL-C% or 

~TC%) of interest. 

The same linear mixed-effect model method was used for the predictive analysis. The 

fixed effects included age, gender, BMI, baseline values of the clinical or MRI outcome 

measure and individual cholesterol variable of interest (~HDL-C%, ~LDL-C% or ~TC%) at 

a single early time point (either 1, 3 or 6 months). 

The Mann-Whitney test was used to assess differences in cumulative relapses, EDSS 

change, PBVC and ~HDL-C% at 3 months between patients who remained on once

weekly intramuscular IFN~-la or switched to no treatment vs. patients who switched to 

subcutaneous IFN-~, glatiramer acetate, natalizumab or other treatments. 

A Benjamini-Hochberg correction with p < 0.05 was used to control the false discovery 

rate (q-value) due to multiple testing for predictive associations. 
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RESULTS 

Baseline and Follow-up Clinical Characteristics 

Of the 220 patients enrolled in the SET study, 131 (age: 27.9 ± 7.8 years, 63% female) 

had lipid, clinical and MRI follow-up data at 4 years. A subset of patients also had lipid 

measures available over 6 years that were included in the analysis of the time course of 

lipid profile changes. Aside from a modest difference in baseline EDSS (p=0.018, Mann

Whitney test) between the included patients (median EDSS±IQR=l.5±0.5) and the 

excluded patients (median EDSS±IQR=l.5±1.0), the subset of patients was 

representative of the larger SET study cohort on demographic, clinical and MRI 

characteristics. Supplemental Table 1 summarizes the number of lipid profiles available 

at each time-point. 

Table 1 summarizes patient demographic, clinical, laboratory and MRI characteristics at 

baseline, 24 months and 48 months. At 4 years, 13% of patients reached 12-month 

sustained disability progression. 

Time Course of Cholesterol Profile Changes 

TC, HDL-C and LDL-C levels declined from baseline at 1 month following IFN-Bla 

treatment and gradually returned to baseline over 72-months (Figure 1). The 

corresponding percent changes, ~TC%, ~HDL-C%, ~LDL-C%, followed the same pattern. 

At 1 month following IFN~-la initiation, the average ~TC% was an 8.7% decrease, the 

average ~HDL-C% was a 6.1% decrease, and the average ~LDL-C% was a 13.4% 
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Table 1. Demographic, clinical, laboratory and MRI characteristics. 

Demographic measures Baseline 

Number of fem alest 86 (63%) 

Age, years at baseline 27.9 ± 7.8 

Time to baseline in days 81.9 ± 22.7 

Body mass index, kg/m2 24.2±3.8 

Clinical measures 

Median EDSS (Range) 1.5 (0.0-3.5) 

Cumulative number of relapses 

Number of patients with CDMS 0(0%) 

Laboratory measures 

Total cholesterol, mmo/1 4.8 ± 0.9 

LDL-C, mmo/1 2.8 ± 0.8 

HDL-C, mmo/1 1.4 ± 0.4 

MRI measures 

T2-lesion volume, ml 4.8 ± 5.6 

Number of patients with CEL 31 (23%) 

Normalized brain volume (NBV), ml 1505 ± 70 

Gray matter volume (GMV), ml 793 ± 46 

Lateral ventricle volume (LVV), ml 36.5 ± 11 

Treatment Changes 

Remaining on once-weekly IFN-l3la 

Changed to no treatment 

Changed to subcutaneous IFN-13 

Changed to glatiramer acetate 

Changed to natalizumab and other treatments 

Data are mean ± SD unless indicated. t Data in parentheses 

parentheses are ranges. 

24 Months 48 Months 

1.5 (0.0-4.0) 1.5 (0.0-4.5) 

0.9 ± 1.4 1.1 ± 1.7 

54 (40%) 59 (45%) 

4.5 ± 0.9 4.7 ± 0.9 

2.4 ± 0.7 2.6 ± 0.7 

1.4 ± 0.4 1.4 ± 0.4 

4.8 ± 7.5 4.9 ± 7.4 

25 (18.7%) 9 (7%) 

1485 ± 70 1477 ± 72 

777 ± 48 776 ± 45 

40.2 ± 12 41.9 ± 13 

110 95 

2 3 

17 22 

0 2 

3 8 

are percentages. :j: Data in 

* Treatment change data not available for 1 patient at 2 years and 1 patient at 4 years. 
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decrease. ~TC%, ~HDL-C%, ~LDL-C% at the 1, 3, and 6-month time-points following 

IFN~-la initiation were negative relative to baseline (all p < 0.001). The decreases in 

~TC% were sustained through 4 years (all p < 0.007) with a return to baseline occurring 

at month 54. ~HDL-C% decreases remained significant compared to baseline through 

the first year (all p < 0.002), but returned to baseline levels at 18 months. The decreases 

in ~LDL-C% were sustained over the observation period (all p < 0.05), with a return to 

baseline at the end of the 6-year period. 
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Figure 1. The time course of total cholesterol (TC) levels and percent change in TC over 72 

months are shown in Figures lA and 1B, respectively. The time courses for HDL-C and percent 

change in HDL-C are shown in Figure lC and 1D, respectively. Figures lE and 1F show the 

percent change in LDL-C. The units for TC, LDL-C and LDL-C are in mM. The gray labels in Figure 

lA, lC and lE show the corresponding levels in mg/di. 
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There was substantial inter-patient variability in the lipid changes over time. 

Supplemental Figure 1 shows histograms of tiTC%, tiHDL-C%, and tiLDL-C% at 1 month, 3 

months and 6 months of IFN~-la treatment. The peaks of percent change were negative 

indicating that the majority of patients exhibit decreases in tiTC%, tiHDL-C% and tiLDL

C% at 1, 3 and 6 months. 

The time courses for the mean values of tiTC%, tiHDL-C% and tiLDL-C% by the quartiles 

of tiHDL-C% at 3 months are summarized in Supplemental Figure 2. The lowest quartile 

of tiHDL-C% at 3 months was associated with sustained decreases in mean tiHDL-C% and 

tiTC% over the 4-year period. The patterns of tiLDL-C% were not sufficiently segregated 

by quartiles of tiHDL-C%. 

Longitudinal Associations of Cholesterol Profile with MRI and Clinical Measures 

We investigated the associations of cholesterol profiles at baseline and longitudinal 

tiTC%, tiHDL-C%, tiLDL-C% changes occurring after IFN-~la treatment with the 

longitudinal clinical and MRI measures. The results are summarized in Table 2. 

Baseline Cholesterol Profiles: Baseline LDL-C (p =0.025) and TC (p =0.001) levels were 

associated with a greater occurrence of new T2-lesions and a greater number of 

new/enlarging T2-lesions (p =0.003 for TC and p =0.015 for LDL-C). Increases in baseline 

TC were associated with a greater cumulative number of relapses (p = 0.039). We did 

not obtain evidence for associations for changes in brain volumes with baseline TC, LDL

C and HDL-C (data not shown). 
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Table 2: Associations of longitudinal percent changes in cholesterol variables with MRI and 

clinical outcomes. Slope (p-values) from mixed effect models are summarized. 

Longitudinal % Changes in Cholesterol Variables§ 

Clinical/MRI Variable* tiTC% ~LDL-C% ~HDL-C% 

IPBVC -1.09 (< 0.001) 0.0113 (0.95) -0.835 (0.001) I 
PGMVC 0.0137 (0.98) 1.21 (< 0.001) -1.34 (0.002) 

IPLVVC 1.30 (0.51) -4.48 (0.001) 6.10 (0.001) I 
New T2 lesions 2.90 (0.027) 0.838 (0.35) 3.29 (0.009) 

INew/enlarging T2 lesions 3.69 (0.038) 1.18 (0.33) 4.47 (0.009) I 
CEL 5.16 (< 0.001) 3.51 (< 0.001) 2.39 (0.023) 

IEDSS 0.145 (0.36) 0.105 (0.33) 0.0054 (0.97) I 
Cumulative Relapses 0.289 (0.059) 0.0458 (0.674) 0.252 (0.089) 

CEL: Contrast-enhancing lesion number; PBVC: Percent brain volume change; PGMVC: Percent 

gray matter volume change; PLVVC: Percent lateral ventricle volume change 

* In MS decreases in normalized brain volume, decreases in gray matter volume, increases in 

lateral ventricle volume, increases in the number of T2 lesions, increases in contrast enhancing 

lesions (CEL), increases in EDSS and increases in cumulative relapses are adverse MRI/clinical 

outcomes. 

§ Percent changes in lipid variables (tiTC%, MDL-C%, tiHDL-C%) are positive when the lipid level 

is increased relative to baseline, zero when the lipid variable is unchanged relative to baseline, 

and negative when the lipid variable is decreased relative to baseline. 

Longitudinal Percent Decreases: Greater longitudinal decreases in ~TC% and ~HDL-C% 

were associated with a fewer number of new lesions (p =0.027 for ~TC%, p =0.009 for 

~HDL-C%) and new/enlarging T2-lesions (p =0.038 for ~TC%, p =0.009 for ~HDL-C%). 
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Greater longitudinal decreases in tiTC% (p < 0.001) and tiHDL-C% (p = 0.001) were 

associated with smaller decreases in PBVC. Greater longitudinal decreases in tiHDL-C% 

(p = 0.002) were associated with smaller decreases in PGMVC. In contrast, greater 

longitudinal decreases in tiLDL-C% were associated with greater decreases in PGMVC (p 

< 0.001). Longitudinal decreases in tiTC% were not associated with PGMVC. Thus the 

changes in tiLDL-C% and tiHDL-C% following IFN-~la treatment have opposing effects 

on PGMVC that offset each other. Likewise, greater decreases in tiHDL-C% were 

associated with smaller increases in PLVVC (p = 0.001). 

These results suggest that greater decreases in tiHDL-C% are associated with less brain 

atrophy. 

Predictive Associations of Cholesterol Profile Changes with Clinical and MRI Measures 

We assessed whether the associations of tiHDL-C% changes at a single early time-point 

(at 3 months) following IFN-~la treatment initiation could be deployed predictively as a 

possible biomarker for longitudinal clinical and MRI measures. 

For completeness, similar analyses were done with tiHDL-C% changes at 1 and 6 months 

and for tiLDL-C% and tiTC% changes at 1, 3 and 6 months. The tiHDL-C% at 1 and 3 

months exhibited associations with a greater number of clinical measures than tiLDL-C% 

and tiTC% changes at 1, 3 and 6 months. In the interests of brevity, we report only our 

tiHDL-C% results at 1 and 3 months in detail. 
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Lesion Measures: Table 3 summarizes the associations of MRI measures (number of new 

lesions, number of new/enlarging T2-lesions, and CEL number) with ~HDL-C% after 1 

month and 3 months. 

Following correction for multiple testing, there were no significant associations of the 

~HDL-C% with these lesional measures. 

Table 3. Predictive associations between HDL cholesterol % changes at 1 month and 3 months 

and clinical and brain imaging outcome measures. 

~HDL% 1 months§ ~HDL% 3 months§ I 
Clinical/MRI Variable* Slope p q Slope p q 

7IPBVC -2.55 1.2x 10-8 1.2x 10- -1.90 4.9 X lff8 4.9 X 10-7 j 
PGMVC -1.67 0.004 0.02 -1.70 1.4 X 10-4 4.7 X 10-4 

IPLVVC 3.39 0.16 0.23 5.5 0.005 0.013 j 
New T2 lesions -3.13 0.16 0.27 -0.644 0.71 0.71 

INew/enlarging T2 lesions -6.39 0.035 0.07 -1.45 0.54 0.68 j 
CEL 1.12 0.47 0.52 0.687 0.56 0.62 

IEDSS -0.01 0.96 0.96 0.324 0.054 0.077 l 
Cumulative relapses 0.187 0.42 0.52 0.391 0.024 0.04 

CEL: Contrast-enhancing lesion number; PBVC: Percent brain volume change; PGMVC: Percent 

gray matter volume change; PLVVC: Percent lateral ventricle volume change. Slope, p-value and 
q-value (false discovery rate) are provided. 

* In MS decreases in normalized brain volume, decreases in gray matter volume, increases in 
lateral ventricle volume, increases in the number of T2 lesions, increases in CEL, increases in 
EDSS and increases in cumulative relapses are adverse MRI/clinical outcomes. 

§ ~HDL-C% at 1 month and ~HDL-C% at 3 months are positive when HDL levels are increased 
relative to baseline, zero when HDL is unchanged relative to baseline, and negative when HDL is 

decreased relative to baseline. 
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Atrophy Measures: In adjusted mixed model analyses (Table 3), a significant association 

was observed between ~HDL-C% after 1 month with PBVC (p < 0.001) and PGMVC (p = 

0.004). Table 3 also shows the slopes which provide a measure of the strength of the 

associations with ~HDL-C% at 1 month with all other variables held constant. A 1% 

decrease in HDL-C at 1 month was associated with a 2.55% improvement in brain 

volume and a 1.67% improvement in gray matter volume. 

~HDL-C% at 3 months was associated with PBVC (p < 0.001), PGMVC (p < 0.001) and 

PLVVC (p = 0.005). The slopes in Table 3 indicate that a 1% decrease in HDL-C at 3 

months is associated with a 1.9% improvement in brain volume, a 1.7% improvement in 

gray matter volume, and a 5.5% improvement in lateral ventricle volume. 

These results are graphically summarized by quartiles of ~HDL-C% at 3 months in Figure 

2A-C. The lowest quartile represents the patients with the greatest decrease in ~HDL

C% at 3 months, whereas the highest quartile represents the patients with the smallest 

decreases in ~HDL-C% at 3 months. The lowest quartile sub-group shows better atrophy 

outcomes compared to the highest quartile sub-group. 

For completeness, we also investigated the associations of ~LDL-C% and ~TC% at 1, 3 

and 6 months with the same atrophy measures. PBVC, PGMVC and PLVVC were not 

associated with ~LDL-C% at 1, 3 or 6 months. PBVC was significantly associated with 

~TC% at 1 month (p =0.001), ~TC% at 3 months (p < 0.001) and ~TC% at 6 months (p = 

0.002). We attribute the associations of ~TC% to the contributions of ~HDL-C%. 
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Figure 2. Mean values of changes in clinical outcome measures at 2 years (light gray bars) and 4 

years (dark bars) by quartiles of ~HDL-C% at 3 months. Figure 2A-D shows the mean percent 

brain volume change (PBVC), percent gray matter volume change (PGMVC), percent lateral 

ventricle volume change (PLVVC) and relapses since onset, respectively. The bars represent the 

standard error values. 

Effects of T2 Lesions on Predictive Associations: In additional mixed effect analyses, we 

included baseline T2 lesion volume as an additional predictor to determine whether the 

associations of fiHDL-C% at 3 months with atrophy measures remained significant. The 

associations of fiHDL-C% at 3 months with PBVC, PGMVC and PLVVC remained 

significant (all p::;; 0.003, data not shown) in these analyses. 
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We also performed similar analyses that included the number of new T2 lesions as an 

additional predictor. Again, the associations of ~HDL-C% at 3 months with PBVC, PGMVC 

and PLVVC remained significant (all p::; 0.001). 

The statistical significance of these associations indicates that ~HDL-C% at 3 months 

explains variance in brain atrophy that is not explained by T2 lesions. Thus, the 

predictive associations of ~HDL-C% at 3 months with brain atrophy may be clinically 

useful, because they complement MRI measures of lesion burden and activity. 

Disability and Relapses: Greater decreases in ~HDL-C% at 3 months were associated 

with less cumulative number of relapses (p = 0.024). ~HDL-C% at 1 month was not 

associated with cumulative number of relapses (Table 3). Figure 2F compares the mean 

cumulative number of relapses for the quartiles of ~HDL-C% at 3 months. The patients 

in the highest quartile of ~HDL-C% at 3 months had a larger number of cumulative 

relapses compared to the lowest quartile. The ~HDL-C% after 1 and 3 months were not 

associated with EDSS. 

These findings are consistent with the hypothesis that the magnitude of decreases in 

~HDL-C% 3 months after IFN-~la initiation may be a biomarker for individuals at risk for 

increased whole brain atrophy and relapses. 

Cholesterol Profiles in Patients Receiving Treatment Changes 

Group 1 comprised the patients who remained on once-weekly IFN~-la and those who 

switched to no treatment. Group 2 consisted of patients whose treatment was changed 

to other treatments (subcutaneous IFN~, glatiramer acetate, natalizumab and other 
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therapies). The numbers of patients requiring treatment change at 2, 3 and 4 years is 

summarized in Figure 3D. 
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Figure 3. Mean values of cumulative relapses (Figure 3A), EDSS change (Figure 3B) and percent 

brain volume change (Figure 3C) at 2 years and at 4 years, and mean ~HDL-C% at 3 months 

(Figure 3D) at 2, 3 and 4 years for each treatment change group. The patients who switched to 

no treatment are shown with white bars, patients remaining on once-weekly IFN~-la are shown 

with green bars, patients who switched to subcutaneous IFN~ are in gray bars, patients who 

switched to glatiramer acetate are in yellow bars and patients who switched to natalizumab and 

other treatments are in red bars. The number shown against each bar in Figure 3D is the 

number of patients in that each treatment change group. The error bars are standard errors. 

Figures 3A-C show the cumulative number of relapses, the EDSS change from baseline, 

and the PBVC for the treatment change groups at 2 and 4 years. At 2 years, Group 1 had 

lower values for mean number of relapses (p < 0.001), EDSS change (p = 0.002) and a 

smaller decrease in PBVC (p < 0.001) compared to Group 2. At 4 years, Group 1 had a 
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lower mean number of relapses and a smaller decrease in PBVC (both p < 0.001). The 

results in Figure 3A-B are not surprising since patients were changed to other therapies 

based on occurrence of relapses or EDSS changes. The PBVC findings in Figure 3C mirror 

the clinical findings. 

Figure 3D shows the ~HDL-C% at 3 months for the treatment change sub-groups at 2, 3 

and 4 years. At 2-years, Group 1 had greater mean decreases in ~HDL-C% at 3 months 

compared to Group 2 (p = 0.028). 

We conducted sub-analyses including only data points at which patients were on once

weekly IFN~-la. The associations of ~HDL-C% at 3 months with PBVC, PGMVC and 

PLVVC remained significant (all p::; 0.004, data not shown) 
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DISCUSSION 

In this report, we investigated the effects of long-term IFN-~la treatment on cholesterol 

profiles following the first demyelinating event in patients enrolled in the SET study (23, 

29-31). IFN-~ treatment was associated with an initial decrease of serum cholesterol 

biomarkers followed by a gradual return to baseline. HDL-C returned to baseline within 

18 months, TC returned to baseline within 54 months, but LDL-C did not return to 

baseline until the end of the 6-year observation period. Greater longitudinal decreases 

in ~HDL-C% were associated with smaller decreases in PBVC and PGMVC, and greater 

increases in PLVVC. Changes in ~LDL-C% and ~HDL-C% following IFN-~la treatment have 

opposing effects on PGMVC that offset each other. ~HDL-C% at 3 months was 

associated with the time course of atrophy outcomes over 4 years. 

The strengths of the study include the prospective, longitudinal study design and the 

availability of cholesterol biomarkers and clinical and MRI data over a 4-year period. This 

enabled us to investigate the role of cholesterol biomarkers at the early stages of MS, in 

a relatively young patient cohort that was not on statin treatments. The limitations 

include the lack of a suitable control population that was not on IFN-~la treatment. We 

also did not have data on dietary and lifestyle changes in the patient population. 

The mechanisms responsible for the associations between brain volume changes and 

early decreases in HDL-C levels following IFN initiation are unknown. A plausible 

explanation is that decreases in HDL-C are particularly effective as a clinically integrative 

measure of the same pathways that mediate IFN-~ treatment effects on brain volume 
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changes. Previously investigated biomarkers, e.g., MxA, reflect single pathways, 

whereas serum cholesterol levels are largely dependent on multiple biochemical 

homeostatic pathways. Cholesterol is also required for important brain functions 

including myelin formation, immune functioning, neuronal signaling and vascular 

function; therefore, changes may reflect not only treatment effects, but also 

pathophysiological effects. Interestingly, the MS-STAT study of the cholesterol-lowering 

drug, simvastatin, reported reduction of brain atrophy in secondary progressive MS (32). 

This may suggest that reductions in cholesterol may affect accumulation of atrophy in 

MS. 

Vascular comorbidities were reported to be associated with more rapid disability 

progression in an MS patient reported registry (33). However, the mean age of this 

study was 52.7 ± 10.4 years compared to our cohort, which had an average age of 27.9 ± 

7.8 years. The venous insufficiency hypothesis for MS has been discredited (34). Thus, 

our operating hypothesis is that IFN treatment effects on serum cholesterol profiles, 

rather than vascular factors, are likely responsible for the observed associations with 

brain atrophy. 

Our results confirm and extend the findings reported by Morra et al. who reported that 

the percent decrease in TC at 2 months after interferon initiation was 8.2% and at 12 

months following interferon initiation was 7% (35). We observed an 8.7% decrease in TC 

at 1 month, a 7.8% decrease at 6 months and a 6% decrease at 12 months after 

interferon initiation. Morra et al. (35) did not fully assess whether the decreases in TC 
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following IFN-~ treatment were sustained over the long-term and did not include 

longitudinal outcome measures. 

The IFN-~la effects on cholesterol homeostasis that we report are likely shared by other 

Type 1 interferons. Once-daily, intramuscular recombinant and leukocyte-derived 

interferon-a induced an approximately 25% decrease in cholesterol and a 16% decrease 

in HDL-C within a few days of initiating treatment in metastatic breast carcinoma and 

nodular lymphoma patients (36). Similar results were reported in patients treated with 

interferon-a-2a for hepatitis (37). We anticipate that PEGylated-lFN (PEGinterferon-~la, 

PLEGRIDY), which has been approved for MS, will also exhibit effects on cholesterol 

profiles. 

The reason for the return of cholesterol levels to baseline remains unclear. The initial 

decrease may be attributed to the multiple mechanisms by which IFN-~ acts on the 

cholesterol pathway. These include down-regulation of the sterol pathway through 

decreases in SREBP2 (21), the primary transcription factor in sterol synthesis, as well as 

induction of 25-hydroxylase (38), which promotes the metabolism of cholesterol to 25-

hydroxycholesterol. The return of cholesterol levels to baseline occurs more slowly 

compared to the IFN-~la-induced decreases and may reflect compensatory 

mechanisms. It is also possible that patients are more susceptible to dyslipidemia as 

they age or that responses to IFN-~la may be attenuated over time. 

IFN-~ remains an important first-line MS therapy alongside glatiramer acetate. The 

identification of HDL-C decreases as a potential biomarker of long-term atrophy 
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following IFN-~ treatment could find clinical utility if validated in larger, well-controlled 

studies, because the underlying methodology is familiar and inexpensive. Our results 

could thus be a first step toward individualizing MS therapy by identifying IFN-~ non

responders who could be switched to other therapies. 
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SUPPLEMENTAL METHODS 

MRI Acquisition and Analysis 

MRI was obtained at baseline, at 6 months, and yearly thereafter until the 48-month 

time point. A standardized protocol was performed using a single 1.ST scanner 

(Gyroscan; Philips Medical Systems, Best, the Netherlands) in the Department of 

Radiology at General University Hospital in Prague. Axial brain acquisitions included 

fluid-attenuated inversion recovery (FLAIR), three-dimensional (3D) Tl-weighted images 

(WI) and Tl-WI spin echo (acquired before and 5 minutes after a single injection of 0.1 

mmol/kg of gadopentetate dimeglumine.) The details of the MR imaging sequences are 

provided elsewhere 31 
. Scans were analyzed by the Buffalo Neuroimaging Analysis 

26Center (Buffalo, NY) as previously described 25
• 

Lesion Measures: T2-lesion volume, and CEL volume and number were measured as 

previously described 32 
. Number of new/enlarging T2-lesions was identified using 

subtraction image methodology 32 
. 

Global and Tissue-Specific Atrophy Measures: Normalized baseline measures for the 

whole brain volume (WBV), gray matter volume (GMV), lateral ventricle volume (LVV), 

30 33and white matter volume (WMV) were obtained as previously described • . The 

percentage of brain volume change (PBVC) was calculated using the SIENA method 30
• . 

Longitudinal percent GM volume change (PGMVC), percent WM volume change 

(PWMVC) and percent lateral ventricle volume change (PLVVC) were determined using 

SIENAX multi-time point, as previously described 30 
. 

121 

34 



SUPPLEMENTAL DATA 

Supplemental Table 1. Number of subjects with cholesterol measures available at each 

time point. 

Timepoint in Sample Size with lipid Sample size with lipid Months from baseline* 
months data percent change 

Screening 149 -1.7 ± 0.5 

0 136 136 0.0 ± 0.0 

1 134 129 0.94 ± 0.1 

3 130 128 2.7 ± 0.3 

6 136 131 5.9 ± 0.3 

9 133 128 8.8 ± 0.3 

12 134 127 12.0 ± 0.3 

18 129 122 17.7 ± 0.6 

24 133 121 24.0 ± 0.6 

30 118 110 29.8 ± 0.7 

36 141 122 36.1 ± 0.4 

42 115 107 42.1 ± 0.7 

48 131 110 48.2 ± 0.5 

54 94 85 54.2 ± 0.9 

60 104 90 60.1 ± 1.0 

66 72 63 66.1 ± 1.2 

72 66 56 72.1 ± 1.0 

Legend: * All data are reported as mean± standard deviation. 
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SUPPLEMENTAL FIGURE 1 
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Supplemental Figure 1. Histograms of percent changes in TC (Figure 51A, 51B, 51C), HDL-C 

(Figure 51D, 51E, 51F) and LDL-C (Figures 51G, 51H and 511) after 1 month (Figures 51A, 51D and 

51G), 3 months (Figures 51B, 51E and 51H) and 6 months (Figures 51C, 51F and 511) of once

weekly intramuscular interferon beta-la treatment. 
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SUPPLEMENTAL FIGURE 2 
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Supplemental Figure 2. Time courses for the mean values of ~HDL-C% (Figure 52A), ~TC% (Figure 

52B), and ~LDL-C% (Figure S2C) by quartiles of ~HDL-C% at 3 months. The lowest quartile (~HDL-C% :5 

-13%) is shown with a solid black line and black circles, the 2nd quartile (-13% < ~HDL-C% :5 -6%) is 

shown with a black line and empty circles, the 3rd quartile (-6% < ~HDL-C% :5 3%) is shown with a gray 

line and gray circles, the highest quartile (~HDL-C% > 3%) is shown with a dashed line and empty 

squares. The bars are standard error values and the dashed gray line is the line of zero percent 

change. 
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ABSTRACT 

Objectives: To investigate the associations of serum cholesterol profiles with immune cells in 

peripheral blood of interferon-beta treated multiple sclerosis (MS) patients following the first 

demyelinating event suggestive of MS. 

Methods: This study investigated time courses of lipid profiles and peripheral immune cell 

counts in 154 MS patients treated with intramuscular interferon-~la following the first 

demyelinating event over 48 months. The counts of T cells, B cells and natural killer cells in 

peripheral blood were obtained using flow cytometry. Regression methods were used to 

investigate the associations of cell counts with the time following IFN-~la treatment initiation, 

with the lipid profile variables (high density lipoprotein cholesterol (HDL-C), low density 

lipoprotein cholesterol (LDL-C) and total cholesterol (TC)), and with lesional MRI measures. 

Results: Circulating white blood cell counts of leukocytes, neutrophils, lymphocytes, and 

basophils, changed with time from IFN-~la treatment initiation (all p::; 0.01). Circulating CD3+, 

CD4+, CD8+, CD19+, CD3-CD16+CD56+, CD3+CD16+CD56+, CD3+HLADR+, CD45+RA+, 

CD4+CD45+RA+ and CDS+CD19+ (all p < 0.02) cell counts showed time-dependent decreases 

following IFN-~la treatment. 

The CDS+, CD8+, CD3-CD16+CD56+, CD3+CD16+CD56+, CD3+HLADR+, CD45RA+, and 

CD4+CD45RA+ counts (all p < 0.05) were positively associated with changes in HDL-C, and 

CDS+CD19+ (p = 0.045) was negatively associated with changes in HDL-C. Increasing levels of 

LDL-C were associated with increases in leukocytes, thrombocytes, neutrophils, lymphocytes, 

basophils, CDS+ counts and CD3-CD16+CD56+ counts (all p < 0.05) and increases in CDS+CD19+ 
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counts (p = 0.043). Increases in TC were associated with increases in leukocytes, thrombocytes 

and neutrophils (all p ::; 0.01), as well as increases in CD3+, CD4+, CDS+, CD8+, CD19+, CD3-

CD16+CD56+, CD3+HLADR+ and CD45RA+, (all p::; 0.009). 

Increasing levels of T cell counts, particularly CD3+, CD4+ and CDS+ and decreasing levels of 

CD3-CD16+CD56+ natural killer cells associated with fewer new T2 lesions and new/enlarging 

T2 lesions (all p < 0.05) following adjustment for TC levels. Interactions between total 

cholesterol and CD3-CD16+CD56+ natural killer cells were positively associated with T2 lesions. 

Conclusions: Long-term IFN-~la treatment causes selective changes in white blood cells, T cells, 

B cells and natural killer cells over time. Decreases in CD3-CD16+CD56+ natural killer cells and 

increases in CD3+, CD4+ and CDS+ T cells are associated with fewer T2 lesions. Increases in the 

interaction between CD3-CD16+CD56+ natural killer cells and TC are associated with greater T2 

lesions. 

131 



INTRODUCTION 

Multiple sclerosis (MS) is an immune-mediated disease of the central nervous system (CNS) 

characterized by demyelination, inflammation, lesion formation and neurodegeneration. MS is 

thought of as a predominantly T-cell driven disease, in which inflammatory T-cells cross a 

damaged blood-brain barrier (BBB) and react with myelin and induce inflammatory and 

neurodegenerative processes1,2 
• However, an emerging body of evidence also suggests a role 

5for B-cells in the pathogenesis of MS 3
- _ 

Many targeted MS therapies significantly alter the survival and trafficking of immune cells. For 

example, the pharmacological effects of fingolimod result in sequestration of lymphocytes in 

the lymph nodes. Natalizumab, a monoclonal antibody, which binds to the a4 integrin sub-unit 

present in very late antigen-4 on leukocytes, inhibits the adhesion interactions of leukocytes 

with the vascular cell adhesion molecule present on the activated vascular endothelium of the 

blood-brain barrier. Rituximab and ocrelizumab, both of which are monoclonal antibodies that 

target the CD20 present on most B cells (except terminally differentiated plasma B cells), causes 

B cell death. Alemtuzumab targets CD52 and depletes T, Band NK cell populations. Monocytes, 

NK and B cell repopulate the immune system more rapidly than T cells after treatment 6
. 

Dimethyl fumarate treatment causes lymphopenia that reduces CD3 T cell counts with 

preferential depletion of CD8 cells 7 
. Interferon-beta, which has anti-proliferative activities, also 

causes short and long-term changes to diverse cell populations particularly activated NK cells 8
' 

9 
. However, the relationship of these changes to clinical efficacy is not well understood. 
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In our previous work, we have shown that higher levels of low-density lipoprotein cholesterol 

(LDL-C) and its cognate apolipoprotein, apolipoprotein B, are associated with a greater number 

of T2-lesions in clinically isolated syndrome (CIS) patients 10
. We have also shown that higher 

levels of high-density lipoprotein cholesterol (HDL-C) are associated with less BBB breakdown 

and less immune cell extravastation into the CNS 11
. This evidence suggests that baseline HDL-C 

may play a protective role in BBB breakdown and the entry of immune cells, whereas baseline 

LDL-C may play a role in the inflammatory lesion-related processes subsequent to BBB 

breakdown in MS patients. Additionally, we have shown that early changes in the lipid profiles 

of CIS patients following interferon beta treatment initiation are predictive of 

neurodegeneration over a 4-year study period12 
. The relationship between lipids and immune 

cells is not well understood in MS; however, there is extensive evidence that suggests 

alterations in lipid metabolism affect immune cell differentiation and function, as well as 

inflammasome activation, in various metabolic, inflammatory and autoimmune disorders n-is_ 

The goals of this study are to: i) investigate the changes in cell counts over a 4-year period, ii) 

assess the associations between cell counts and lipid profiles variables, and iii) investigate the 

associations of these cell counts with MRI measures in clinically isolated syndrome (CIS) 

patients. 
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METHODS 

Study Population 

Study Setting: Multi-center, prospective, longitudinal observational study. 

Informed Consent: Written informed consent was provided by all patients at enrollment. The 

Medical Ethics Committees of the General University Hospital and 1st Faculty of Medicine of 

Charles University, Prague, Czech Republic, as well as local medical ethics committees of all 

participating centers, approved the study protocol and informed consent. 

Clinical Study Design: The Observational ~tudy of iarly Interferon beta 1-a Ireatment in High 

Risk Subjects after Clinically Isolated Syndrome (CIS) (SET study, din.gov# NCT01592474) and 

18its design have been previously described 16 
- . The study was coordinated by Charles University 

in Prague, Czech Republic. Of the 259 patients screened, 220 patients from 8 Czech Republic MS 

centers were enrolled. 

Inclusion Criteria: Patients with the following characteristics: 18-55 years of age, enrolled 

within 4 months from the clinical event, presence of;;:: 2 T2-hyperintense lesions on diagnostic 

MRI, and presence of;;:: 2 OCB in CSF obtained prior to corticosteroid treatment and Expanded 

Disability Status Scale (EDSS)::; 3.5. 

This sub-study included 136 patients for whom both flow cytometric measures of peripheral 

immune cell counts and lipid profiles were available. 

Treatments: All patients were treated with 3-5 g of methylprednisolone for the first symptom. 

The baseline MRI was performed;;:: 30 days after steroid administration. 
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All patients were started on 30 µg, once weekly, intramuscular interferon-beta la (IFN-~la, 

AVON EX®) treatment at baseline. 

Cell Analyses 

Complete blood count and differential: CBC and differential were obtained from the Charles 

University hospital clinical laboratory. 

Cell flow cytometry: Whole peripheral blood samples were labelled for 20 minutes at room 

temperature with one of the following monoclonal antibodies: CD3 FITC, CDS FITC, CD4 PE-Cy7, 

CD8 APC Cy7, CD19 PE, CD45RA FITC, HLA-DR PE Cy7, CD16+56 PE, or CD45 PerCP (BD 

Biosciences, San Jose, CA), and then lysed with 2 ml of lysis solution (FACS Lysis Solution, BD) 

and washed twice. Cells were analyzed using a standard FACSCanto Instrument with DIVA 

software (BD Biosciences). 

Serum Cholesterol: Lipid analyses were performed on serum obtained in the non-fasted state 

at the central site. Diagnostic reagent kits (Cholesterol Liquicolor and HDL Liquicolor, Human 

Gesellschaft fur Biochemica und Diagnostica mbH, Germany) were used to measure serum TC 

and HDL-C. The intra-assay coefficient of variation (CV) for TC and HDL-C serum levels was 

0.85%, and the inter-assay CV was 1.46-1.86%. LDL-C was obtained from the Friedewalde 

equation 19 
. 

MRI Acquisition and Analysis 

All imaging was performed at the Prague site on the same 1.5 T magnet MRI device (Philips 

Gyroscan NT 15, Best, the Netherlands). The T2- and contrast enhancing lesion (CEL) number 
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and lesion volumes (LVs) were calculated. See Supplementary Methods for details. 

Data Analysis 

SPSS (IBM Inc., Armonk, NY, version 24.0) statistical program was used. In view of the multiple 

testing, the Benjamini -Hochberg method was used to assess significance with a target false 

discovery rate of 0.05 20
. The Tables and Results summarize the raw, unadjusted p-values. 

Adjusted p-values (q-values) are shown only for variables with unadjusted p-values ::; 0.05. 

Model selection was based on the quasi-likelihood under the independence model criterion 

(QIC) value. Smaller QIC indicates a "better" model. 

Time Dependence: The associations of cell counts (CD3+, CD4+, CDS+, CD8+, CD19+, 

CD3+CD16+CD56+, CD3-CD16+CD56+, CD3+HLADR+, CD45RA+, CDS+CD19+, CD4+CD45RA+, 

leukocytes, erythrocytes, thrombocytes, neutrophils, lymphocytes, monocytes, eosinophils and 

basophils) with time following IFN-~la treatment initiation were assessed using linear mixed 

effects modeling. The cell counts at the sampling time points were treated as the within-subject 

repeated measures dependent variable. Age, gender, and time from IFN-~la treatment 

initiation were treated as predictor variables. 

Lipid Profile Dependence: The associations between cell counts and lipid profile variables (HDL

C, LDL-C and TC) were investigated using linear mixed effects modeling. For these analyses, the 

cell count of interest was the dependent variable, and age, gender, body mass index (BMI), time 

from IFN-~la treatment initiation, and the lipid variable of interest were treated as predictor 

variables. 

MRI Measures: The associations between cell counts and MRI measures (e.g., number of new 
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T2 lesions, number of new/enlarging T2 lesions, and CEL) were analyzed using generalized 

estimating equations (GEE). The MRI measures at sampling time points were treated as the 

within-subject repeated measures variable. The MRI measure of interest was modeled with the 

negative binomial distribution with a log link. Age, gender, the baseline value of the MRI 

measure of interest, time from IFN-~la treatment initiation, and the cell count of interest were 

treated as predictor variables. Additional analyses include TC as a covariate using the same 

models previously described. 

In further analyses, the associations between an interaction between TC and each cell count of 

interest and the MRI measure of interest were investigated using GEE. In these models the MRI 

measure of interest was also modeled with the negative binomial distribution with a log link. 

The cell counts at sampling time points were treated as within-subjects repeated measures. 

Age, gender, baseline value of the MRI measure of interest, time from IFN-~la treatment 

initiation and an interaction term between TC and the cell count of interest were treated as 

predictor variables. 
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RESULTS 

Demographic and Clinical Characteristics 

The clinical, demographic and MRI characteristics and the cell flow cytometry and lipid profile 

variables at baseline for the entire study population, as well as the sub-study population, are 

summarized in Table 1. The demographic, baseline MRI and baseline clinical measures in the 

subset of patients with only cell flow cytometry data available is similar to the measures 

observed in the patients with both cell flow and lipid profile data available, with modest 

differences in EDSS at baseline (p =0.018, Mann-Whitney Test) and baseline CD45RA levels (p = 

0.043, Independent samples t-test). 

Time-Dependence of Immune Cell Populations 

Figure 1 shows the pharmacodynamics of leukocyte, thrombocyte, neutrophil, lymphocyte, 

monocyte and basophil counts, which were obtained from the complete blood count and 

differential, over the 4-year period following the initiation of IFN-~la treatment. Table 2 

summarizes the cell surface markers used in flow cytometry and corresponding cell type 

identified. Figures 2 and 3 show the pharmacodynamics of peripheral blood immune cell counts 

obtained using flow cytometry over the 4-year period following the initiation of IFN-~la 

treatment. 

The mean counts of leukocytes (p::; 0.001), thrombocytes (p::; 0.001), neutrophils (p::; 0.001), 

lymphocytes (p = 0.01) and basophils (p ::; 0.001) decreased with time after IFN-~la treatment 

over 48 months relative to baseline (Figure 1). The mean monocyte count was not associated 

with time. 
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Table 1. Demographic, clinical, MRI, lipid profile characteristics and cell subset percentages at baseline. 

Demographic 
Characteristics 

Sample Size n 
% Female 
Age, years 

EDSS 

MRI Characteristics 

CEL number 

T2 lesion volume, cm 3 

T2 lesion number 

Lipid Variables 

TC, mmol/liter 
HDL-C, mmol/liter 

LDL-C, mmol/liter 

Cell Subset Counts 

(103 
/ ml} 

CD3+ 
CD4+ 
CD8+ 
CD19+ 
CD3- CD16+ CDS6+ 
CD3+ CD16+ CDS6+ 
CD3+ HLADR+ 

CD45RA+ 
CDS+ 
CD4+CD45RA+ 
CDS+CD19+ 

Leukocytes 
Erythrocytes 
Thrombocytes 
Neutrophils 

Lymphocytes 

Monocytes 
Eosinophils 
Basophils 

Subjects with Flow 
Cytometry Data a 

Mean± SD 

215 
66.5% 

28.8 ± 7.8 

1.5 (0.5) 

1.07 ± 3.1 
5.13 ± 5.9 
12.0 ± 8.4 

4.83 ± 0.92 
1.44 ± 0.37 

2.84 ± 0.74 

1.38 ± 0.43 
0.84 ± 0.30 
0.48 ± 0.20 
0.19 ± 0.09 
0.31 ± 0.16 
0.05 ± 0.08 
0.20 ± 0.16 

1.21 ± 0.46 
1.34 ± 0.45 
0.52 ± 0.29 
0.04 ± 0.04 

6.91 ± 1.93 
4.67 ± 0.42 
265 ± 63.6 
4.36 ± 1.77 

1.88 ± 0.53 
0.50 ± 0.17 
0.13 ± 0.11 
0.04 ± 0.04 

Subjects with Lipid 
Profile Data b 

Mean± SD 

136 
62.5% 

28.0 ± 7.8 

1.5 (0.5) 

0.84 ± 2.4 
4.81 ± 5.6 
11.6 ± 8.5 

4.83 ± 0.92 
1.44 ± 0.37 

2.84 ± 0.74 

1.36 ± 0.43 
0.83 ± 0.30 
0.49 ± 0.21 
0.20 ± 0.10 
0.29 ± 0.15 
0.05 ± 0.09 
0.20 ± 0.18 

1.22 ± 0.48 
1.32 ± 0.46 
0.53 ± 0.31 
0.05 ± 0.04 

6.97 ± 2.06 
4.69 ± 0.42 
265 ± 65.4 
4.40 ± 1.85 

1.91 ± 0.55 
0.50 ± 0.16 
0.13 ± 0.11 
0.03 ± 0.04 

Subjects without P-value d 

Lipid Profile Data c 

Mean± SD 

79 
73.4% 

30.1 ± 7.7 P =0.041 

1.5 (1.0) P =0.018 

1.45 ± 4.0 
5.67 ± 6.3 
12.8 ± 8.2 

-

-

-

1.40 ± 0.44 
0.86 ± 0.30 
0.47 ± 0.17 
0.17 ± 0.08 
0.35 ± 0.18 P =0.023 
0.05 ± 0.06 
0.21 ± 0.17 P =0.040 

1.21 ± 0.42 
1.40 ± 0.42 
0.48 ± 0.24 
0.04 ± 0.04 

6.80 ± 1.63 
4.62 ± 0.43 
265 ± 60.5 
4.28 ± 1.59 

1.83 ± 0.51 
0.51 ± 0.19 
0.13 ± 0.10 
0.04 ± 0.04 

a All continuous variables are mean ± standard deviation . For the ordinal EDSS, the median (inter-quartile 

range) is given . 
b Demographics for the subset of patients with both lipid profile variables and cell flow cytometry variables 

available . 
c Demographics for the subset of patients with only cell flow cytometry variables and no lipid profile 

variables. 
d p - values are from Mann Whitney tests comparing the study population with lipids available to the 

population without lipids available. 
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Figure 1. Figure 1 shows the number of leukocytes (lA), thrombocytes (1B), neutrophils (lC), 

lymphocytes (lD), monocytes (lE) and basophils (lF) per µI of blood. The time from the baseline visit 

in months is shown on the x-axis. The blue line represents the mean blood cell counts at each time 
point and the dashed line represents the mean blood cell counts at baseline . The apparent changes in 

baseline with time are caused by missing data. The p-values are from repeated measures analyses 

that investigate the associations between cell counts and time following correction for age and 

gender. The error bars are standard errors of the mean . 

The mean counts of CD3+, CD4+, CD8+, CD19+, CD3-CD16+CD56+, CD3+CD16+CD56+, 

CD3+HLADR+, CD45RA+, CD4+CD45RA+ and CDS+CD19+ (all p < 0.02) cell types changed 

significantly with time after interferon-beta-1 initiation (Figure 2). The mean CD8+, CD3-

CD16+CD56+ and CD3+CD16+CD56+ cell counts (Figures 2D, 3A and 3B, respectively) decreased 

monotonically with time whereas the CD19+ cell counts (Figure 2E) increased with time. The 
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CDS+CD19+ cell counts (Figure 3E) increase initially, but return to baseline after 48 months. The 

CDS+ count was not associated with time. 
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Figure 2. Figure 1 shows the number of CD3+ (2A), CDS+ (2B), CD4+ (2C), CD8+ (2D), CD19+ (2E) and 

CD45RA (2F) cells per µI of blood . The time from the baseline visit in months is shown on the x-axis. 
The blue line represents the mean cell counts at each time point and the dashed line represents the 

mean cell counts at baseline. The apparent changes in baseline with time are caused by missing data . 

The p-values are from repeated measures analyses that investigate the associations of cell counts 

with time following adjustment for age and gender. The error bars are standard errors of the mean. 

The results demonstrate that long-term IFN-~la treatment causes changes in leukocytes, 

thrombocytes, neutrophils, lymphocytes and basophils over time. The mean maximal percent 

changes in the levels of CD3+ and CD4+ T cells are modest but the percent changes in CD8+ T 
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cells, CD19+ B cells and CD3-CD16+CD56+ NK cells and CD3+CD16+CD56+ NK T cells were 

greater and monotonic by comparison. 

Associations of Cell Subsets with Lipid Profile Variables 

The associations of cell variables with lipid profile variables (TC, HDL-C and LDL-C) are 

summarized in Table 3. 

Thrombocytes (p = 0.006), CDS+ (p = 0.042), CD8+ (p = 0.015), CD3-CD16+CD56+ (p = 0.04), 

CD3+CD16+CD56+ (p = 0.036), CD3+HLADR+ (p = 0.042), CD45RA+ (p = 0.007), and 

CD4+CD45RA+ (p = 0.001) cell counts were positively associated with HDL-C. CDS+CD19+ cell 

counts were negatively associated with HDL-C (p = 0.045). No other cell types were associated 

with HDL-C. 

Table 2: Glossary of surface markers and the immune cell types on which 

they are expressed . 

I Cell Surface Marker Expressed Cell Type I 
CD3 T cells 

I CDS T cells I 
CD4 Helper T cells 

I CDS Cytotoxic T cells I 
CD19 B cells 

I CD4SRA Naive cells I 
CD3+ CD16+ CDSG+ Natural killer T cells 

I CD3- CD16+ CDSG+ Natural killer cells I 
CD3+ HLADR+ Activated T cells 

I CD4+ CD4SRA+ Na"ive T cells I 
CDS+ CD19+ B cells 

Increasing levels of LDL-C were associated with increased levels of leukocytes (p < 0.001), 

thrombocytes (p < 0.001), neutrophils (p < 0.001), lymphocytes (p = 0.013), basophils (p = 

0.047), CDS+ (p =0.046), and CD3-CD16+CD56+ cell count (p =0.001). Increasing levels of LDL-C 
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were associated with decreases in CDS+CD19+ cell counts. No other cell types were associated 

with LDL-C. 

Table 3: Longitudinal associations between lipid profile variables and 
cell subsets over 4 years. 

HDL LDL TC 

Cell Variable p-value p-value p-value 

Leukocytes < 0.001 < 0.001 

Thrombocytes 0.006 < 0.001 < 0.001 

Neutrophils < 0.001 < 0.001 

Lymphocytes 0.013 < 0.001 

Monocytes 

Eosinophils 

Basophils 0.047 

CD3+ < 0.001 

CDS+ 0.042 0.046 <0.001 

CD4+ 0.001 

CDS+ 0.015 < 0.001 

CD19+ 0.008 

CD3-CD16+ 0.040 0.001 < 0.001 
CDSG+ 

CD3+CD16+ 0.036 
CDSG+ 

CD3+HLADR+ 0.042 0.009 

CD45RA+ 0.007 < 0.001 

CD4+CD45RA+ 0.001 

CDS+CD19+ 0.045 0.043 

P - values are from mixed effects models with age, gender, BMI, time 
from IFN-~la treatment initiation and the lipid variable of interest as 
predictor variables. 

Increasing levels of TC were associated with increased levels of leukocytes (p < 0.001), 

thrombocytes (p < 0.001), neutrophils (p < 0.001), lymphocytes (p < 0.001), CD3+ (p < 0.001), 

CD4+ (p = 0.001), CDS+ (p < 0.001), CD19+ (p = 0.008), CD3-CD16+CD56+ (p < 0.001), 
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CD3+HLADR+ (p = 0.009) and CD45RA+ counts (p < 0.001). TC was not associated with any other 

cell type investigated. 
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Figure 3. Figure 3 shows the number of CD3- CD16+ CDS6+ (3A), CD3+ CD16+ CDS6+ (3B), CD3+ HLA 

DR+ (3C), CD4+ CD45RA+ (3D), and CDS+ CD19+ (3E) cells per µI of blood. The time from the baseline 

visit in months is shown on the x-axis. The blue line represents the mean cell counts at each time 

point and the dashed line represents the mean cell counts at baseline. The apparent changes in 

baseline with time are caused by missing data. The p-values are from repeated measures analyses 

that investigate the associations of cells counts with time following adjustment for age and gender. 
The error bars are standard errors of the mean. 

These results suggest that the lipid profile measures are positively associated with circulating 

levels of multiple immune cell types. LDL-C and TC were positively associated with leukocyte, 

thrombocyte, neutrophil and lymphocyte counts from the complete blood count and 
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differential. Increases in natural killer cell and T cell counts were associated with increases in 

TC. 

Associations of Cell Subsets with MRI Measures 

Cell Subsets and Lesional Measures: Next we investigated the associations of cell counts with 

lesion measures (number of new T2 Lesions, number of new/enlarging T2 lesions and CEL 

number). 

Increases in leukocytes (p = 0.036) were associated with a greater number of new T2 lesions. 

Increases in new/enlarging T2 lesions were associated with higher levels of leukocytes (p = 

0.028) and neutrophils (p = 0.038). None of the cell variables investigated were associated with 

CEL number (data not shown). 

Combined Effects of Total Cholesterol and Cell Counts on Lesional Measures: Since TC was 

associated with the greatest number of cell count variables with the greatest significance, we 

next assessed the combined effects of immune cell subsets and TC on lesional measures. These 

analyses included both the cell count variable of interest and TC as predictor variables. The 

results are summarized in Table 4. 

When TC was included as an additional covariate, increasing levels of CD3+ (p = 0.039), CD4+ (p 

=0.026) and CDS+ counts (p =0.019) were associated with fewer new T2 lesions. Conversely, 

increasing levels of CD3-CD16+CD56+ cell counts are associated with greater new T2 lesions (p 

= 0.030). 

Upon adjustment for TC, a greater number of new/enlarging T2 lesions were associated with 
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lower CD3+ (p = 0.037), CD4+ (p = 0.020) and CDS+ counts (p = 0.014). Increasing levels of 

leukocytes (p =0.031), neutrophils (p =0.040) and CD3-CD16+CD56+ counts (p =0.038) were 

associated with a greater number of new T2 lesions. 

Increases in CD4+ cell counts alone were associated with a lower number of CEL lesions (p = 

0.046). No other cell types were associated with CEL in these analyses adjusting for TC (data not 

shown in Table 4). 

Table 4. Longitudinal associations between different cell types with lesional measures including 

total cholesterol as a covariate and with an interaction between total cholesterol and cell type . 

p-value for p-value for 

Cell Variable Cell Variable*TC Interaction 

Cell Variable NewT2 New/enlarging T2 NewT2 New/enlarging T2 

Leukocytes 0.031 0.019 0.030 

Thrombocytes 

Neutrophils 0.040 0.023 0.040 

Lymphocytes 

Monocytes 0.041 0.033 

Eosinophils 

Basophils 

CD3+ 0.039 0.037 

CDS+ 0.019 0.014 

CD4+ 0.026 0.020 

CDS+ 

CD19+ 

CD3- CD16+ CDS6+ 0.030 0.038 0.012 0.013 

CD3+ CD16+ CDS6+ 

CD3+ HLA DR+ 0.020 0.028 

CD4SRA+ 

CD4+ CD4SRA+ 

CDS+ CD19+ 

P - values are from mixed effects models with age, gender, BMI, time from IFN-~la treatment 

initiation and either TC or an interaction between TC and immune cell of interest as predictor 

variables. 

New T2: Number of new T2 lesions; NNEL T2: Number of new and newly enlarging T2 lesions. 

TC: Total cholesterol. The empty cells correspond top-values that were not significant. 
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These findings suggest that upon mutual adjustment for TC and cell variables, greater CD3+, 

CD4+ and CDS+ T cell, and lower CD3-CD16+CDS6+ natural killer cell counts are associated with 

fewer new T2 lesions and new/enlarging T2 lesions. 

Effects of the Interaction Between Total Cholesterol and Cell Count on Lesional Measures: 

Next we assessed whether an interaction term between total cholesterol and the cell count of 

interest was associated with lesional measures. 

In these analyses where total cholesterol and cell count were treated as an interaction term 

(Table 4), greater new T2 lesions were associated with increases in the interaction between TC 

and leukocytes (p =0.03), neutrophils (p =0.040), monocytes (p =0.033), CD3-CD16+CDS6+ (p = 

0.013) and CD3+HLADR+ count (p = 0.028). New/enlarging T2 lesions were also positively 

associated with the interaction between TC and leukocytes (p =0.019), neutrophils (p =0.023), 

monocytes (p =0.041), CD3-CD16+CDS6+ (p =0.012) and CD3+HLADR+ count (p =0.020). 

Overall, these results indicate that there are no significant associations between T2 lesion 

measures and the interaction between TC and the T cell subsets, CD3+, CD4+ or CDS+. 

However, increases in the interaction between TC and CD3-CD16+CDS6+ natural killer cell 

counts and the interaction between TC and CD3+HLADR+ activated T cell counts were 

associated with increases in T2 lesion measures. 
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DISCUSSION 

The inter-dependence of lipids with blood cell counts, and their impact individually and in 

combination on lesional outcome measures in MS patients was assessed in this research. 

Leukocyte, thrombocyte, neutrophil and lymphocyte counts from the complete blood count 

and differential were positively associated with both LDL-C and TC. Increases in natural killer 

cell and T cell counts were associated with increases in TC. We found that upon mutual 

adjustment for cell count and TC, increases in the T cell counts, particularly CD3+, CD4+ and 

CDS+ subsets, and decreases in the CD3-CD16+CD56+ natural killer cells were associated with 

fewer T2 lesions. In additional analyses that included an interaction term between TC and cell 

count, the interaction between TC and the T cell counts term was not significant, but increases 

in the interaction between TC and CD3-CD16+CD56+ cell count and TC and CD3+HLADR+ cell 

count were associated with increases in T2 lesions. 

When investigating the associations between cell counts and lesional measures with TC 

included as a covariate, we found that TC was associated with new T2 lesions and 

new/enlarging T2 lesions in the majority of the models. These results are in line with previous 

10 21studies that have shown associations between TC levels and lesional measures . The 

strength of this study was the concomitant availability of lipid profiles, complete blood count 

data and flow cytometric analyses of T cell, B cell subsets and natural killer cells over a period of 

4 years, which provide long-term longitudinal information. 

The literature indicates that long-term IFN-~ treatment causes changes in cholesterol levels in 

MS patients. Cholesterol, lipoproteins and cholesterol metabolism may have direct and indirect 
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effects on MS disease progression because they are critical for regulating inflammatory 

responses and for remyelination and repair in the central nervous system. Cholesterol-enriched 

membrane domains such as lipid rafts and caveolae play an important role in immune signaling 

22 
. Chronic hypercholesterolemia can promote exaggerated immune responses, stronger 

leukocyte-vascular endothelial cell adhesion and immune cell extravasation in the 

microvasculature in addition to altering physiological properties such as blood flow and vessel 

wall elasticity 23
' 

24
. Oxidized LDL cholesterol has pro-inflammatory properties and can be a 

target of autoimmune antibodies. HDL, beyond its reverse cholesterol transport functions, has 

anti-inflammatory and antioxidant properties. Oxygenated cholesterol metabolites such as 

oxysterols, once thought to be only markers of oxidative damage, are now recognized as potent 

transcriptional regulators. Oxysterols are ligands for liver X receptors (LXRa and LXR~), nuclear 

transcription factors which serve as sterol sensors in cholesterol homeostasis and are also 

capable of potently suppressing T cell proliferation 25
-
27

. LXR couple and integrate metabolic and 

inflammatory signaling 27 
. LXR activation ameliorates and LXR deficiency exacerbates 

experimental allergic encephalomyelitis (EAE) 28 
. 

HLA class II molecules are recognized by CD4+ T cells and expressed in microglia of MS lesions 

29 
. It has previously been shown that the IFN-y induced MHC Class II expression in macrophages 

31and astrocytes was inhibited in by interferon-~ in vitro 30
' . Our results indicated decreases in 

CD3+HLADR+ cell count with time following IFN-~la treatment initiation and also a modest 

dependence on HDL-C levels. Interestingly, CD3+HLADR+ cell counts were associated with 

lesional injury measures only in analyses that that adjusting for TC. 

The results of this study show that long-term IFN-~la treatment causes selective changes in 
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circulating immune cell counts over time. We have also shown that many of the immune cells 

measured are also associated with lipid profile measures, and that the interaction between TC 

and natural killer cells is associated with lesional measures. These findings suggest a need for 

future studies that investigate the mechanisms by which immune cells and cholesterol may be 

interacting in MS. 
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SUPPLEMENTARY METHODS 

MRI ACQUISITION AND ANALYSIS 

Image Acquisition: MRI was performed on a 1.5 T magnet (Philips Gyroscan NT 15, Best, the 

Netherlands). Axial brain images were obtained using fluid attenuation inversion recovery 

(FLAIR) with 1.5-mm thickness (TR/TE/Tl 11000/140 /2600 ms, matrix size 256 x 181, flip angle 

90). Axial Tl-weighted three-dimensional spoiled-gradient recalled (SPGR) images were 

obtained with 1-mm slice thickness (TR/TE 25/5 ms, matrix size 256 x 204, flip angle 30). Both 

FLAIR and SPGR images were non-gapped. In addition, patients obtained post-contrast Tl spin 

echo (SE) 3-mm slice thickness scan 5 minute after contrast injection of a single dose of 0.1 

mmol/kg of Gd-DTPA) with TE/TR= 12/450 ms. 

Image Analysis: MRI scans were collected centrally at the Department of Radiology at Charles 

University (Prague, Czech Republic) and were transferred to the Buffalo Neuroimaging Analysis 

Center, Department of Neurology, State University of New York (Buffalo, New York, USA) for 

analyses. 

Lesion Measures: The T2- and contrast enhancing lesion (CEL) number and lesion volumes (LVs) 

were measured on FLAIR and on Tl post-contrast images, respectively, using a semi-automated 

edge detection contouring/thresholding technique previously described 1. 
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ABSTRACT 

Purpose: To investigate levels of oxysterols in healthy control (HC) and multiple sclerosis (MS) 

patients and their inter-dependence with demographic, clinical characteristics and cholesterol 

biomarkers. 

Methods: This study included 550 subjects (203 HC, 221 relapsing-remitting MS (RR-MS), 126 

progressive MS (P-MS)). A complete lipid profile including total cholesterol (TC), high-density 

lipoprotein-cholesterol (HDL-C), low-density lipoprotein-cholesterol (LDL-C), apolipoproteins 

(Apo) Al, A2, B, E, C-reactive protein (CRP), 24-hydroxycholesterol (24HC), 25HC, 27HC, 7aHC 

and 7-ketocholesterol (7KC) was obtained. Lipoprotein particle sizing by H1 NMR was available 

for 432 subjects. 

Results: The levels of 24HC, 27HC, and 7aHC (all p < 0.015) were lower in MS compared to HC, 

and 7KC was higher in P-MS compared to RR-MS (p < 0.001). TC, LDL-C and ApoB were 

associated with higher levels of all oxysterols (all p < 0.05) in HC. In MS, LDL-C was associated 

with higher levels of 24HC, 25HC, 7KC, and 7aHC (all p < 0.05), while TC and ApoB were 

associated with increased levels of all oxysterols (all p < 0.005). 

Conclusions: The findings of lower 24HC, 27HC and 7aHC in MS compared to HC and higher 7KC 

in P-MS compared to RR-MS indicate that the oxysterol network is disrupted in MS. 
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INTRODUCTION 

Multiple sclerosis (MS) is a chronic inflammatory disease characterized by demyelination in the 

central nervous system (CNS). Cholesterol is required for myelin structure and proper 

functioning of neuronal, vascular and immune cells in the CNS. About 25% of cholesterol in the 

human body is found in the brain. 

The brain is dependent on de nova cholesterol synthesis from acetyl-coA because lipoprotein 

cholesterol from the peripheral circulation does not cross the blood-brain barrier (BBB). In our 

previous work, we have shown that higher levels of high-density lipoprotein cholesterol (HDL-C) 

are associated with lower measures of BBB breakdown, assessed using CSF measures of 

1macromolecules, and CNS inflammation . Additionally, we found a significant association 

between low-density lipoprotein cholesterol (LDL-C) and total cholesterol (TC) levels and 

inflammatory MRI activity measures 2, as well as worsening disability measured using the 

Expanded Disability Status Scale (EDSS) and the MS Severity Scale (MSSS) (10-13). However, the 

mechanisms underlying the associations of cholesterol biomarkers with disease progression in 

MS are unknown. 

Oxysterols are oxygenated cholesterol metabolites that can cross the BBB, and are therefore 

5thought to play an important role in brain cholesterol regulation 3
- . Oxysterols such as 24HC, 

27HC and 25HC are endogenous agonists for the liver X receptor (LXR), a nuclear receptor 

involved in regulating metabolic and immune processes 6
. 24HC is exclusively produced in the 

brain via cytochrome P450 (CYP) 46A1 in neurons, and is able to traverse the BBB; its plasma 

levels reflect neuronal loss and brain atrophy 4 5
. 27HC, produced by CYP27A1, also has the 
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ability to cross the BBB, and is the most abundant oxysterol in the circulation 5 7
. Both 7aHC, 

formed via CYP7A, and 7KC, formed by auto-oxidation of cholesterol, stimulate an inflammatory 

phenotype in human endothelial cells. 25HC, which is produced by macrophages, has 

inflammatory and antiviral effects 8 
. 

Oxysterols thus regulate cholesterol homeostasis, enhance inflammatory reactions, contribute 

to endothelial cell dysfunction, and exhibit pro-oxidant effects 7 9
_ There is now increasing 

evidence that oxysterols play a role in the pathophysiological processes mediating MS disease 

progression 10
. Based on these findings, our working hypothesis was that levels of oxysterols, 

particularly 24HC, 25HC, 27HC, 7KC and 7aHC, would be altered by MS disease course. The 

goals of this translational study are to identify the demographic, clinical and cholesterol 

biomarker covariates associated with oxysterols profiles in MS patients. 
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METHODS 

Study Population 

Study Setting: Single-center, prospective observational study. 

Clinical Study Design: Samples and clinical data from an ongoing prospective study of clinical, 

genetic and environmental risk factors in MS at the MS Center of the State University of New 

York at Buffalo were used. The study included patients with MS, clinically isolated syndrome 

(CIS), healthy controls (HC) and controls with other neurological diseases (OND). 

Patients and controls underwent neurological and MRI examinations, provided blood samples 

and responded to a structured questionnaire administered in-person 11
. Body mass index (BMI) 

was derived from the patient's height and weight. Smoking status was obtained from patient 

responses to the structured questionnaire. 

Informed Consent: The University at Buffalo Human Subjects Institutional Review Board 

approved the study protocol, and all participants provided written informed consent. 

Inclusion and Exclusion Criteria: Patients with the following characteristics: 18-65 years of age. 

Children younger than 18 years, adults over 65 years of age, CIS, neuromyelitis optica, or OND 

were excluded from this sub-study. 

Oxysterol Assays 

Oxysterols (7aHC, 24HC, 25HC, 27HC, 7KC) were determined in EDTA plasma samples by liquid 

chromatography-selected ion monitoring-stable isotope dilution-atmospheric pressure 

chemical ionization-mass spectroscopy (LC-SIM-SID-APCI-MS) as previously described 12 
. 
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Total sterols and oxysterols were released from steryl esters by cold saponification (0.35M KOH 

in ethanol containing 0.05% BHT and under argon atmosphere), neutralized and extracted on 

HyperSep C-18 solid phase extraction tubes before being concentrated and injected into a 

reversed phase, C-18 LC system using a gradient mobile phase of methanol and water. The 

Shimadzu 10ADVP LC system was interfaced with the 2010A MS by APCI interface in positive ion 

mode. Oxysterols were monitored by selected ion monitoring of the [M+H-H2Ot molecular ion 

of the hydroxyl groups present on each (oxy)sterol. 7KC was monitored as the (M+Ht ion of the 

7-keto group. Deuterated (d7) 24-hydroxycholesterol, (d7) 7a-hydroxycholesterol and (d7) 7-

ketocholesterol were used as stable isotope-labeled internal standards. 

We, and others 13
, have found that oxysterol analytes are stable at -80°C storage. The mild 

room temperature saponification in the presence of butylated hydroxytoluene (BHT) under 

argon ameliorated autooxidation of cholesterol or degradation of pre-formed oxysterols, 

particularly 7KC. This method successfully resolves the most critical isomeric pairs including 

separation of 24HC from 25HC, 7aHC from 7~HC and 7KC from 7a-hydroxy cholesten-3-one 12. 

The assay was systematically validated in accordance with the FDA guidance for bioanalytical 

methods. The coefficient of variation (CV) of each oxysterol analyte was::; 8. 7%. 

Lipids and Apolipoproteins 

EDTA plasma samples for lipid and apolipoprotein analyses were obtained in the non-fasted 

state. Our previously published 14 methods for lipid and apolipoprotein analyses were used. 

Analysts were blinded to the clinical status of samples. 

TC, HDL-C, phospholipids and triglycerides were measured with diagnostic reagent kits from 
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Sekisui Diagnostics (Lexington, MA) an ABX Pentra 400 (Horiba Instruments, Irvine, CA) 

automated chemistry analyzer. LDL-C was obtained from the Friedewalde equation . 

lmmunoturbidometric diagnostic kits (Kamiya Biomedical, Thousand Oaks, CA) were used for 

the apolipoprotein (Al, All, B and E) and high sensitivity C-reactive protein (CRP) assays. The 

coefficient of variation of these assays is< 5%. 

Lipoprotein Particle Size Analysis 

Lipoprotein particle number and size were measured using H1 NMR spectroscopy (LipoScience, 

Raleigh, NC). The measured amplitudes of the lipid methyl group NMR signals is used to 

calculate particle concentration, and the particles sizes are the sum of the diameter of each 

subclass multiplied by the relative mass percentages from the NMR signals. 

Data Analysis 

SPSS (IBM Inc., Armonk, NY, version 22.0) statistical program was used. In view of the multiple 

testing, the Benjamini-Hochberg method was used to assess significance with a target false 

discovery rate of q ~ 0.05 16
. The Tables and Results summarize the raw, unadjusted p-values. 

Adjusted p-values (q-values) are shown only for variables with unadjusted p-values ~ 0.05. 

Secondary progressive (SP) and primary-progressive (PP) MS were categorized as progressive 

MS (P-MS) 17
. 

The Mann-Whitney test was used to assess differences in oxysterol levels (24HC, 25HC, 27HC, 

7aHC, 7KC) for dichotomous variables, e.g., between HC vs. MS patients RR-MS vs. PMS, and 

MS patients with borderline or high cholesterol (defined as TC > 200 mg/di) vs. desirable 
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cholesterol levels (TC::; 200 mg/di),. 

The associations of oxysterol variables (24HC, 25HC, 27HC, 7aHC, and 7KC) with lipid profile 

variables (HDL-C, LDL-C, TC, ApoA-1, ApoA-11, ApoB, ApoE and CRP) were investigated using 

linear regression analyses where the lipid variable of interest was the dependent variable and 

age, gender, BMI and quartiles of either 24HC, 25HC, 27HC, 7aHC, or 7KC were treated as 

covariates. 

The Kruskal-Wallis test was used to assess whether oxysterol levels were significantly different 

between patients receiving interferon, glatiramer acetate or no current treatment. A Mann

Whitney test was used to assess whether oxysterols differed between patients who were 

presently receiving interferon and those who were not currently on an interferon regimen. 
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RESULTS 

Demographic and Clinical Characteristics: The clinical, demographic and MRI characteristics of 

the study sample at baseline in healthy controls, RR-MS and P-MS are summarized in Table 1. 

Table 1. Demographic and clinical characteristics at baseline by disease course . 

Characteristic All HC RR-MS PMS 

Sample size n 550 203 221 126 

% Female 377 (69%) 120 (59%) 167 (76%) 90(71%) 

Age, years 47.1 ± 12.0 45.6 ± 14 44.4 ± 10 54.3 ± 8.5 

Disease duration, 
15.7 ± 10.6 12.2±8.7 21.7 ± 11.1 

years 

BMI 25.8 ± 2.0 27.5 ± 5.8 27.2 ± 6.1 25.4 ± 5.2 

EDSSa 3.0 (4.0) 2.0 (2.0) 6.0 (2 .0) 

a All continuous variables (age, disease duration) are mean ± standard deviation . For the 

ordinal EDSS, the median (inter-quartile range) is given . 

The age, disability and MRI differences between RR-MS and P-MS groups are representative of 

the respective disease courses. The distribution of oxysterol levels and baseline lipid profiles 

(TC, HDL-C, and LDL-C) are shown in Table 2. 

Associations of Oxysterols with Clinical Factors in MS Patients 

MS Disease Course: Figure 1 compares the baseline oxysterol levels between HC vs. MS and RR-

MS vs. P-MS groups. The levels of 24HC (p =0.015), 27HC (p =0.004), and 7aHC (p < 0.001) 

were significantly lower in MS patients compared to HC. There were no differences in 25HC and 

7KC levels between HC and RR-MS patients. 

7KC levels were significantly higher in P-MS patients compared to RR-MS patients (p < 0.001). 
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No differences were found between the two MS groups for 24HC, 25HC, 27HC, and 7aHC. 

Disability Measures: The associations of oxysterols with disability measures (MSSS and EDSS) in 

both RR-MS and P-MS patients were investigated (data not shown). Increased levels of 24HC 

were significantly associated with MSSS (p = 0.045) in P-MS patients. There were no significant 

associations between any other oxysterol levels and MSSS and EDSS in the P-MS patient 

population. No associations were found between oxysterol levels and disability measures in RR-

MS patients. 

Table 2. Baseline oxysterol and lipid values by disease course. 

Characteristic All Subjects HC RR-MS PMS 

n 550 203 221 126 

24HC, ng/ml 40.7±36 44.4 ± 44. 40.4 ± 34 35.3 ± 20 

25HC, ng/ml 17.3 ± 22 17.8 ± 17 15.9 ± 11 18.6 ± 38 

27HC, ng/ml 235.5 ± 121 251.1 ± 117 233 .2 ± 128 214.5 ± 114 

7aHC, ng/ml 88.7 ± 130 116.6 ± 188 73.4 ± 72 69.9 ± 74 

7KC, ng/ml 14.7 ± 11 14.0 ± 7 13.5 ± 8 18.1 ± 17 

LDL-C, mg/dl 92.9 ± 27 95.7 ± 28 90.8 ± 28 91.9 ± 25 

HDLC, mg/di 68.0 ± 15 68.7 ± 16 66.8 ± 14 68.8 ± 15 

TC, mg/ml 188.4 ± 35 193.0 ± 36 185.3 ± 35 186.2 ± 33 

a All variables are mean ± standard deviation . 24HC: 24 hydroxy cholesterol; 25HC: 25 hydroxy 

cholesterol; 27HC: 27 hydroxy cholesterol; 7aHC: 7a hydroxyl cholesterol; 7KC: 
ketocholesterol; LDL-C: low-density lipoprotein cholesterol; HDL-C: high-density lipoprotein 

cholesterol. 

Disease-Modifying Therapies: We compared the levels of oxysterols between patients 

currently being treated with interferon and patients who are not currently being treated with 

interferon. The differences in 25HC and 7aHC levels between untreated, glatiramer acetate 
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treated and interferon treated patients are summarized in Figure 2. We found that 25HC (p = 

0.038) and 7aHC (p = 0.003) were significantly higher in interferon-treated patients. No 

significant differences were observed for 24HC, 27HC and 7KC. 
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Figure 1. Oxysterol levels in healthy controls (HC), relapsing remitting MS (RR-MS) and progressive MS 
(P-MS). Figure 1 shows the values of 24HC (Figure lA), 25HC (FigurelB), 27HC (Figure lC}, 7KC (Figure 
lD), and 7aHC (Figure lE) in ng/ml, by disease course (HC, RR-MS and P-MS). The bars compare mean 
oxysterol values shown on the y-axis by disease course shown on the x-axis. The error bars indicate the 
standard error of the mean. The p-values from a Mann-Whitney test are provided for the HC versus 

MS and RR-MS versus P-MS comparisons. 
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Associations of Oxysterols with Lipid Profile Variables: 

The associations between oxysterols and lipid variables (TC, HDLC, LDLC), apolipoproteins 

(ApoAI, ApoAII, ApoB, ApoE) and C-reactive protein (CRP) in both HC and MS patients are 

summarized in Table 3. 

TC: Higher levels of all five of the oxysterols were associated with TC for both HC and MS 

populations (all p < 0.001 except 27HC in MS patients, p = 0.005). 

In the HC group, 25HC (p =0.007) and 7aHC (p =0.028) were greater in subjects with borderline 

and high TC (TC > 200 mg/di). MS patients with borderline and high TC had greater 24HC (p = 

0.011), 25HC (p =0.019) and 27HC (p =0.002). 

LDL-C: LDL-C was associated with higher levels of 24HC (p < 0.001), 25HC (p = 0.024), 27HC (p = 

0.001), 7KC (p = 0.005) and 7aHC (p < 0.001) in HC. In MS patients, LDL-C was significantly 

associated with higher levels of 24HC (p < 0.001), 25HC (p = 0.028), 7KC (p = 0.030) and 7aHC (p 

<0.001). 

HDL-C: None of the oxysterols were significantly associated with HDL-C in either HC or MS 

patients. 

Thus, the associations of oxysterols with TC are principally driven by the associations of 

oxysterols with LDL-C. To further support this hypothesis, we conducted linear regression 

analyses that corrected for HDL-C values. The significant findings persisted. 

Apolipoproteins: Apolipoproteins are functionally critical components of lipoproteins that 

enable physiological interactions. ApoB is the major apolipoprotein of LDL-C, whereas ApoAI 
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- - - - - - - -

Table 3. Associations between oxysterols and lipid profile variables in healthy control and MS patients. The partial correlation coefficient (p

value) are shown. 

Lipid Variable HC vs. MS 24HC 25HC 27HC 7KC 7aHC 

HC 0.37 (< 0.001) 0.27 (< 0.001) 0.35 (< 0.001) 0.34 (< 0.001) 0.52 (< 0.001) 
TC - -· - - - - -

MS 0.26 (< 0.001) 0.24 (< 0.001) 0.16 (0.005) 0.24 (< 0.001) 0.35 (< 0.001) 

HC -0.10 (0.17) 0.113 (0.13) 0.05 (0.49) 0.02 (0.79) 0.10 (0.18) 
HDLC - - - - - - - -

MS -0.056 (0.32) 0.089 (0.11) -0.06 (0.33) -0.015 (0.79) 0.06 (0.28) 

HC 0.39 (< 0.001) 0.17 (0.024) 0.25 (0.001) 0.21 (0.005) 0.36 (< 0.001) 
LDLC - -- - - - - -

MS 0.22 (< 0.001) 0.12 (0.028) 0.10 (0.09) 0.12 (0.03) 0.21 (< 0.001) 

HC 0.025 (0.73) 0.13 (0.081) 0.10 (0.17) 0.013 (0.86) 0.24 (0.001) 
ApoAI - - - - - - - -

MS -0.047 (0.40) 0.06 (0.28) -0.075 (0.18) -0.07 (0.21) 0.10 (0.077) 

HC 0.19 (0.012) 0.051 (0.49) 0.26 (< 0.001) 0.16 (0.03) 0.35 (< 0.001) 
ApoAII 

MS 0.091 (0.10) 0.087 (0.12) 0.12 (0.030) -0.40 (0.48) 0.19 (0.001) 

HC 0.32 (< 0.001) 0.29 (< 0.001) 0.39 (< 0.001) 0.32 (< 0.001) 0.36 (< 0.001) 
ApoB - -- - - - - -

MS 0.29 (< 0.001) 0.27 (< 0.001) 0.31 (< 0.001) 0.22 (< 0.001) 0.21 (< 0.001) 

HC -0.14 (0.069) -0.089 (0.23) -0.093 (0.21) -0.09 (0.26) -0.10 (0.18) 
ApoE - - - - - - -- -

MS -0.07 (0.22) -0.032 (0.57) -0.024 (0.67) 0.08 (0.16) 0.05 (0.35) 

HC 0.011 (0.88) 0.042 (0.57) 0.083 (0.26) 0.08 (0.30) 0.06 (0.42) 
CRP - - - - - - - -

MS 0.04 (0.47) 0.075 (0.18) -0.003 (0.96) 0.03 (0.64) -0.007 (0.90) 

a Values provided represent the Spearman correlation coefficient with p-values in parenthesis. 
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and ApoAII are characteristic of HDL-C. 

ApoB was significantly associated with increased levels of all oxysterols in both HC and MS 

patients (all p < 0.001), which is concordant with the LDL-C associations. ApoAII was associated 

with 27HC and 7aHC in both HC and MS. ApoAI was associated with 7aHC in HC. We did not 

obtain evidence for associations with ApoE and CRP. 
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Figure 2. 25HC and 7aHC levels (ng/ml) in MS patients on no treatment, 
glatiramer acetate or IFN treatment. The error bars indicate the standard error 
of the mean. 

Associations of Oxysterols with Lipoprotein Particle Sub-Classes 

To further delineate the associations between oxysterols and lipoprotein particle sub-classes, 

we examined lipoprotein particle concentrations obtained by NMR particle sizing. The results 

are summarized in Table 4. 

Overall, the oxysterols were associated with the VLDL and also, as expected from earlier 
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analyses, with LDL lipoprotein particle concentrations in both MS and HC. 

VLDL Particle Sub-Classes: Within the VLDL particle sub-classes, 25HC, 27HC, 7KC and 7aHC 

were associated with large and medium VLDL particle concentrations whereas levels of 24HC 

were only associated with large VLDL particle concentrations for both MS and HC. 

LDL-C Particle Sub-classes: Within the LDL particle sub-classes, 25HC, 27HC, 7KC and 7aHC 

were associated with small LDL particle concentrations for both MS and HC. 24HC was 

associated with small LDL particle concentrations in MS but not for HC. 

HDL-C Particle Sub-classes By comparison, associations of oxysterols with HDL particle sub-class 

concentrations were weaker and sporadic. However, 7aHC was associated with small HDL 

particle concentrations for both MS and HC. 
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Table 4. Associations between oxysterols and lipoprotein particle sub-class concentrations in HC and MS 

patients. 

I Lipoprotein HC vs. MS 24HC 25HC 27HC 7KC 7aHC 

Total VLDL HC 0.033 (0 .69) 0.22 (0.007) 0.098 (0.23) 0.13 (0 .11) 0.24 (0.003) 

MS 0.16 (0.009) 0.22 (< 0.001) 0.19 (0.002) 0.13 (0.030) 0.17 (0.005) 

Large VLDL HC 0.19 (0.019) 0.29 (< 0.001) 0.27 (0.001) 0.29 (< 0 .001) 0.51 (< 0.001) 

MS 0.19 (0.002) 0.20 (0.001) 0.18 (0.003) 0.18 (0.003) 0.32 (< 0.001) 

Medium VLDL HC 0.064 (0.44) 0.26 (0.001) 0.17 (0.042) 0.32 (< 0 .001) 0.42 (< 0.001) 

MS 0.088 (0.15) 0.18 (0.002) 0.14 (0.025) 0.19 (0.002) 0.29 (< 0.001) 

Small VLDL HC -0.045 (0.59) 0.085 (0.30) -0.017 (0 .84) -0.085 (0.30) -0.051 (0.53) 

MS 0 .11 (0.078) 0.13 (0.039) 0.11 (0.067) 0 .053 (0.39) 0 .011 (0.86) 

Total LDL HC 0.21 (0.011) 0.30 (< 0.001) 0 .45 (< 0.001) 0.36 (< 0.001) 0.46 (< 0.001) 

MS 0.34 (< 0.001) 0.32 (< 0.001) 0.34 (< 0.001) 0.23 (< 0.001) 0.30 (< 0.001) 

Total IDL HC 0.056 (0.49) 0.18 (0.029) 0.10 (0.21) 0.092 (0.26) 0.20 (0.012) 

MS 0.041 (0.50) 0.15 (0.012) 0.088 (0.15) 0 .064 (0.29) 0 .008 (0.89) 

Large LDL HC 0.25 (0.002) 0.11 (0.17) 0.21 (0.010) 0.068 (0.41) 0.092 (0.26) 

MS 0 .11 (0.073) 0 .068 (0.27) 0 .031 (0.61) 0 .063 (0.30) -0.038 (0.53) 

Small LDL HC 0.032 (0.70) 0.20 (0.015) 0 .30 (< 0.001) 0.34 (< 0 .001) 0.41 (< 0.001) 

MS 0.22 (< 0.001) 0.23 (< 0.001) 0.27 (< 0.001) 0.15 (0.011) 0.33 (< 0.001) 

Total HDL HC -0.081 (0.32) 0.009 (0.91) -0.057 (0.49) 0.050 (0.54) 0.16 (0.047) 

MS 0.051 (0.40) 0 .056 (0.36) 0 .070 (0.25) 0 .015 (0.80) 0.074 (0.23) 

Large HDL HC 0.071 (0.39) -0.13 (0.13) -0.12 (0.13) -0.13 (0.12) -0.090 (0.27) 

MS 0 .003 (0.97) -0.029 (0.64) -0.14 (0.020) 0.021 (0.74) -0.087 (0.16) 

Medium HDL HC -0.024 (0.77) 0.033 (0.68) -0.065 (0.42) 0.001 (0.99) 0.11 (0.18) 

MS 0 .058 (0.34) 0 .005 (0.94) 0 .081 (0.19) -0.008 (0.90) 0 .060 (0.33) 

Small HDL HC -0.13 (0.11) 0.14 (0.098) 0.12 (0.15) 0.208 (0.010) 0 .26 (0.001) 

MS 0.036 (0.56) 0 .10 (0.099) 0.15 (0.013) 0.039 (0.53) 0.12 (0.045) 

a Values provided represent the Spearman correlation coefficient with p-values in parenthesis. 
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DISCUSSION 

We investigated whether the levels of 24HC, 25HC, 27HC, 7aHC and 7KC differed between MS 

and HC and between RR-MS and P-MS, and whether the levels of these oxysterols were 

associated with lipid variables (HDL-C, LDL-C, TC, ApoAI, ApoAII, ApoB, ApoE and CRP) and 

demographic variables. We found that the levels of 24HC, 27HC and 7aHC were significantly 

lower in MS patients compared to HC, and that 7KC levels were significantly higher in P-MS 

18 19 patients compared to RR-MS patients, which supports findings from previous studies . 

Additionally, oxysterol levels in both MS and HC were pre-dominantly associated with levels of 

LDL-C and its cognate apolipoprotein ApoB. The large and medium VLDL and small LDL particle 

sub-classes exhibited the strongest associations with the majority of oxysterols. 24HC is 

produced exclusively in the CNS and we hypothesize that the reduction in 24HC levels in MS is a 

marker of CNS cholesterol metabolism; the decrease therefore reflects changes to brain 

cholesterol homeostasis as a result of neurodegeneration. In contrast, the reductions in 27HC 

and 7aHC observed in MS are a result of changes to cholesterol metabolism pathways in the 

periphery and could facilitate in pro-inflammatory changes that enable MS disease progression. 

The observed increases in 7KC in PMS compared to RRMS reflect oxidative stress that promotes 

neurodegeneration in PMS. 

Results from animal models offer insights into the effector mechanisms of oxysterols. 

Oxysterols exert immunomodulatory effects on dendritic cell, T cell, macrophage and B cell 

function via LXR and LXR-independent, EBl2-mediated signaling pathways. Oxysterols amplify 

and sustain inflammatory processes 20 and regulate the expression of inflammatory mediators 

21 22such as IL-6 and matrix metalloproteinase-9 (MMP-9) . LXR signaling is critical for 
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polarization of CD4 helper T cells into Th17 cells in humans 23 and it also potently suppresses T 

cell proliferation 22 24 
. LXR activation ameliorates experimental allergic encephalomyelitis (EAE) 

23whereas LXR deficiency exacerbates it . Oxysterols inhibit EAE by down-regulating IL-17 

production and suppressing Th17 cells 23 
. Dendritic cells produce cholesterol 27 hydroxylase 

during EAE 25 
. Thus, the reductions in 24HC, 27HC and 7aHC levels and the increases in 7KC 

levels that we observed could potentially contribute to pathophysiological immune effects in 

MS. 

There is increasing evidence for associations of cholesterol with disease progression in MS. We 

26 29 
, and others 27

- , have shown that increased levels of LDL-C and TC are significantly associated 

with worsening disability on the EDSS scale. LDL-C and TC levels were associated with new T2 

lesions and grey matter atrophy 2
• Increased levels of HDL-C and ApoAI were associated with 

1less BBB breakdown as assessed with surrogate CSF measures . 

The pleiotropic effects of oxysterols on metabolic and neuroimmune processes, coupled with 

their ability to permeate the BBB, has generated interest in investigating the role of oxysterols 

in MS. 24HC, 25HC and 27HC are LXR ligands that coordinately down-regulate cholesterol 

synthesis as well as up-regulate the transporters such as the ABCA1 transporter involved in the 

removal of cellular cholesterol 9 
. There is evidence that interferon induces 25-hydroxylase, the 

enzyme responsible for the conversion of cholesterol to 25HC 30
. This may explain our finding 

that 25HC was higher in interferon-treated MS patients. 

7KC is an oxidative stress marker that stimulates phenotypic changes in macrophages that 

promote, invasion of the vascular endothelium, and leads to secretion of inflammatory factors 

177 



that can lead to the formation of MS lesions 31 
. Demyelinating MS lesions have been found to 

contain foam cells containing ingested myelin-derived lipids 32 
. Boven et al. 32 used an in vitro 

model of myelin ingestion to assess anti-inflammatory and pro-inflammatory markers based on 

location within the lesion. They found that the lipid-filled macrophages located at the center of 

the lesions expressed anti-inflammatory cytokines, such as IL-lra, CCL18, IL-10, TGF-~ and IL-4, 

but the cells did not express the pro-inflammatory cytokines such as TNF-a, IL-1~, IL-12p40/70, 

32regardless of location within the lesion . These authors proposed that lipid-ingested 

macrophages may have anti-inflammatory properties in the CNS and may also contribute to 

repair. They may contribute to the characteristic partial recovery that follows exacerbations in 

patients with RR-MS 32 
. 

In a cross-sectional analysis, van de Kraats et al. compared the serum and CSF levels of 24HC, 

27HC and lanosterol between MS patients and HC, and investigated the associations with MRI 

measures. They found that levels of serum 24HC were negatively associated with normalized 

gray matter volume (p = 0.004) in RR-MS patients 33 
. Additional studies have shown that serum 

levels of 24HC and 27HC were significantly lower in MS patients compared to HC, while 

lanosterol levels were increased in HC relative to MS patients 18 19
. In our analysis, we found 

supporting evidence that MS patients have lower levels of 24HC and 27HC compared to HC. Our 

findings indicating that age is negatively correlated with 24HC levels in HC and that 7aHC is 

lower in females compared to males is concordant with the results from a study by Stiles et al., 

who measured an extensive panel of sterols in a multi-ethnic, population-based sample 34
. 

To further delineate the significant associations between oxysterol levels and TC, LDL-C and 

ApoB, we investigated whether oxysterols were associated with particular sub-classes of 
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lipoprotein particles. To the best of our knowledge, this was the first assessment of oxysterol 

associations with lipoprotein particle concentrations in MS patients. We found that the large 

and medium VLDL and small LDL particle sub-class concentrations were most significantly 

associated with oxysterols. These results are consistent with the cardiovascular disease 

literature, where previous examinations of the oxysterols in lipoproteins revealed that small 

dense LDL are associated with the highest levels of oxidized lipids and have the strongest pro

atherogenic effect 35
. 

Although we were able to investigate numerous lipid profile and clinical covariates, our study is 

limited by its cross-sectional design and the lack of data on statins. However, we expect the 

intriguing results of this study in MS will provide the rationale for well-controlled longitudinal 

studies. 

In conclusion, the findings that lower levels of 24HC, 27HC and 7aHC are seen in MS patients 

compared to HC, and that higher 7KC levels are observed in P-MS compared to RR-MS indicate 

that the oxysterol network is disrupted in MS. Our findings also highlight the interdependence 

between oxysterols and LDL-C, which may explain the evidence that supports a role for LDL-C in 

the pathophysiology of MS. 
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ABSTRACT 

Purpose: To investigate whether changes in oxysterol and apolipoprotein levels over 5 years 

are associated with disease course and disability progression in multiple sclerosis (MS). 

Methods: This longitudinal, prospective, observational study included 139 subjects (39 healthy 

controls (HC), 61 relapsing-remitting MS (RR-MS), 39 progressive MS (P-MS)). A panel of 

oxysterols (24-hydroxycholesterol (24HC), 25HC, 27HC, 7aHC and 7-ketocholesterol (7KC)) were 

measured in baseline and 5-year plasma samples using a novel mass spectrometric method, 

and apolipoproteins were measured using immunoturbidometric diagnostic kits. Conversion to 

SP-MS was defined according to standard criteria. 

Results: The levels of 24HC (p =0.004), 25HC (p =0.029) and 27HC (p =0.026) increased in P-MS 

patients. In contrast, 7KC (p =0.047) and 7aHC (p =0.001) levels decreased in RR-MS patients, 

and there were no changes in any oxysterols in HC. 

In MS patients, ApoCII (all p::; 0.01) and ApoE (all p::; 0.01) changes were positively associated 

with all oxysterol levels. In HC, changes in ApoCII levels were associated only with changes in 

27HC levels (p = 0.009) and ApoE levels were not associated with changes in any of the 

oxysterols investigated. 

Increases in 24HC (p = 0.038) and ApoB (p = 0.038) and decreases in 7KC (p = 0.020) were 

observed in RR-MS patients who converted to SP-MS at follow-up and in SP-MS patients 

compared to RR-MS patients. 
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Conclusions: Oxysterols and their associations with apolipoproteins differed between MS and 

HC over 5-years. Oxysterol and apolipoprotein changes were associated with conversion to SP-

MS. 
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INTRODUCTION 

Multiple sclerosis (MS) is a chronic, inflammatory, demyelinating disease of the central nervous 

system (CNS) that results in blood-brain barrier (BBB) breakdown, inflammation, and 

neurodegeneration and causes physical and cognitive disability. 

There is extensive evidence suggesting that higher levels of total cholesterol (TC) and LDL-C are 

4associated with increasing disability in MS 1
- . Cholesterol is required for myelin structure and 

proper functioning of neuronal, vascular and immune cells in the CNS. Cholesterol and 

lipoproteins do not cross the BBB, so the brain is dependent on de nova cholesterol synthesis. 

Oxysterols are oxygenated cholesterol metabolites that traverse the BBB rapidly 5 and act as 

signaling mediators between the periphery and the CNS 6 to enable the maintenance of 

cholesterol homeostasis in the brain. Oxysterols are ligands for liver-X-receptor (LXR) 7 8 and are 

13involved in regulating the biosynthesis, cellular efflux and elimination of cholesterol 9
- . We 

investigated 3 side chain oxysterols: 24-hydroxycholesterol (24HC), 25-hydroxycholesterol 

(2SHC) and 27-hydroxycholesterol (27HC), and two B-ring oxysterols: 7-hydroxycholesterol 

(7aHC) and 7-ketocholesterol (7KC). 24HC is produced exclusively in the brain 11
, and is the 

primary regulator of cholesterol synthesis and the principal mechanism for cholesterol 

14 16elimination in the brain - . 25HC is produced in activated macrophages and mediates 

inflammatory signaling. 7aHC is the product of the rate-limiting step in the bile acid pathway of 

cholesterol elimination 17
, and it is a surrogate marker for bile acid synthesis and cholesterol 

excretion 17 
. 27HC is produced by CYP27A1 in the acidic pathway 18 

. 7KC results from oxidative 

stress and can induce apoptosis 19
, inflammation in endothelial cells and neuronal injury in the 
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brain 20
. van de Kraats et al. found that MS patients had lower levels of serum 24HC and 27HC 

compared to healthy controls (HC) 21 and higher 24HC levels were associated with decreased 

21normalized brain volume measures . Our group also found that 24HC, 27HC, and 7aHC (all p < 

0.015) were lower in MS compared to HC, and 7KC was higher in progressive MS (P-MS) 

compared to relapsing-remitting MS (RR-MS) (p < 0.001) 22 
. 

Apolipoproteins (Apo) contribute to maintaining peripheral cholesterol homeostasis and are 

surrogates for oxysterol signaling. ApoAI acts as an acceptor of cholesterol following efflux from 

cells 23 
. Serum ApoB is strongly associated with multiple oxysterols, including 24HC, 25HC, 

27HC, 7aHC and 7KC 22 24
, and is associated with inflammatory markers 25 

. In this study, we will 

focus on ApoE and ApoCI as the primary biomarkers for LXR signaling. ApoCI shuttles between 

lipoproteins and is important for the removal of cholesterol from tissues, and its levels are 

unaffected by inflammation 26 
. ApoE, which is modulated by 24HC, plays an important role in 

maintaining cholesterol homeostasis in the CNS by accepting cholesterol from astrocytes and 

shuttling it to neurons 7 
. 

The associations of oxysterol changes with MS disease progression have not been extensively 

investigated in longitudinal studies. The goals of this study are to investigate oxysterol and 

apolipoprotein levels in 5-year follow-up samples, and assess whether changes in these lipid 

mediators are associated with MS disease course conversion and disability progression. 
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METHODS 

Study Population 

Study Setting and Design: This study included samples and clinical data from a single-center, 

longitudinal, prospective study of clinical, genetic and environmental risk factors in MS at the 

MS Center of the State University of New York at Buffalo. The study includes patients with MS, 

clinically isolated syndrome (CIS), HC and controls with other neurological diseases (OND). 

Patients and controls provided blood samples, underwent neurological examination, and 

responded to a structured questionnaire administered in-person at baseline and 5-year follow

up visits. 

Informed Consent: The University at Buffalo Human Subjects Institutional Review Board 

approved the study protocol, and all participants provided written informed consent. 

Inclusion and Exclusion Criteria: This sub-study was limited to HC and MS patients 18-65 years 

of age with oxysterol and apolipoprotein measures available at baseline and 5-years. MS 

disease course at baseline and follow-up were reported by MS specialists based on patients' 

clinical characteristics and published disease course classification 27 
. Children younger than 18 

years, adults over 65 years of age, CIS, neuromyelitis optica, or OND were excluded from this 

sub-study. P-MS consisted of patients with secondary progressive MS (SP-MS) or primary 

progressive MS (PP-MS). 

A conversion to SP-MS categorical variable was defined to classify MS patients into the three 

groups: i) RR-MS at baseline and remained RR-MS at follow-up (RR-MS), ii) RR-MS at baseline 
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and had converted to SP-MS by the 5-year follow-up visit (RR-MS to SP-MS), and iii) SP-MS at 

baseline and follow-up (SP-MS). 

A Disability progression status variable was defined based on the following criteria: EDSS 

increase;;:: 0.5 at follow-up for the baseline EDSS score was greater than 5.5, an EDSS increase;;:: 

1.0 if the baseline EDSS score was between 1.0 and 5.5 and an EDSS increase ;;:: 1.5 if the 

baseline EDSS score was less than 1.0. 

We defined a SP-MS sub-groups variable by categorizing patients with SP-MS at baseline into 

Stable SP-MS, Active SP-MS and Progressive SP-MS based on their follow-up data. The Stable 

SP-MS sub-group did not have relapses, new T2 lesions or disability progression over 5 years. 

The Active SP-MS sub-group had 1 or more relapses or new Tl Gad lesion over the 5-year study 

period. The Progressive SP-MS sub-group experienced disability progression without relapses or 

new active lesions over the 5-year study period. 

Oxysterol Assays 

Sample preparation: Plasma samples were stored at -80°C until use. Samples, matrix calibrators 

and quality controls materials were prepared as previously described 28 
. In brief, 200 µI of 

sample was vortex-mixed with 100 µI of deuterated internal standard mix (150 ng/ml each of 

vitamin D3 (d3), 22HC (d7), 7aHC (d7), 7KC (d7)) and 10 µI of 50 mg/di ethanolic butylated 

hydroxytoluene and saponified using 875 µI of 0.5M ethanolic KOH for 3 hours at room 

temperature, under argon. The pH was neutralized using 20 µI of 85% phosphoric acid, 1 ml of 

water was added, the vial centrifuged, and the supernatant was loaded under gravity onto a 

HyperSep C18 solid phase extraction cartridge (200 mg, 3 ml) that had been conditioned with 1 
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ml of hexane: isopropanol (50:50 v/v), 1 ml of methanol and 2 ml of water, sequentially. Polar 

lipids were washed off the SPE column using 4 ml of methanol: water (75:25 v/v). Non-polar 

sterols (including cholesterol and oxysterols) were eluted using 2 ml of hexane: isopropanol 

(50:50 v/v). The eluate was evaporated under nitrogen, reconstituted in 300 µI of methanol: 

water (90:10, v/v), and 75 µI injected for LC-MS analysis. 

LC-MS Analysis: Oxysterols were analyzed on a Shimadzu Scientific (Columbia, MD) LCMS-

2010A mass spectrometer system with APCI interface in positive ion mode. Mobile phase 

composition was 100% methanol to pump A and methanol: water (50:50 v/v) to pump B, both 

containing 0.1% formic acid. Oxysterols were separated on a Supelcosil LC-18-S, 10 cm x 3.0 

mm, 3 µm column (Sigma Aldrich, St. Louis, MO). Column oven temperature was set at 10 °C 

and flow rate was at 0.75 ml/min. The mobile phase gradient was as followed: 80% A for 10 

minutes, linear increase to 100% A over 5 minutes and held for 13 minutes followed by re

equilibration at 80% A for 6 minutes; total run time was 34 minutes. Temperature settings for 

the MS were: interface at 400 °C, CDL at 230 °C and heat block at 200 °C. Nitrogen was used as 

a nebulizing gas for the ion source at a flow rate of 2.5 L/min. Data was acquired in time 

segmented- single ion monitoring (SIM) manner to achieve maximum sensitivity. The m/z ratios 

used for quantifying oxysterols were: 367.30 m/z for 24HC, 25HC, and 7aHC, 385.30 m/z for 27-

OHC, 401.40 m/z for 7-KC, 374.30 m/z for 22-OHC(d7), 374.30 m/z for 7aHC(d7), and 408.40 

m/z for 7-KC(d7). Calibrator standards were included in every run and the oxysterol 

concentrations in pg/ml were calculated using calibrator standards. 

Lipids and Apolipoproteins 
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EDTA plasma samples for lipid and apolipoprotein analyses were obtained in the non-fasted 

state. The methods used for lipid and apolipoprotein analyses were previously published 29 
. 

Analysts were blinded to the clinical status of samples. 

lmmunoturbidometric diagnostic reagent kits, calibrators and controls (Kamiya Biomedical, 

Thousand Oaks, CA) were used for the apolipoprotein (Al, All, B, CII and E) assays. The 

coefficient of variation of these assays is< 5%. 

Data Analysis 

SPSS (IBM Inc., Armonk, NY, version 24.0) statistical program was used. 

Oxysterol concentrations were log-transformed to reduce skew. Apolipoprotein concentrations 

were normally distributed and not log-transformed. 

Paired t-tests were used to investigate changes in 24HC, 25HC, 27HC, 7aHC, 7KC, ApoAI, 

ApoAII, ApoB, ApoCII and ApoE levels from baseline to follow-up in RR-MS, P-MS and HC groups 

alone. Additionally, we used repeated measures analyses to investigate associations between 

change in oxysterol or apolipoprotein level over 5 years with disease course at baseline (either 

HC vs. MS or RR-MS vs. P-MS) following adjustment for age, gender and BMI. 

The independent samples t-test was used to assess differences in baseline and follow-up levels 

of 24HC, 25HC, 27HC, 7aHC, 7-KC, ApoAI, ApoAII, ApoB, ApoCII and ApoE between HC and MS 

and between RR-MS and P-MS patients. 

Linear regression was used to investigate the associations between changes in each of the 

apolipoproteins (ApoAI, ApoAII, ApoB, ApoCII or ApoE) and the changes in each of the oxysterol 
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levels (24HC, 25HC, 27HC, 7aHC or 7-KC) over 5 years. The change in the apolipoprotein level of 

interest was the dependent variable, and age, gender, BMI, and the change in the oxysterol 

level of interest were treated as covariates. 

Linear regression was used to investigate associations between changes in oxysterol and 

apopolipoprotein levels from baseline to 5 years with the conversion to SP-MS variable and SP

MS sub-groups variable. In these analyses, the change in oxysterol or apolipoprotein variable of 

interest from baseline to 5 years was the dependent variable, and the predictor variables 

included age, gender, baseline BMI, baseline oxysterol or apolipoprotein of interest and either 

the conversion to SP-MS variable or the SP-MS sub-groups variable. 
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RESULTS 

Demographic and Clinical Characteristics 

Baseline and follow-up clinical and demographic characteristics of the entire study sample and 

for HC, RR-MS and P-MS groups, are summarized in Table 1. The higher average age and 

median EDSS scores observed in P-MS patients are representative of the progressive disease 

course. 

Table 1. Demographic and clinical characteristics by disease course at baseline visit. 

All Subjects HC RR-MS P-MS 

Sample size n 139 39 61 39 

% Female 100 (71.9%) 28 (71.8%) 43 (70.5%) 29 (74.4%) 

Age, years: 

Baseline 48.3 ± 11.5 46.4 ± 12.7 44.7 ± 11.1 56.0 ± 6.1 

Follow-up 54.3 ± 11.6 52.2 ± 12.7 50.7 ± 11.2 62 .2 ± 6.0 

Disease duration, years: 

Baseline 16.2 ± 10.4 - 13.2 ± 8.7 21.3 ± 10.4 

Follow-up 22.2 ± 10.5 19.2 ± 8.9 27.3 ± 10.2 

BMI, kg/m2 
: 

Baseline 27.2 ± 5.7 27.0 ± 6.1 28.1 ± 6.3 26.0 ± 3.9 

Follow-up 27.5 ± 6.9 26.6 ± 6.7 28.8 ± 7.9 26.5 ± 4.7 

EDSSa: 

Baseline 3.0 (3.3) - 2.5 (2.0) 5.0 (3.0) 

Follow-up 3.5 (4.0) 2.5 (1.5) 6.0 (2.8) 

a All continuous variables (age, BMI, disease duration) are mean ± standard deviation . For the 

ordinal EDSS, the median (inter-quartile range) is given . 

Oxysterol Changes at 5-Year Follow-up 

Figure 1 summarizes the changes in oxysterol (24HC, 25HC, 27HC, 7KC and 7aHC) levels from 

198 



baseline to 5 years in HC, RR-MS and P-MS patients. 

There were no significant changes in any oxysterol levels between baseline and 5 years in HC. 

We compared oxysterols levels in the entire MS patient group to the HC group and found that 

follow-up 7aHC levels were lower in MS compared to HC (p = 0.012). No other differences were 

observed between baseline or follow-up levels of oxysterols in the MS patient group compared 

to HC. 
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Figure 1. Oxysterol levels in HC (HC), relapsing remitting MS (RR-MS) and progressive MS (P-MS) at 

baseline (blue bars) and 5 years (green bars) . Figure 1 shows the values of 24HC (Figure lA), 25HC 
(Figure 1B), 27HC (Figure lC), 7KC (Figure lD), and 7aHC (Figure lE) in ng/ml, by disease course (HC, 
RR-MS and P-MS). The bars compare mean oxysterol values shown on the y-axis by disease course 

shown on the x-axis. The error bars indicate the standard error of the mean . The p-values from paired 

t-tests are provided for the changes in oxysterol levels from baseline to 5 years within each disease 

course . 

In RR-MS patients, 7KC (p =0.047) and 7aHC (p =0.001) levels decreased from baseline to 5 

years. No significant changes in 24HC, 25HC or 27HC were observed in the RR-MS patients. 
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Increases in 24HC (p =0.004), 25HC (p =0.029) and 27HC (p =0.026) levels from baseline to 5 

years were observed in P-MS patients. There were no significant changes in 7KC or 7aHC from 

baseline to 5 years in the P-MS group. 

Follow-up levels of both 25HC (p =0.008) and 7KC (p =0.023) were greater in P-MS patients 

compared to RR-MS patients. There were no other differences in baseline or follow-up 

oxysterols between RR-MS and P-MS patients. 

In repeated measures analyses that adjusted for age, gender, BMI, and RR-MS versus P-MS 

diagnosis at baseline, the greater decreases in 7KC and 7aHC over time in RR-MS compared to 

P-MS, and the greater increases in 25HC over time in P-MS compared to RR-MS remained 

significant (data not shown). 

These results suggest that MS disease course at baseline (RR-MS or P-MS) is associated with 

changes in oxysterol levels over 5 years. 

Apolipoprotein Changes at 5-Year Follow-up 

Figure 2 summarizes the changes in apolipoproteins (ApoAI, ApoAII, ApoB, ApoCII and ApoE) 

levels from baseline to 5 years in the HC, RR-MS patients and P-MS patients. 

In HC, ApoAI (p =0.012), ApoAII (p =0.041), ApoB (p =0.049), ApoCII (p =0.001) and ApoE (p = 

0.044) levels increased over 5 years. 

In the RR-MS group, only ApoAI levels increased (p < 0.001) from baseline to 5 years. No 

significant changes from baseline to follow-up were observed for ApoAII, ApoB, ApoCII or ApoE 

levels in the RR-MS group. 
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In the P-MS group, there was a decrease in ApoCII (p = 0.014) levels and an increase in ApoB (p 

= 0.011) levels from baseline to 5 years. No significant changes were observed in ApoAI, ApoAII 

and ApoE levels in the P-MS group. 

In repeated measures analyses that corrected for age, gender, BMI, and HC versus MS diagnosis 

at baseline, we found that the increases in ApoCII levels from baseline to 5 years in HC 

compared to MS patients remained significant (data not shown). 
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Figure 2. Apolipoprotein levels in healthy controls (HC), relapsing remitting MS (RR-MS) and 
progressive MS (P-MS) at baseline (blue bars) and at 5-year follow-up (green bars). Figure 2 shows the 

values for ApoAI (Figure 2A), ApoAII (Figure 2B, ApoB (Figure 2C), ApoCII (Figure 2D) and ApoE (Figure 

2E) in mg/di. The bars compare mean apolipoprotein values on the y-axis by disease course shown on 

the x-axis. The error bars indicate the standard error of the mean. The p-values are provided from 
paired t-tests assessing the differences between baseline and 5-year apolipoprotein levels within each 

disease course . 

Interdependence of Apolipoproteins and Oxysterol Changes Over 5 Years 

We investigated the associations, if any, between apolipoprotein and oxysterol changes, 

201 



because oxysterols are known to induce ApoE and ApoCII biosynthesis via transcriptional 

activation of LXR 30
. 

In HC, changes in 25HC were positively associated with change in ApoAI (p = 0.041). In MS 

patients, changes in 7aHC levels were positively associated with changes in ApoAI over 5 years 

(p = 0.043). There were no significant associations between changes in any of the oxysterol 

levels and the changes in ApoAII in HC. In MS patients, changes in 24HC (p =0.008), 27HC (p = 

0.005) and 7aHC (p = 0.018) were positively associated with changes in ApoAII over 5 years. 

None of the other oxysterol changes were associated with ApoAI changes in HC or with ApoAI 

and ApoAII changes in MS. 

In HC, changes in 24HC (p < 0.001), 25HC (p = 0.002) and 27HC (p < 0.001) levels were positively 

associated with increases in ApoB over 5 years. ApoB changes were not associated with 7aHC 

or 7KC changes in HC. In MS patients, changes in 24HC, 25HC, 27HC, 7aHC and 7KC levels were 

positively associated with ApoB (all p::; 0.008). 

In HC, only changes in 27HC levels were positively associated with changes in ApoCII (p = 0.009). 

Changes in the other oxysterols were not associated with ApoCII changes over time in HC. 

There were no significant associations between changes in any oxysterol levels and the changes 

in ApoE in HC. In MS patients, changes in 24HC, 25HC, 27HC, 7aHC and 7KC levels were all 

positively associated with ApoCII (all p ::; 0.01) and ApoE (all p ::; 0.01) changes over the 5-year 

study period. 

These results indicate that increases in ApoCII and ApoE are associated with increases in 

oxysterols in MS patients, but not in HC. 
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Oxysterol and Apolipoproteins Changes in RR-MS Patients Converting to SP-MS 

Next, we investigated whether changes in oxysterol and apolipoprotein levels from baseline to 

5 years differed in the subset of patients who converted from RR-MS at baseline to SP-MS at 5 

years. There were 52 patients with RR-MS at baseline and 5 years, 31 patients with SP-MS at 

baseline and 5 years, and 9 patients with RR-MS at baseline but progressed to SP-MS at 5 years. 

The RR-MS patients who converted to SP-MS had a higher average EDSS score at both baseline 

and follow-up visits and a lower relapse rate compared to RR-MS patients (Figure 3), which is a 

clinical profile consistent with the conversion of the MS disease course from RR-MS to SP-MS. 
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Figure 3. EDSS score (Figure 3A) at baseline (blue bars) and 5 years (green bars) and relapse rate 

(Figure 3B) over 5 years in patients who were diagnosed with RR-MS at baseline and remained 

diagnosed with RR-MS at 5 years (RR RR), patients who switched from RR-MS diagnosis at baseline to 

SP-MS at 5 years (RR SPMS), and patients who were diagnosed with SP-MS at baseline and remained 
SP-MS at 5 years (SP-MS SP-MS). The error bars indicate the standard error of the mean . 

Greater increases in 24HC (p =0.038, Figure 4A) and ApoB (p =0.038, Figure 4D) and greater 

decreases in 7KC (p = 0.020, Figure 4C) were observed in the RR-MS patients who converted to 

SP-MS and SP-MS patients compared to the RR-MS patients. However, greater decreases in 

25HC (p = 0.020, Figure 4B) were seen in the RR-MS patients and the RR-MS who converted to 
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- -

SP-MS compared to the SP-MS patients. These results suggest that 24HC, 7KC and ApoB are 

associated with progression from RR-MS to SP-MS. 
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Figure 4. Oxysterol and apolipoprotein levels at baseline (blue bars) and 5 years (green bars) by the 
disease course conversion status (RR RR, RR SPMS, SPMS SPMS). Figure 4 shows the mean values for 
oxysterols 24HC (Figure 4A), 25HC (Figure 4B), 7KC (Figure 4C) and, ApoB (Figure 4D) in mg/di, by 
disease course conversion status. The error bars indicate standard error of the mean. 

Oxysterol and Apolipoprotein Changes in Stable, Active and Progressive SP-MS 

For this analysis, we focused on SP-MS patients at baseline who were categorized based on 
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follow-up data into stable SP-MS (no relapses, no new lesions and no disability progression), 

active (1 or more new lesions or relapses) or progressive (disability progression without 

relapses and new lesions) SP-MS sub-groups. 

There were 19 patients with stable SP-MS, 7 patients with active SP-MS and 3 patients with 

progressive SP-MS. Greater increases in both ApoCII (p = 0.018) and ApoE (p = 0.031) were 

observed in the progressive SP-MS sub-group compared to the stable SP-MS and active SP-MS 

sub-groups (Figure 5). We did not find significant associations for changes in any other 

apolipoprotein or oxysterol level with the SP-MS sub-categories. 
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Figure 5. Apolipoprotein C-11 (Figure SA) and apolipoprotein E levels at baseline (blue bars) and 5 
years (green bars) for SP-MS patients at baseline visit who were stable, active or progressive during 
the 5-year period. The error bars indicate standard error of the mean. 
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DISCUSSION 

We measured oxysterol and apolipoprotein levels from baseline to 5 years in MS patients and 

HC, and investigated whether these changes were associated with disease course conversion 

and disability progression. 24HC, 25HC and 27HC levels increased in P-MS patients, whereas 

7KC and 7aHC decreased in RR-MS patients over 5 years. However, no changes in oxysterol 

levels were observed in HC. Interestingly, all of the apolipoprotein levels investigated increased 

in HC, while ApoB increased and ApoCII decreased in P-MS patients and only ApoAI increased in 

RR-MS patients. Increases in many of the oxysterol measures were associated with increases in 

ApoB over 5 years in both MS patients and HC. However, increasing levels of almost every 

oxysterol were associated with increases in ApoAII, ApoCII and ApoE levels in MS patients, but 

not HC. Changes in oxysterol and apolipoprotein levels were observed with conversion of RR

MS patients to SP-MS at follow-up. Interestingly, greater increases in ApoCII and ApoE were 

observed in the progressive SP-MS sub-group compared to the stable SP-MS and active SP-MS 

sub-groups. 

A strength of this study was its longitudinal follow-up analysis that included an extensive 

oxysterol and apolipoprotein panel assayed in paired baseline and follow-up samples. However, 

the limitations of this study warrant discussion. There was a relatively small number of patients 

who converted from RR-MS at baseline to SP-MS at follow-up and in the Active and Progressive 

SP-MS sub-groups, which limits the statistical power in this study. Furthermore, the diagnosis of 

SP-MS is subjective and is arrived at retrospectively 31 
. Our study would also be strengthened 

with the inclusion of CSF measures of oxysterols and apolipoproteins, which would provide 

additional information on the crosstalk between cholesterol in the CNS and periphery via the 
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oxysterol network and apolipoprotein signaling. 

In our previous study 22 we showed how baseline oxysterol levels differed by disease course. 

This study expands on our previous work by including 5-year follow-up data, which allowed us 

to investigate long-term changes in oxysterols and apolipoproteins. The results from this study, 

which are concordant with our previous results, indicate that the oxysterol network is disrupted 

in MS, and that the RR-MS and P-MS disease courses are associated with changes in different 

oxysterol levels. RR-MS patients exhibited decreases in sterol B-ring oxysterols (7aHC and 7KC) 

in contrast to P-MS patients who exhibited increases in side chain oxysterols (24HC, 25HC and 

27HC), all ligands of the LXR receptor. 

There were nine patients who converted from RR-MS at baseline to SP-MS at follow-up. These 

patients exhibited EDSS scores and relapse rates qualitatively similar to that of the patients who 

were diagnosed with SP-MS at baseline and follow-up. Additionally, the changes in 24HC, 7KC 

and ApoAI over 5 years in the 9 RR-MS patients who converted to SP-MS by follow-up is similar 

to the changes seen in the SP-MS patients rather than the RR-MS patients. 

We investigated the associations between oxysterol and apolipoprotein changes with MS 

progression in two ways. We first compared the oxysterol and apolipoprotein profiles in the 

patients who progressed from RR-MS at baseline to SP-MS at 5 years with that of the patients 

who remained RR-MS at 5 years and the patients who remained SP-MS at 5 years. We 

additionally investigated the stable, active and progressive SP-MS sub-groups based on the 

presence of disability progression, relapse and T2 lesions during the follow-up period. In the 

Progressive SP-MS group, we found increases in ApoC-11 and ApoE levels. These specific 
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apolipoproteins are known to be up-regulated upon oxysterol signaling via LXR. 

In conclusion, our results indicate differences in baseline and 5-year oxysterol levels between 

RR-MS patients, P-MS patients and HC. The direction and the extent of change in oxysterol and 

apolipoprotein levels also differ between the MS disease courses and HC. The changes in 

oxysterols are associated with changes in apolipoprotein levels to a greater extent in MS 

patients than in HC. Furthermore, there are distinct differences in oxysterol and apolipoprotein 

profiles in patients progressing to SP-MS. These findings may be useful for developing future 

studies that aim to delineate the mechanisms by which oxysterols, as well as other cholesterol 

mediators, may contribute to MS pathogenesis. 

208 



ACKNOWLEDGEMENTS 

The authors thank the patients who participated in this study. 

FUNDING INFORMATION 

Support from the National Institute of Neurological Disorders and Stroke (1R21NS098169) to 

the Ramanathan laboratory is gratefully acknowledged. Research reported in this publication 

was also funded by the National Center for Advancing Translational Sciences of the National 

Institutes of Health (NIH) under award Number UL1TR001412. The content is solely the 

responsibility of the authors and does not necessarily represent the official views of the NIH. 

209 



REFERENCES 

1. Tettey P, Simpson S, Jr., Taylor BV, et al. Vascular comorbidities in the onset and progression 

of multiple sclerosis. J Neural Sci 2014;347(1-2):23-33. doi: 10.1016/j.jns.2014.10.020 

2. Weinstock-Guttman B, Zivadinov R, Mahfooz N, et al. Serum lipid profiles are associated with 

disability and MRI outcomes in multiple sclerosis. J Neuroinflammation 2011;8:127. doi: 

10.1186/1742-2094-8-127 

3. Mandoj C, Renna R, Plantone D, et al. Anti-annexin antibodies, cholesterol levels and 

disability in multiple sclerosis. Neurosci Lett 2015;606:156-60. doi: 

10.1016/j.neulet.2015.08.054 

4. Tettey P, Simpson S, Jr., Taylor B, et al. An adverse lipid profile is associated with disability 

and progression in disability, in people with MS. Mutt Seier 2014;20(13):1737-44. doi: 

10.1177/1352458514533162 

5. Heverin M, Meaney S, Lutjohann D, et al. Crossing the barrier: net flux of 27-

hydroxycholesterol into the human brain. J Lipid Res 2005;46(5):1047-52. doi: 

10.1194/jlr.M500024-JLR200 

6. Jeitner TM, Voloshyna I, Reiss AB. Oxysterol derivatives of cholesterol in neurodegenerative 

disorders. Current medicinal chemistry 2011;18(10):1515-25. [published Online First: 

2011/03/25] 

7. Abildayeva K, Jansen PJ, Hirsch-Reinshagen V, et al. 24(S)-hydroxycholesterol participates in a 

liver X receptor-controlled pathway in astrocytes that regulates apolipoprotein E-

210 



mediated cholesterol efflux. J Biol Chem 2006;281(18):12799-808. doi: 

10.1074/jbc.M601019200 

8. Leoni V, Caccia C. 24S-hydroxycholesterol in plasma: a marker of cholesterol turnover in 

neurodegenerative diseases. Biochimie 2013;95(3):595-612. doi: 

10.1016/j.biochi.2012.09.025 

9. Bjorkhem I, Meaney S. Brain cholesterol: long secret life behind a barrier. Arterioscler Thromb 

Vase Biol 2004;24(5):806-15. doi: 10.1161/01.ATV.0000120374.59826.lb 

10. Diczfalusy U, Lund E, Lutjohann D, et al. Novel pathways for elimination of cholesterol by 

extrahepatic formation of side-chain oxidized oxysterols. Scand J Clin Lab Invest Suppl 

1996;226:9-17. 

11. Dietschy JM, Turley SD. Thematic review series: brain Lipids. Cholesterol metabolism in the 

central nervous system during early development and in the mature animal. J Lipid Res 

2004;45(8):1375-97. doi: 10.1194/jlr.R400004-JLR200 

R400004-JLR200 [pii] [published Online First: 2004/07/16] 

12. Meaney S, Heverin M, Panzenboeck U, et al. Novel route for elimination of brain oxysterols 

across the blood-brain barrier: conversion into 7alpha-hydroxy-3-oxo-4-cholestenoic 

acid. J Lipid Res 2007;48(4):944-51. doi: 10.1194/jlr.M600529-JLR200 

13. Schwarz M, Lund EG, Setchell KD, et al. Disruption of cholesterol 7alpha-hydroxylase gene in 

mice. II. Bile acid deficiency is overcome by induction of oxysterol 7alpha-hydroxylase. J 

Biol Chem 1996;271(30):18024-31. 

211 

https://10.1161/01.ATV.0000120374.59826.lb


14. Lund EG, Xie C, Katti T, et al. Knockout of the cholesterol 24-hydroxylase gene in mice 

reveals a brain-specific mechanism of cholesterol turnover. J Biol Chem 

2003;278(25):22980-8. doi: 10.1074/jbc.M303415200 

M303415200 [pii] [published Online First: 2003/04/11] 

15. Bjorkhem I, Lutjohann D, Breuer 0, et al. Importance of a novel oxidative mechanism for 

elimination of brain cholesterol. Turnover of cholesterol and 24(5)-hydroxycholesterol in 

rat brain as measured with 1802 techniques in vivo and in vitro. J Biol Chem 

1997;272(48):30178-84. [published Online First: 1997/12/31] 

16. Lutjohann D, Breuer 0, Ahlberg G, et al. Cholesterol homeostasis in human brain: evidence 

for an age-dependent flux of 24S-hydroxycholesterol from the brain into the circulation. 

Proc Natl Acad Sci US A 1996;93(18):9799-804. [published Online First: 1996/09/03] 

17. Crosignani A, Zuin M, Allocca M, et al. Oxysterols in bile acid metabolism. Clinica Chimica 

Acta 2011;412(23-24):2037-45. doi: DOI 10.1016/j.cca.2011.07.028 

18. Chawla A, Saez E, Evans RM. "Don't know much bile-ology". Cell 2000;103(1):1-4. doi: 

S0092-8674(00)00097-0 [pii] [published Online First: 2000/10/29] 

19. Terasaka N, Wang N, Yvan-Charvet L, et al. High-density lipoprotein protects macrophages 

from oxidized low-density lipoprotein-induced apoptosis by promoting efflux of 7-

ketocholesterol via ABCG1. Proc Natl Acad Sci U S A 2007;104(38):15093-8. doi: 

0704602104 [pii] 

10.1073/pnas.0704602104 [published Online First: 2007/09/12] 

212 



20. Diestel A, Aktas 0, Hackel D, et al. Activation of microglial poly(ADP-ribose)-polymerase-1 by 

cholesterol breakdown products during neuroinflammation: a link between 

demyelination and neuronal damage. J Exp Med 2003;198(11):1729-40. doi: 

10.1084/jem.20030975 

jem.20030975 [pii] [published Online First: 2003/12/06] 

21. van de Kraats C, Killestein J, Popescu V, et al. Oxysterols and cholesterol precursors 

correlate to magnetic resonance imaging measures of neurodegeneration in multiple 

sclerosis. Mutt Seier 2014;20(4):412-7. doi: 10.1177/1352458513499421 

22. Mukhopadhyay S, Fellows K, Browne RW, et al. Interdependence of oxysterols with 

cholesterol profiles in multiple sclerosis. Mutt Seier 2017;23(6):792-801. doi: 

10.1177/1352458516666187 

23. Schwartz K, Lawn RM, Wade DP. ABC1 gene expression and ApoA-1-mediated cholesterol 

efflux are regulated by LXR. Biochem Biophys Res Commun 2000;274(3):794-802. doi: 

10.1006/bbrc.2000.3243 

24. Alkazemi D, Egeland G, Vaya J, et al. Oxysterol as a marker of atherogenic dyslipidemia in 

adolescence. J Clin Endocrinot Metab 2008;93(11):4282-9. doi: 10.1210/jc.2008-0586 

25. Sniderman AD, Faraj M. Apolipoprotein B, apolipoprotein A-1, insulin resistance and the 

metabolic syndrome. Curr Opin Lipidot 2007;18(6):633-7. doi: 

10.1097 /MOL.0b013e3282f0dd33 

213 



26. lsshiki M, Hirayama S, Ueno T, et al. Apolipoproteins C-11 and C-11I as nutritional markers 

unaffected by inflammation. Clin Chim Acta 2018 doi: 10.1016/j.cca.2018.03.004 

27. Lublin FD, Reingold SC, Cohen JA, et al. Defining the clinical course of multiple sclerosis: the 

2013 revisions. Neurology 2014;83(3):278-86. doi: 10.1212/WNL.0000000000000560 

28. Narayanaswamy R, Iyer V, Khare P, et al. Simultaneous determination of oxysterols, 

cholesterol and 25-hydroxy-vitamin D3 in human plasma by LC-UV-MS. PloS one 

2015;10(4):e0123771. doi: 10.1371/journal.pone.0123771 

29. Browne RW, Weinstock-Guttman B, Horakova D, et al. Apolipoproteins are associated with 

new MRI lesions and deep grey matter atrophy in clinically isolated syndromes. Journal 

of neurology, neurosurgery, and psychiatry 2014;85(8):859-64. doi: 10.1136/jnnp-2013-

307106 

30. Mak PA, Laffitte BA, Desrumaux C, et al. Regulated expression of the apolipoprotein E/C-I/C

IV/C-II gene cluster in murine and human macrophages. A critical role for nuclear liver X 

receptors alpha and beta. J Biol Chem 2002;277(35):31900-8. doi: 

10.1074/jbc.M202993200 

31. Lorscheider J, Buzzard K, Jokubaitis V, et al. Defining secondary progressive multiple 

sclerosis. Brain 2016;139(Pt 9):2395-405. doi: 10.1093/brain/aww173 

214 



Chapter 7: Lipid Profile is Associated 
with Decreased Fatigue in Individuals 
with Progressive Multiple Sclerosis 
Following a Modified Paleolithic Diet
Based Intervention 

215 



Author Contributions 

Kelly Fellows•, 1 - Data analysis, data interpretation and manuscript drafting. 

3Terry Wah ls•, 2' - Data acquisition, study concept, study performance and manuscript drafting. 

Richard W. Browne 4 
- Manuscript drafting and lipid expertise. 

Linda Rubenstein 5 
- Statistical analysis, data interpretation and manuscript drafting. 

Babita Bisht 2 
- Study concept, study performance and manuscript drafting. 

Catherine A. Chenard 2 
- Study concept, study performance, data analysis and manuscript 

drafting. 

Linda Snetselaar 5 
- Study concept, study performance, data analysis and manuscript drafting. 

Bianca Weinstock-Guttman 6 
- Manuscript review. 

6Murali Ramanathan 1
' - Study concept, data analysis, data interpretation and manuscript 

drafting. 

Author Affiliations 

1 Department of Pharmaceutical Sciences, State University of New York, Buffalo, NY, USA. 

2 Department of Internal Medicine, University of Iowa, Iowa City, IA, USA. 

3 Department of Neurology, University of Iowa, Iowa City, IA, USA. 

4 Department of Biotechnical and Clinical Laboratory Sciences, State University of New 
York, Buffalo, NY, USA 

5 Department of Epidemiology, University of Iowa, Iowa City, IA, USA. 

6 Department of Neurology, State University of New York, Buffalo, NY, USA 

• These authors contributed equally 

Publication Details 

This chapter has been formatted for submission to Metabolism Clinical and Experimental. 
Additional results have been included in this chapter that were not submitted for publication. 

216 



DISCLOSURES 

Dr. Terry L Wahls owns the copyrights to the books Minding My Mitochondria, 2nd Edition, The 

Wahls Protocol, and The Wahls Protocol Cooking for Life. Dr. Wahls has research funding from 

the National Multiple Sclerosis Society and has financial relationships with Penguin Random 

House Inc., Integrative Medicine for Mental Health, Institute for Health and Healing, Suttler 

Pacific, BioCeuticals, NCURA, MCG Health Inc., and Genova Diagnostics. Dr. Wahls has also 

trademarked the following terms: Wahls™ Diet, Wahls Paleo™ Diet, Wahls Paleo Plus™ Diet, 

Wah ls Protocol 
® 

and has equity interest in TZ Press, LLC, Dr. Terry Wah ls, LLC, The Wah ls Institute, 

PLC, and the website www.terrywahls.com. Conflict of interest management plans have been 

completed and are on file with the University of Iowa and the Iowa City Veterans Affairs Health 

Care System. 

Dr. Bianca Weinstock-Guttman received honoraria for serving on advisory boards and 

educational programs of Teva Pharmaceuticals, Biogen Idec, Novartis, Accorda, EMD Serano, 

Pfizer, Novartis, Genzyme and Sanofi. She also received support for research activities from the 

National Institutes of Health, National Multiple Sclerosis Society, National Science Foundation, 

Department of Defense, EMD Serano, Biogen Idec, Teva Neuroscience, Cyberonics, Novartis, 

Accorda and the Jog for the Jake Foundation. 

Dr. Murali Ramanathan received research funding from the National Multiple Sclerosis Society, 

National Science Foundation and the National Institutes of Health. He receives royalties from a 

self-published textbook. He has received funding from Otsuka Pharmaceutical and Development. 

These are unrelated to the research presented in this report. 

217 

www.terrywahls.com


Kelly Fellows, Catherine Chenard, Dr. Linda Rubenstein, Babita Bisht, Dr. Linda Snetselaar, and 

Dr. Richard W. Browne have no disclosures. 

218 



ABSTRACT 

Purpose: To investigate associations between lipid profiles and fatigue in a cohort of progressive 

multiple sclerosis (MS) patients on a modified Paleolithic diet-based multimodal intervention. 

Methods: This pilot study included 18 progressive MS patients who participated in a prospective 

longitudinal study of fatigue following a modified Paleolithic diet-based multimodal intervention 

that included exercise, neuromuscular electrical stimulation and stress reduction. Fatigue was 

measured on the Fatigue Severity Scale (FSS) at baseline and every 3 months for 12 months. A 

lipid profile consisting of high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein 

cholesterol (LDL-C), total cholesterol (TC) and triglycerides (TG) was obtained on fasting blood 

samples at baseline and 12 months. 

Results: FSS scores decreased from a mean of 5.5 ± 1.3 at baseline to 3.0 ± 1.6 at 12 months. At 

12 months, increases in HDL-C (p =0.049) and decreases in BMI (p < 0.001), LDL-C (p =0.029), TG 

(p = 0.001), TG to HDL-C ratio (p = 0.002) and TC to HDL-C ratio (p = 0.003) were observed 

compared to baseline. Improvements in FSS were associated with increases in HDL-C (p = 0.048), 

and decreases in TC (p = 0.005) from baseline to 12 months. 

Conclusions: Lipid profile variables are associated with improvements in fatigue in progressive 

MS patients on a modified Paleolithic diet-based multi modal intervention. 

Key Words: diet; lipids; fatigue; metabolism; multiple sclerosis 
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1. INTRODUCTION 

Fatigue is defined as "a subjective lack of physical and/or mental energy that is perceived by the 

individual or caregiver to interfere with usual or desired activities"(l). Fatigue is a frequent and 

debilitating multiple sclerosis (MS) symptom (2). Estimates of its prevalence range from 52 % to 

93% (3). Fatigue affects MS patients' quality of life independently of disability (4) and adversely 

affects their ability to work full-time (5). 

The etiology of MS fatigue is considered multifactorial (6, 7). Fatigue can result from MS 

pathobiological processes, which cause blood-brain barrier breakdown, central nervous system 

inflammation, demyelination, lesion formation and neurodegeneration (7). Fatigue can also 

result from co-morbidities such as depression, physical and emotional stress and external factors, 

e.g., poor diet and lack of sleep (7). MS fatigue is a phenomenon distinct from fatigue caused by 

depression (2). 

Pharmacological options for treating MS-associated fatigue are limited. Patients are commonly 

prescribed modafinil or amantadine (8, 9). Anti-fatigue drugs have stimulant activity and are 

often associated with side effects. There is support for non-pharmacological options such as 

exercise, physical therapy with vestibular rehabilitation and cognitive behavioral therapy (10, 11). 

Some dietary interventions have shown promise for treating MS fatigue (12-15). Yadav et al 

showed that fatigue outcome measures were improved in relapsing-remitting MS patients on a 

very low-fat plant-based diet (12). We previously reported that a modified Paleolithic diet-based 

multimodal intervention supplemented with exercise, neuromuscular electrical stimulation and 

stress reduction techniques was effective at reducing fatigue in progressive MS patients (13-15). 
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However, the physiological mechanisms underlying the effectiveness of multimodal intervention 

on fatigue are not known. 

We investigated the associations of lipid pathways in ameliorating fatigue in progressive MS 

patients who participated in the modified Paleolithic diet-based multimodal intervention study 

(13-15). The study diet recommended high intake of greens and intensely colored vegetables and 

fruits and excluded foods with gluten-containing grains, dairy and eggs. The study diet 

encouraged consumption of animal and plant protein. Participants were advised to eat to satiety. 

The modified Paleolithic diet can broadly affect multiple physiological and biochemical pathways 

related to MS pathogenesis and fatigue because its lipid and micronutrient distributions and 

caloric sources are different from the usual American diet (16, 17). The associations between diet 

and lipid parameters have become delineated in recent meta-analyses conducted in the context 

of cardiovascular disease (18, 19). Replacing saturated fat with unsaturated fat while maintaining 

caloric intake was associated with lower rates of cardiovascular disease and other major causes 

of death and all-cause mortality including neurological diseases. The replacement of saturated 

fat by polyunsaturated and monounsaturated fats decreases TC, LDL-C and TG, whereas 

replacement of saturated fats by carbohydrates decreases TC and LDL-C, but increases TG. 

Saturated fat decreases and polyunsaturated fat increases the anti-inflammatory activity of HDL

C (20). Replacing saturated fat with polyunsaturated or monounsaturated fat lowers HDL-C 

slightly. However, replacement with carbohydrates lowers HDL-C to a greater extent {19, 21, 22). 

Our working hypothesis that lipid and cholesterol pathways could be potential mediators of the 

effects of the modified Paleolithic diet on fatigue was primarily motivated by two factors. First, 

the modified Paleolithic diet alters food macronutrient composition, which could affect 
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metabolism, causing changes in lipid and cholesterol profiles. Second, an emerging body of 

evidence has demonstrated that metabolic changes (23, 24) underlie the immune and 

neurodegenerative pathophysiological processes of MS and cholesterol biomarkers are 

associated with measures of brain injury and disease progression in both established MS and 

following the first demyelinating event (25-30). Indeed, a recent review of 21 studies 

demonstrates consistent associations of cholesterol biomarkers with MS disease burden and 

disease progression (31). However, the roles, if any, of lipid and cholesterol pathways in MS 

fatigue have not been investigated. 

The aims of this study were to characterize the changes in lipid and cholesterol biomarkers during 

the modified Paleolithic diet-based multimodal intervention and to investigate whether these 

biomarkers were associated with fatigue outcomes. 
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2. METHODS 

2.1 Study Population and Design 

2.1.1 Study Population 

Data was obtained during a Phase 1 safety/feasibility trial that assessed the feasibility and effects 

of an integrative 12-month modified Paleolithic diet-based multimodal intervention (modified 

Paleolithic diet, exercise, neuromuscular electrical stimulation, stress reduction) on fatigue in N 

= 20 progressive MS patients. For this sub-study, participants with lipid profile data at baseline 

and 12 months were included for analysis (n = 18). Two participants were excluded, one due to 

cognitive decline at 6 months and one lacking lipid profile data at 12 months. 

2.1.2 Inclusion and Exclusion Criteria 

Details regarding the study diet, inclusion and exclusion criteria and protocols and procedures 

have been published (13-15). Briefly, inclusion criteria were diagnosis of progressive MS 

confirmed by a neurologist specializing in MS; age 18-65 years; some level of gait impairment 

but ability to walk 25 feet with or without an assistive device; and an adult companion willing to 

assist with home exercise and neuromuscular electrical stimulation. Exclusion criteria were 

change in MS status in prior 3 months; abnormal renal or hepatic functions; current diagnosis of 

cancer (other than non-melanoma skin cancer); psychotic disorder; significant cognitive 

dysfunction; seizure disorder; heart block or abnormal rhythm; unstable heart disease; lung 

disease; diabetes requiring medication change in the past 3 months; implanted electronic device; 

antiplatelet or blood thinner medication; and vitamin D level > 150 ng/ml (or a vitamin D level 

>100 ng/ml combined with a blood calcium abnormal elevation> 10.2 mg/dL). 
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2.2 Study Protocol and Intervention 

2.2.1 Study Protocol 

The University of Iowa Human Subjects Institutional Review Board approved the study protocol. 

Written informed consent was obtained from all participants. 

Participants were first enrolled into a 2-week run -in period during which they were educated 

about the study diet. A stretching exercise program was designed for each participant. 

Participants were asked to follow the study diet and perform stretches during the run-in period 

and complete daily food and exercise logs. During the second visit a test electrical stimulation 

session was conducted. 

Participants who adhered to the study diet for 7 consecutive days during the run-in period and 

could tolerate electrical stimulation were enrolled into the 12-month main study. 

2.2.2 Study Diet 

The modified Paleolithic diet was the salient component of the multi modal intervention. The diet 

consisted of recommended, excluded and encouraged foods. Recommended foods were three 

daily servings each of green leafy vegetables, sulfur-rich vegetables and intensely colored fruits 

and vegetables. Excluded foods were gluten-containing grains, dairy and eggs. Encouraged foods 

included daily servings of animal protein (4 ounces or more), plant protein (4 ounces or more), 

omega-3 oils (2 tablespoons), choice of non-dairy milks such as soy, almond, rice and coconut, 

nutritional yeast (1 tablespoon), kelp (1/4 teaspoon powder or 2 capsules), 

spirulina/chlorella/Klamath blue-green algae (¼ to 1 teaspoon or 4 to 8 capsules). Only two 

servings of gluten-free grains or starchy foods were allowed each week. Participants were 
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advised to eat until satiety. Weight loss was not a goal of the study. If participants lost more than 

10% of their body weight, their primary care physician was notified and the study team worked 

with participants to increase consumption of more high calorie foods. No participant engaged in 

fasting. 

Dietary supplements thought to be beneficial for MS were recommended to participants (13) 

including up to 4 grams of fish oil per day. Participants were allowed to refuse or discontinue 

taking supplements at any time and for any reason. 

2.2.3 Exercise, Neuromuscular Electrical Stimulation and Stress Reduction 

A home-based exercise program that included stretches and strengthening exercises for leg and 

trunk muscles was designed for each subject. Most strengthening exercises were performed 

along with neuromuscular electrical stimulation (exercise-NMES program) to facilitate muscle 

contraction and movement. Initially, participants were asked to perform 10-20 repetitions of a 

muscle group exercise within 10 minutes of electrical stimulation. The daily repetitions of 

stretches and strengthening exercises, and duration of electrical stimulation were progressively 

increased as participants' tolerance improved. Participants were asked to perform stretches and 

exercise-NM ES at least 5 days per week. Details of types of exercises and electrical stimulation 

have been described previously (13, 14). 

For stress reduction, participants were instructed to meditate and self-massage hands, feet, and 

face for a recommended duration of 20 minutes daily (13, 14). 
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2.3 Clinical and Laboratory Assessments 

Fatigue was measured on the Fatigue Severity Scale (FSS) at baseline and 3, 6, 9 and 12 months. 

Disability was assessed using the Kurtzke Expanded Disability Status Scale (EDSS) by the study 

neurologist at baseline and 12 months. 

Body mass index (BMI) values were calculated from corresponding weight and height 

measurements as the ratio of weight in kg to the square of height in meters. 

A complete lipid profile consisting of TG, TC and HDL-C was obtained from a clinical laboratory 

on fasting blood samples obtained at baseline and 12-month visits. LDL-C was calculated using 

the Friedewald equation (32). Ratios for TC-to-HDL-C and TG-to-HDL-C were computed from the 

laboratory values. 

2.4 Data Analysis 

2.4.1 Derived Variables 

Average adherence, average number of servings per day of recommended foods and average 

number of servings per day of excluded foods were calculated from participants' daily logs (14). 

Participants were considered adherent to the study diet on a study day if they consumed any 

recommended foods and did not consume an excluded food (14). Participants were considered 

adherent to exercise-NMES for each day that they performed either exercise or NMES, or both 

(14). The average duration in minutes of total daily exercise, NMES, meditation and massage 

were calculated from food and exercise logs every three months. We refer to diet adherence, 

servings per day of recommended foods, servings per day of excluded foods, exercise-NMES 
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adherence, duration in minutes per day of exercise, NMES, massage, or meditation collectively 

as intervention-adherence variables. 

Calorie and macronutrient data were derived from the 2007 semi-quantitative Harvard Food 

Frequency Questionnaire (33), which was completed by each participant at baseline and 12 

months. The questionnaire collected information about food and supplement intake during the 

past year. Questionnaires were analyzed by Harvard between October 2011 and April 2014 using 

the Harvard nutrient databases. 

Patients were classified as 'Good Responders' to the modified-Paleolithic diet-based multi modal 

intervention if they exhibited a 3-month sustained improvement on FSS. Patients whose FSS 

decreased by more than 2 points compared to baseline FSS, and improvement was sustained for 

2 consecutive visits (e.g., at 3 and 6 month visits, 6 and 9 month visits, 9 and 12 month visits or 

12 and 18 month visits), were classified as 'Good Responders'. Patients who did not exhibit a 3-

month sustained improvement in FSS scores were classified as 'Poor Responders'. 

2.4.2 Statistical Analyses 

Statistical analyses were conducted with the SPSS statistical program (version 24). Statistical 

significance was set at ::; 0.10 because this was a pilot study. No adjustments were made for 

multiple comparisons. Results are expressed as number and percent (n [%]) and means and 

standard deviations (SD). All baseline, 12-month and change score variables were assessed for 

normality and suitability for parametric analyses using graphical displays. 

The clinical outcome measure of interest was the change in FSS scores over time, which was 

comprised of FSS scores obtained at baseline and 3, 6, 9 and 12 months. Linear mixed effects 
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analysis with a random intercept for time and participant were used to investigate the 

associations of the change in FSS scores over time with each of the intervention-adherence 

variables. The FSS score obtained at the baseline, 3-, 6-, 9- and 12-month visits was the repeated 

measures variable. Age, gender, baseline EDSS, and the intervention-adherence variable of 

interest were fixed-effect independent variables. 

A paired t-test was used to assess changes in participants' nutrient intake and lipid profile 

variables (HDL-C, LDL-C, TC, TG, TG-to-HDL-C ratio, TC-to-HDL-C ratio and BMI) between baseline 

and 12 months. Results were confirmed using at-test for change scores. 

The association of mean nutrient changes and mean lipid profile changes were assessed using 

general linear model methods with the lipid variable as the outcome and the nutrient intake as 

the independent variable. Models were also assessed using the baseline lipid value as an 

adjustment variable. 

The associations of change in FSS scores from baseline to 12 months with changes in lipid profile 

variables (HDL-C, LDL-C, TC, TG and BMI) from baseline to 12 months used general linear model 

methods as described for nutrient and lipid profile analysis. The FSS change from baseline to 12 

months was the dependent variable and the change in lipid profile variable of interest from 

baseline to 12 months was the independent variable. In additional analyses, we investigated the 

impact of adjusting for the average intervention-adherence variables over 12 months on these 

associations. In these analyses, FSS change from baseline to 12 months was the dependent 

variable and the change in the lipid profile variable of interest from baseline to 12 months, and 

the average intervention-adherence variable of interest over 12 months were treated as 

independent variables. 
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To assess whether lipid profile variables at baseline and 12-months differed between Good 

Responders and Poor Responders we used RMA. The lipid profile variable of interest at baseline 

and 12-months was the dependent variable, and 3-month sustained fatigue improvement status 

was the predictor variable. 
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3. RESULTS 

3.1 Demographic and Clinical Characteristics 

In this sub-study, 18 progressive MS patients (16 secondary progressive MS [SP-MS] and 2 

primary progressive MS patients [PP-MS]) were included. Baseline clinical and demographic 

characteristics of participants are shown in Table 1. As this was a cohort of progressive MS 

patients, the majority (.!J. = 13, 72.2%) used a walking aid. Sixteen of the 18 study participants 

(89%) had a baseline FSS score~ 4.0. 

Table 1. Baseline demographic and clinical characteristics of study participants. 

Mean± SD Median 
Characteristic n 

Orn(%) 
Range 

75 t h [25 th 
- IQR] 

Age, years 18 51.8±6.7 38 to 66 53.3 [48 to 55] 

Gender, % Female 18 13 (72.2) 

Body mass index, kg/m
2 

18 24.5 ± 3.2 20.0-30.0 24.7 [21.8-27.2] 

Race: 
18 

Caucasian 17 (94.4) 

Hispanic 1 (5.6) 

Education: 
18 

High school 1 (5 .6) 

Some college 6 (33.3) 

4-year degree 4 (22.2) 

> College 7 (38.9) 

Diagnosis 
18 

SP-MS 16 (88.9) 

PP-MS 2 (11.1) 

Disease-modifying drugs 18 9 (50.0) 

Walking aid 18 13 (72.2) 

Disease duration, years 18 13.2 ± 7.6 3 to 27 11 [8 to 20] 

EDSS 18 6.2 ± 1.0 3.5 to 8 6.5 [6.0 to 6.5] 

Fatigue Severity Scale 18 5.5 ± 1.3 3.1 to 7 5.7 [4.4 to 6.7] 

Abbreviations: IQR: Inter-quartile range; SP-MS: Secondary progressive multiple sclerosis; PP-MS: Primary 

progressive multiple sclerosis; EDSS: Expanded Disability Status Scale (possible range 0-10); Fatigue Severity 

Scale (FSS9; possible range 1-7) 
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Table 2. Average daily calorie intake and macronutrient distributions at baseline and 12 months. 

Variable 

Energy, kcal 

Percent calories from 

Protein,% 

Carbohydrate,% 

Added sugar 

Fat,% 

Saturated fat,% 

Alcohol,% 

Cholesterol, mg 

Total fat, g 

Saturated fat, g 

Monounsaturated fat, g 

Polyunsaturated fat, g 

Trans fat, g 

Omega-3 fatty acids, fish O g 

Omega-3 fatty acids, fish and fish oil, E g 

Omega-3 fatty acids total, F g 

Omega-3 fatty acids total without supplements, G g 

Omega-6 fatty acids, H g 

Omega-6 fatty acids without supplements, 1 g 

Dietary fiber, g 

Carbohydrate, g 

Total sugar, g 

Natural sugar, g 

Added sugar, g 

Protein, g 

Glycemic index J 

Glycemic load J 

Alcohol, g 

Baseline 12 Months Mean± SD p-value c 

Means± SDA Mean± SD Changes 0 

1767 ± 510 1288 ± 370 -479 ± 606 0.004 

15.1 ± 3.0 20.3 ± 5.2 5.2 ± 5.0 0.0004 

48.4 ± 6.4 37.3 ± 7.7 -11.1 ± 8.2 <0.001 

11.9 ± 5.6 5.2 ± 4.0 -6.7 ± 7.2 0.001 

34.9 ± 6.6 43.8 ± 8.4 9.0 ± 10.0 0.001 

11.4 ± 2.9 8.6 ± 1.6 -2.8 ± 3.2 0.002 

3.7 ± 6.2 2.5 ± 4.1 -1.2 ± 4.2 0.23 

196± 90 151 ± 83 -44.9 ± 109.8 0.10 

69.0± 26.2 63.0 ± 21.8 -6.1 ± 32.3 0.44 

23.2± 11.8 12.5± 5.0 -10.6 ± 13.1 0.003 

24.9 ± 8.6 27.3 ± 10.3 2.3 ± 12.4 0.43 

14.5 ± 6.3 17.6 ± 7.5 3.1 ± 10.0 0.20 

2.4 ± 1.0 0.9 ± 0.5 -1.5 ± 1.0 <0.0001 

0.1 ± 0.1 0.4 ± 0.4 0.2 ± 0.3 0.005 

0.3 ± 0.3 0.8 ± 0.5 0.5 ± 0.5 0.001 

1.7 ± 1.0 3.2 ± 1.1 1.4 ± 1.3 0.0002 

1.4 ± 0.7 2.2 ± 1.1 0.8 ± 1.3 0.016 

12.2 ± 5.5 14.9 ± 7.3 2.7 ± 9.8 0.25 

12.1 ± 5.5 14.8 ± 7.4 2.6 ± 9.8 0.27 

18.9 ± 5.7 23.4 ± 5.9 4.5 ± 6.6 0.009 

213 ± 64.5 120 ± 42.7 -93 ± 73.1 <0.0001 

99.4 ± 50.8 61.4 ± 21.2 -38.0 ± 57.7 0.012 

49.6 ± 33.6 45.0 ± 16.8 -1.6 ± 39.0 0.86 

52.8 ± 31.0 16.4 ± 13.2 -36.4 ± 35.3 0.004 

68.0 ± 26.7 66.5 ± 28.5 -1.4 ± 36.7 0.87 

51.9 ± 4.5 41.5 ± 6.5 -10.4 ± 6.1 <0.0001 

110 ± 32.3 51.6 ± 25.1 -58.1 ± 35.7 <0.0001 

8.3 ± 11.8 3.6 ± 5.3 -4.7 ± 7.6 0.018 

A Mean and SD= standard deviation, except where noted as percent (SD) ; 8 The mean of baseline and 12 month changes is 
calculated by taking the differences for each participant and then calculating the mean of the individual changes; c p-values 

are for the mean of individual differences and generated via t-tests; 0 Sum of 20 :5 (n-3) eicosapentaenoic acid and 22 :6 (n-
3) docosahexaenoic acid from food (fish) only; E Sum of 20 :5 (n-3) eicosapentaenoic acid and 22:6 (n-3) docosahexaenoic 

acid from food and supplements; F Sum of 18:3(n-3) alpha-linolenic acid, 20 :3(n-3) eicosatrienoic acid, 20:5(n-3) 

eicosapentaenoic acid, 22 :3(n-3) 13c,16c,19c-docasatrienoic fatty acid, 22 :5(n-3) docosapentaenoic acid, and 22:6(n-3) 
docosahexaenoic acid from food and supplements; G Sum of 18:3(n-3) alpha-linolenic acid, 20 :3(n-3) eicosatrienoic acid, 

20:5(n-3) eicosapentaenoic acid, 22 :3(n-3) 13c,16c,19c-docasatrienoic fatty acid, 22 :5(n-3) docosapentaenoic acid, and 
22:6(n-3) docosahexaenoic acid from food only; H Sum of 18:2(n-6) linoleic acid, 18:3(n-6) gamma-linolenic acid, 20:2(n-6) 
eicosadienoic acid, 20 :3(n-6) dihomo-gamma-linolenic acid, 20 :4(n-6) arachidonic acid, 22 :2(n-6) docosadienoic acid, and 

22:4(n-6) adrenic acid from food and supplements; 1 Sum of 18:2(n-6) linoleic acid, 18:3(n-6) gamma-linolenic acid, 20:2(n-
6) eicosadienoic acid, 20 :3(n-6) dihomo-gamma-linolenic acid, 20:4(n-6) arachidonic acid, 22:2(n-6) docosadienoic acid, and 
22:4(n-6) adrenic acid from food only; J glucose reference. 
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3.2 Calorie and Macronutrient Intake 

Daily calorie and macronutrient intake at baseline and 12 months and corresponding changes are 

summarized in Table 2. Briefly, decreases were observed for mean energy (p=0.004), saturated 

fat (p=0.003), trans-fat (p<0.0001), carbohydrate (p<0.0001), total sugar (p=0.012), added sugar 

(p=0.004), glycemic index (p<0.0001), glycemic load (p<0.0001), and alcohol (p=0.018). The 

intake of omega-3 fatty acids from fish with (p=0.005) and without supplements (p=0.001), total 

omega-3 with (p=0.0002) and without supplements (p=0.016), and dietary fiber (p=0.009) 

increased. Percent calories from carbohydrate (p<0.001), added sugar (p=0.001) and saturated 

fat (p=0.002) decreased and percent calories from protein (p=0.0004) and fat (p=0.001) 

increased. 

3.3 Effects of the Modified Paleolithic Diet-Based Multimodal Intervention on Changes in FSS 

over 12 Months 

The mean decrease in FSS score was 2.5 ± 1.5 (p < 0.001). In repeated measures analyses, the FSS 

at 3, 6, 9 and 12 months (all p < 0.001) were decreased compared to baseline FSS (Figure 1). The 

mean decrease in FSS score was 2.48, from a baseline of 5.5 ± SD 1.3 to a mean of 3.03 ± SD 1.6 

at 12 months (p < 0.001). 

We next assessed whether the modified Paleolithic diet component of our intervention was a 

salient contributing factor to the improvements in fatigue over time. The changes in FSS scores 

over time were strongly associated with adherence to the diet (p = 0.022), the mean servings of 

recommended foods (p < 0.001) and the mean servings of excluded foods (p = 0.001). 
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Figure 1. Mean Fatigue Status Scale (FSS) scores at baseline, 3, 6, 9 and 12. Error bars are SEM. 

We then investigated the impact of the exercise, NMES, massage and meditation components on 

changes in fatigue over time. Fatigue change over time was not associated with average exercise-

NMES adherence (p = 0.29), average daily minutes of exercise (p = 0.064), NMES (p = 0.29), 

average daily minutes of massage (p = 0.50) or average daily minutes of meditation (p = 0.96). 

Additionally, we assessed whether the significant associations between the dietary adherence 

measures and the change in fatigue over time persisted after adjusting for exercise and NMES. 

Upon adjustment for the duration of exercise, both mean servings of excluded foods (p = 0.035) 

and adherence to the study diet (p = 0.030) remained significantly associated with the change in 

fatigue over time. Similarly, upon adjustment for average exercise-NMES adherence, both the 

mean servings of excluded foods (p = 0.012) and adherence to the diet (p = 0.011) remained 

significantly associated with changes in fatigue over time. The associations between mean 

servings of recommended foods and change in fatigue over time were maintained with the 

addition of exercise-NM ES adherence (p = 0.09). 
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3.4 Lipid Profile Changes 

Improvements in BMI (Figure 2A) and all lipid profile variables (Figures 2B-E) were observed over 

12 months. Mean BMI decreased and a significant decrease was seen in triglyceride levels. HDL

C levels increased and LDL-C levels and TC levels decreased. There were significant decreases in 

TC-to-HDL-C ratio and in TG-to-HDL-C ratio. 
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Figure 2. Body mass index (A), triglycerides (B), total cholesterol (C), high density lipoprotein cholesterol 

(D), low density lipoprotein cholesterol (E), total cholesterol to high density lipoprotein cholesterol ratio 

(F) and triglycerides to high density lipoprotein cholesterol ratio (G) at baseline and 12 months. Error 

bars are SEM. P-values generated via paired t-tests . 

3.5 Association of Changes in Nutrient Intake and Changes in Lipid Profiles 

The significant associations between changes in mean nutrient intake and changes in mean lipid 

profiles are presented in Table 3. Decreased TC levels were associated with decreased intake of 

energy and total fat and increased intake of monounsaturated fat, polyunsaturated fat and 

omega-6 fatty acids (all p < 0.051). Decreased TG levels were associated with decreased intake 
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Table 3. P-values for the associations A of nutrient intake changes with lipid profile changes 

TC HDL-C LDL-C TG 
TC to HDL-C 

ratio 

TG to HDL-C 

ratio 

8 ➔Lipid Profile Changes, mg/di 
Intake Changes c ..J.. 

-10.2 ± 20.9 +6.0 ±12.0 -10.4 ± 18.6 -28 .8 ± 31.1 -0.4 ± 0.5 -0.6 ± 0.7 

Cholesterol, mg -44.9 ± 110 

Total fat, g -6 .1 ± 32.3 0.020 0.036 

Saturated fat, g -10.6 ± 13.1 0.056 

Monounsaturated fat, g 2.3 ± 12.4 0.002 0.086 0.053 0.055 0.096 

Polyunsaturated fat, g 3.1 ± 10.0 0.051 

Trans fat, g -1.5 ± 1.0 0.042 
D

Omega-3 fatty acids, fi sh and fish oil, g 0.5 ± 0.5 
E

Omega-3 fatty acids total , g 1.4 ± 1.3 
F

Omega-3 fatty acids total without supplements, g 0.8 ± 1.3 0.076 
G

Omega-6 fatty acids total , g 2.7 ± 9.8 0.024 0.025 

Omega -6 fatty acids without supplements, g 
H 

2.6 ± 9.8 0.023 0.023 

Dietary fiber, g 4.5 ± 6.6 0.047 0.044 

Carbohydrate, g -93 ± 73.1 0.052 0.084 0.085 

Total sugar, g -38 .0 ± 57.6 0.048 0.096 

Natural sugar, g -1.6 ± 39.0 0.036 0.048 0.066 

Added sugar, g -36.4 ± 35.3 0.067 

Energy, kcal -479 ± 606 0.10 0.010 0.068 

Alcohol, g -4.7 ± 7.6 

A Mean and standard deviation for participants' mean lipid profile changes between baseline and 12-month visits; 8 Mean and standard deviation for participants' mean intake 
changes between baseline and 12-month visits; c Statistically significant p-values for the association of intake mean changes and lipid profile mean changes; 0 Sum of 20:5 (n-3) 
eicosapentaenoic acid and 22:6 (n-3) docosahexaenoic fatty acids from food and supplements; E Sum of 18:3 (n-3) alpha-linolenic acid, 20:3 (n-3) eicosatrienoic acid, 20:5 (n-3) 
eicosapentaenoic acid, 22:3 (n-3) 13c,16c,19c-docasatrienoic fatty acid, 22:5 (n-3) docosapentaenoic acid, and 22:6 (n-3) docosahexaenoic acid from food and supplements; F Sum 

of 18:3 (n-3) alpha linolenic acid, 20:3 (n-3) eicosatrienoic acid, 20:5 (n-3) eicosapentaenoic acid, 22:3 (n-3) 13c,16c,19c-docasatrienoic fatty acid, 22:5 (n-3) docosapentaenoic 
acid, and 22:6 (n-3) docosahexaenoic acid from food only; G Sum of 18:2 (n-6) linoleic acid, 18:3 (n-6) gamma-linolenic acid, 20:2 (n-6) eicosadienoic acid, 20:3 (n-6) dihomo
gamma-linolenic acid, 20:4 (n-6) arachidonic acid, 22:2 (n-6) docosadienoic acid, and 22:4 (n-6) adrenic acid from food and supplements; H Sum of 18:2 (n-6) linoleic acid, 18:3 (n-
6) gamma-linolenic acid, 20:2 (n-6) eicosadienoic acid, 20:3 (n-6) dihomo-gamma-linolenic acid, 20:4 (n-6) arachidonic acid, 22:2 (n-6) docosadienoic acid, and 22:4 (n-6) adrenic 

acid from food only. 

235 



of energy, total fat, saturated fat, trans-fat, carbohydrate, and added sugar (all p < 0.067). 

Decreased TG levels were also associated with increased intake of monounsaturated fat and 

dietary fiber (all p < 0.053). Increased HDL-C levels were associated with increased intake of 

monounsaturated fat and dietary fiber, and decreased intake of natural sugar (all p < 0.086). 

Decreased levels of both TC-to-HDL-C ratio and TG-to-HDL-C ratio were associated with increased 

intake of monounsaturated fat and decreased intake of carbohydrate, total sugar and natural 

sugar (all p::; 0.10). In addition, decreased TC-to-HDL-C ratio was also associated with omega-3 

fatty acid intake from food and supplements and omega-6 fatty acid consumption (all p < 0.096). 

3.6 Associations Between Changes in Lipid Profile Variables and Changes in FSS 

The decrease in mean FSS score was not associated with mean change in BMI from baseline to 

12 months. Increased HDL-C (p = 0.048) and decreased TC (p = 0.005) were associated with 

greater decreases in FSS but changes in LDL-C and TG were not. 

In additional analyses, the associations between change in FSS over time and increase in HDL-C 

over time (all p ::; 0.058) and TC (all p ::; 0.007) persisted upon adjustment for average diet 

adherence, average servings of recommended foods, average servings of excluded foods and 

average exercise-NMES adherence. 

3.7 Lipid Profiles and 3-Month Sustained Fatigue Improvement Status 

We investigated whether there were differences in lipid profiles between the Good Responders 

vs. Poor Responders groups (Figure 3). 13 (72.2%) patients exhibited 3-month sustained FSS 

improvement and were classified as Good Responders, while 5 (27.8%) patients did not exhibit 

3-month sustained FSS improvement and were classified as Poor Responders. 
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BMI was qualitatively similar in both Good Responders and Poor Responders (Figure 3A). Levels 

of TC (p =0.039, Figure 3C), HDL-C (p =0.008, Figure 3D) and TG to HDL-C ratio (p =0.042, Figure 

3G) differed between Good Responders vs. Poor Responders. There was a trend (p = 0.081, Figure 

3B) toward differences in TG levels in Good Responders compared to Poor Responders. 

These graphs indicate that the associations of TC with 3-month sustained fatigue improvement 

status contain important contributions from HDL-C. 
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Figure 3. Lipid profile variables in Good Responders (light green and dark green bars) and Poor 

Responders (light blue and dark blue bars) based on the 3-month sustained fatigue improvement 

criterion . The number O is shown in white text inside the bars that represent the lipid profile values at 

baseline, and the number 12 is shown in white text inside the bars that represent the lipid profile values 
at 12 months. The error bars are standard errors of the mean . The p-values for the Sustained Fatigue 

Improvement Status variable from the repeated measures analysis are shown . 
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4. DISCUSSION 

Before assessing the lipid profiles in a cohort of progressive MS patients on a modified Paleolithic 

diet-based multimodal intervention, diet nutrients were analyzed. The observed differences in 

nutrient intake are consistent with changes expected from the modified Paleolithic diet 

guidelines to reduce or eliminate grains (carbohydrate), dairy (carbohydrate and saturated fat), 

and snacks and sweets (carbohydrate, saturated and/or trans fats) while encouraging large 

quantities of fiber-containing vegetables and fruits plus foods and supplements containing 

omega-3 fatty acids. The significant reduction in carbohydrate intake due to the elimination of 

grains and dairy resulted in a large increase in percent of energy from fat despite the non

significant reduction in total fat intake. Similarly, a significant increase in protein as a percent of 

energy was observed, although the protein intake in grams was unchanged. 

The study diet reductions in saturated fat, trans fat, added sugars, glycemic index and glycemic 

load and increases in dietary fiber and omega-3 fatty acids are consistent with changes 

recommended in the Dietary Guidelines for Americans (34). Added sugar intake at 12 months 

was reduced to 5% of energy intake (16 grams), well below the 10% maximum recommended by 

the Dietary Guidelines and less than the 100 kcals (25 grams) for women and 150 kcals (37.5 

grams) for men recommended in 2009 by the American Heart Association (35). In addition, 

cholesterol intakes at baseline and 12 months were below the 200 mg recommended by the 

National Lipid Association for reducing dyslipidemia (36). The percent energy from saturated fat 

at 12 months was significantly reduced from baseline and was less than the 10% recommended 

for healthy eating (34), but did not achieve the <7% recommended for treating dyslipidemia (36) 

or the 5-6% of energy recommended by the American Heart Association (37). The reduction in 
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saturated and trans fat was not compensated for with a significant increase in monounsaturated 

or polyunsaturated fat intake, resulting in the non-statistically significant reduction in total fat 

intake. The reduction in energy intake at 12 months is primarily due to the decreased 

carbohydrate intake, which included a reduction in added sugars, plus smaller reductions in 

saturated and trans fat and alcohol intake. 

The primary focus of this study was to determine whether lipid profiles were associated with 

changes in fatigue outcomes (13-15). BMI, TG, TC-to-HDL-C ratio and TG-to-HDL-C ratio all 

decreased and HDL-C increased over the 12-month study period. TC and HDL-C changes over 12 

months were associated with changes in fatigue over 12 months. 

We observed the greatest decline in fatigue from baseline to 3 months; further decreases in 

fatigue at subsequent visits were more modest. Although we were surprised by the relatively 

rapid onset of fatigue improvement, Yadav et al also reported qualitatively similar results with a 

very low-fat plant-based diet in RR-MS patients (12). That study was a randomized, assessor

blinded 12-month trial that compared a very low-fat plant-based diet group (n = 32, 26 

completed) vs. a wait-listed control group (n = 29, 27 completed). Fatigue outcomes were better 

in the diet group. At 6-months, the diet group showed a 12 mg/di decrease in LDL-C and a 13 

mg/di decrease in TC relative to controls. Similarly, we observed an average 10.4 mg/di decrease 

in LDL-C and an average 10.3 mg/di decrease in TC over 12 months. In the Yadav et al study, HDL

C levels were similar between groups and between the baseline and post-diet samples, whereas 

we observed an average 6.0 mg/di increase in HDL-C over 12 months. Decreases in BMI, observed 

both in the Yadav et al study and in our study, are not surprising because many diet interventions 

alter caloric intake and induce changes to body weight and BMI (38). Yadav et al found that BMI 
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decreases were associated with improved fatigue outcomes (12). They concluded that 42.5% of 

the effect of the study diet on fatigue was attributed to the weight loss observed. In contrast, we 

did not find any associations between changes in BMI and change in FSS over time. However, 

individuals in the Yadav et al study were overweight (BMI 28.4 ± 6.76, control group and 29.3 ± 

7.42, diet group) while our participants were normal weight (BMI 24.5 ± 3.2 at baseline and 21.9 

± 2.2 at 12 months). 

Participants in our study received a Paleolithic diet-based multimodal intervention that included 

dietary supplements, exercise, neuromuscular stimulation and stress reduction. Weight loss was 

not intended in this study, and neither drastic caloric restriction nor fasting were not 

recommended. Participants were advised to eat recommended foods until satiety. Although our 

participants lost weight they maintained a normal BMI. Participants who were obese or 

overweight at enrollment lost weight during the study, while participants who had a normal BMI 

maintained a normal BMI and did not become underweight. This reduction in weight would be 

expected given the decreased energy intake reported during the intervention. The exercise 

component was limited to strengthening exercises to facilitate muscle contraction and 

movement because participants had progressive MS and the majority needed walking aids. We 

systemically investigated the impact of exercise, neuromuscular stimulation and stress reduction 

components individually and in combination with the dietary adherence data. Our analyses 

indicated that the modified Paleolithic diet component was likely the major contributing factor 

to BMI and lipid profile changes, because the changes in fatigue and body weight were associated 

with consumption of recommended foods such as greens and intensely colored fruits and 

vegetables. 
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A potential criticism of our study is the lack of a control diet group and adjustment for depression, 

which we acknowledge would have added strength to the study findings. Because of the lack of 

a control group, it is not possible to assess the contribution, if any, of the observer effect (also 

known as Hawthorne effect) and the placebo effect. Observer effects result when the 

participants' responses are altered as a result of study participation and observation rather than 

the intervention itself. The goal of this study was to obtain pilot data for safety and feasibility of 

the modified Paleolithic diet in progressive MS patients. The positive results from this pilot study 

provide a strong scientific rationale for a larger controlled study. It may be necessary to consider 

a parallel group study design against a competing diet, such as the low saturated fat diet, to 

enable randomization and generate patient interest in study participation. 

The salient contrasting differences between the modified Paleolithic diet and plant-based, low

fat diet (12) are the fat (44% vs. 10-15% energy) and carbohydrate (37% vs. ~n-76% energy) 

levels. The modified Paleolithic diet has abundant fatty acids for cell membranes. The differences 

in fat and carbohydrate levels in the diets are important because low-fat, high-carbohydrate diets 

tend to increase triglycerides and lower LDL-C (39). They do not generally increase HDL-C. There 

is evidence from multiple studies that Paleolithic diets decrease TG and increase HDL-C compared 

to control diets (16, 38, 40-42), which we also observed. The changes in TG and HDL-C might be 

associated with the lower added sugar intake common in Paleolithic diets. A 2010 analysis of 

NHANES data showed that TG decreased and HDL increased with decreasing consumption of 

added sugars (43). The decreases in TC, LDL-C, TG, TC-to-HDL-C ratio and TG-to-HDL-C ratio that 

we observed are strengthened by evidence from a meta-analyses demonstrating such 

associations upon replacement of saturated fat with polyunsaturated and mono unsaturated fats 
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(19). Dietary fat increases HDL-C and HDL-mediated reverse cholesterol transport by increasing 

apoA-1 mRNA translation, increasing apoA-1 transport and decreasing its catabolism. Conversely, 

a low-fat diet decreases apoA-1 transport (44). These findings might explain why TG and TC-to

HDL-C ratio decreased in participants on the modified Paleolithic diet. While sample size does 

not allow us the power to definitively link the changes in nutrient intake to changes in lipid 

profiles, the decrease in LDL-C, increase in HDL-C, and decrease in TG suggest that the modified 

Paleolithic diet has the potential to achieve positive results. Unfortunately, apoA-1, fatty acid 

levels, glucose and insulin were not obtained as part of the study protocol. Adding these studies 

in the future would provide useful metabolic insights. 

What mechanisms might potentially explain the observed associations between fatigue and lipid 

profile biomarkers? We hypothesize that skeletal muscle could be an important but overlooked 

organ for potential interactions between diet, metabolic activity and fatigue, because it is a key 

effector organ at which MS physical disability, fatigue and weakness manifest to patients. The 

critical role of cholesterol in muscle function is emerging in recent research (45, 46). The high 

cholesterol content of the transverse tubule system of muscles enables dissemination of 

membrane depolarization into the interior of muscle fibers, whereas muscle membrane 

cholesterol modulates the insertion of the glucose transporter GLUT-4, which mediates insulin

dependent glucose uptake into muscle (45). HDL-C and its signature apolipoprotein, apoA-1, 

stimulate glucose uptake in vivo (47) and increase respiration in muscle mitochondria (48). 

Among the elderly, HDL-C is a reliable marker of frailty, physical performance, muscle strength, 

and functional status (49, 50). Muscle strengthening decreases TG-to-HDL-C ratio (51) whereas 

age-associated muscle loss is associated with increases in TG-to-HDL-C ratio (52). Interestingly, 
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Maloney et al found that patients with chronic fatigue syndrome were 2-fold more likely to have 

metabolic syndrome than healthy controls (53). These mechanisms could be relevant to 

understanding our TC, HDL-C and TG-to-HDL-C ratio results. 

5. CONCLUSIONS 

Our results are consistent with the possibility that lipid profile biomarkers, particularly TC and 

HDL-C, contribute to improvement in MS fatigue in the modified Paleolithic diet-based 

multimodal intervention study. 

Our research findings have translational potential for MS patient care given the high prevalence 

of fatigue and its impact on patient quality of life. These findings suggest that dietary changes 

can have benefits for fatigue, and if our findings are confirmed in larger systematic studies, lipid 

monitoring may become useful for guiding fatigue treatment decisions. 
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The overarching theme of this dissertation was to investigate key facets of cholesterol 

metabolism in the periphery and the mechanisms underlying the associations of cholesterol 

with multiple sclerosis (MS) pathogenesis. 

The major findings from this research are: i) baseline high density lipoprotein cholesterol (HDL

C) is protective against blood brain barrier (BBB) breakdown, ii) changes in lipid profile 

measures are associated with MS clinical outcome measures, including neurodegeneration and 

fatigue, iii) there is inter-dependence between serum cholesterol and circulating levels of 

specific immune cell subsets in MS patients on interferon-~la, and iv) oxysterol levels differ in 

MS patients compared to healthy controls. 

While the roles of cholesterol in cardiovascular disease has been studied extensively, much less 

is understood about its role in MS. Drugs that target the cholesterol system and lipid 

metabolism (e.g., statins and peroxisome proliferator-activated receptor antagonists) also have 

immunomodulatory effects and efficacy in experimental allergic encephalomyelitis that have 

generated interest as potential treatments for relapsing MS (1-4). The cholesterol and lipid 

pathways are prime therapeutic targets in cardiovascular drug discovery and development. 

New treatments that emerge from cardiovascular trials could be more efficiently evaluated for 

treating MS progression as a result of a better understanding of the cholesterol pathway in MS 

patients. In addition, the importance of cholesterol homeostasis in the brain (5-7), particularly 

in the development and maintenance of myelin, has led to increasing interest in how disruption 

of cholesterol metabolism may play a role in neurological disorders, particularly demyelinating 

disorders such as MS. Research in the roles of cholesterol metabolism in MS is limited by the 
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availability CNS cholesterol measurements. Therefore, this area of research has often focused 

on serum measures of cholesterol, and more recently oxysterol measures. 

This work included an evaluation of various measures of cholesterol metabolism. Cholesterol 

profile measures, such as total cholesterol (TC), HDL-C and low-density lipoprotein cholesterol 

(LDL-C), provide us with a simple and straightforward assessment of serum cholesterol that are 

routinely obtained in a clinical setting. The SET study, which was used in Chapters 2, 3 and 4, is 

a prospective longitudinal, observational study of patients on early interferon-~la treatment, 

and these cholesterol measures were available from baseline samples, as well as each 

subsequent time-point over 6 years. In this study, the baseline lipid profile panel was extended 

to include apolipoproteins, which provide us with additional information about specific 

lipoprotein particles. Chapters 5 and 6 involved patients from a prospective study of clinical, 

genetic and environmental risk factors in MS. The development of novel LCMS analytical 

techniques allowed us to extend these patients' lipid profiles to include serum oxysterol levels. 

Since oxysterols are able to traverse the BBB, they can mediate crosstalk between the 

peripheral cholesterol compartment and the central nervous system (CNS) cholesterol 

compartment. Hence, these measures provide us with important information regarding a more 

complex layer of cholesterol metabolism in MS. Chapter 7 involves patients from a pilot study 

investigating the use of a Paleolithic diet-based multimodal intervention in progressive MS 

patients. In this study, a cholesterol profile that included TC, HDL-C and LDL-C was obtained at 

baseline and 12 months. 

Previous work by our group has shown that higher serum levels of LDL-C and TC are associated 

with an increasing number of T2 lesions (8) and worsening disability (9). Furthermore, 
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increasing levels of ApoB were found to be associated with a greater number of new T2 lesions 

and atrophy (10). Higher levels of serum HLD-C was also shown to be associated with higher 

levels of vitamin D (8), which was previously found to be negatively associated with disability as 

assessed on the multiple sclerosis severity scale (MSSS) (11). The work presented in this 

dissertation focused on expanding our knowledge of the effects of serum lipid profile and 

oxysterol levels in MS. 

The work completed for this dissertation can be divided into 3 main thematic areas: 

■ Thematic Area 1: Serum cholesterol profiles and clinical outcome measures, biological 

measures and immunological markers in MS. 

■ Thematic Area 2: Effects of interferon-~la treatment and dietary intervention on 

cholesterol in MS. 

■ Thematic Area 3: Investigations of inter-dependence between cholesterol and 

oxysterols in MS. 

The contribution from each dissertation chapter towards our knowledge of serum lipid 

biomarkers in the pathogenesis of MS is outlined in Figure 1. 

We found that lipid profile measures were associated with various clinical and biological 

markers of MS disease progression. First, we showed how serum levels of HDL-C, and its major 

apolipoproteins (Apo)AI and ApoAII, have protective associations with CSF measures of BBB 

breakdown. We also present evidence indicating that longitudinal changes in cholesterol levels 

are associated with MRI measures of neurodegeneration. We then showed how changes in 
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FIGURE 1: An overview of the contributions from each dissertation chapter to our understanding of lipid biomarkers in MS. 
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cholesterol levels are associated with changes in a number of immune cell types, and that the 

interactions between cholesterol and natural killer cells are associated with increases in new T2 

lesions and new/enlarging T2 lesions. Finally, we show how changes in cholesterol levels, 

particularly increases in HDL-C, are associated with improved measures of fatigue in progressive 

MS patients. 

Both pharmacological and dietary interventions are commonly used to alter lipid profiles. 

interferon-~la is one of the first-line treatments for relapsing-remitting MS (RR-MS), but its 

response is variable among patients. We investigated the potential use of early cholesterol 

changes as biomarkers for predicting neurodegeneration in early MS patients on interferon

~la. We found that greater decreases in cholesterol levels within the first few months of 

treatment was associated with less neurodegeneration over 4 years. The results from this study 

may be useful for identifying interferon-~la non-responders earlier in their treatment. We also 

showed how a Paleolithic diet-based multimodal intervention was associated with 

improvements in cholesterol profiles, particularly HDL-C, over 12 months. The dietary aspects 

of this intervention, which focused on promoting vegetable intake and excluding inflammatory 

foods, were shown to be the significant contributing factor to the changes in cholesterol levels. 

These results may prove useful in recommending lifestyle changes that may improve the quality 

of life for MS patients. 

Oxysterols are a growing area of interest in MS research because of their ability to cross the 

BBB and their involvement in regulation of lipid metabolism and movement. We showed how 

oxysterol levels differed in progressive MS patients and RR-MS patients compared to healthy 

controls. We also found that the majority of our oxysterol panel was associated with LDL-C and 
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its major apolipoprotein Apo-B. We had also obtained 5-year follow-up data for these patients, 

and used this data to focus on oxysterol and apolipoprotein changes over 5 years in MS patients 

compared to healthy controls. We found that 24 hydroxycholesterol (24HC), 25HC and 27HC 

were increased in progressive MS patients, while 7-ketocholesterol (7KC) and 7aHC were 

decreased in RR-MS patients. However, no changes in oxysterols were observed in healthy 

controls. Additionally, changes in oxysterols over 5 years were associated with changes in ApoB 

in both MS patients and healthy controls. However, oxysterol changes were associated with 

ApoCII and ApoE in MS patients only. These results indicated that the serum oxysterol network 

is disrupted in MS. 

Overall, the results from our work have indicated a role for cholesterol metabolism in 

pathophysiological mechanisms contributing to MS disease progression. Serum HDL-C is 

associated with prevention of BBB breakdown, which occurs at the earliest stages of MS. 

Prevention of BBB breakdown may i) contribute to protection from the entry of immune cells 

and macromolecules that further contribute to demyelination and neurodegeneration and ii.) 

limit the entry of cholesterol and lipoproteins that are normally excluded from the CNS. 

Conversely, serum LDL-C appears to play a bigger role in the development of lesions, which is a 

measure of inflammation that occurs following BBB breakdown. Furthermore, LDL-C was found 

to be the main lipoprotein associated with the oxysterol panel investigated, including 24HC, 

25HC, 27HC, 7aHC and 7KC, which are all altered to varying degrees in progressive MS and RR

MS patients compared to healthy controls. Greater BBB breakdown, Inflammation and 

neurodegeneration all contribute to worsening disability in MS patients. While our group had 

previously found that higher LDL-C is associated with greater disability, in this work we show 
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that diet-induced increases in HDL-C are associated with improvements in fatigue, a common 

debilitating symptom in MS patients. Altogether, these results indicate a potential role for lipid 

biomarkers as surrogate measures for clinical outcome measures in MS patients, as well as for 

monitoring patient responses to pharmacological and dietary interventions. 

The dissertation research findings add substantively to the knowledge gap of information on 

the mechanisms of cholesterol pathway biomarkers on MS disease progression. The cholesterol 

pathway is a complex but modifiable environmental factor for which dietary, lifestyle and 

pharmacological interventions are already available; e.g., cholesterol profiles are modulated by 

diet, smoking and physical activity. A better understanding of this important modifiable factor 

could be leveraged both as clinical advice to MS patients seeking to reduce progression risk and 

for guiding individuals with genetic and other known MS risk factors. 
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ABSTRACT 

Background: Lack of adherence is a frequent cause of hospitalizations but its effects on dosing 

patterns have not been extensively investigated. 

Purpose. To critically evaluate a novel pharmacometric model for deriving the relationships of 

adherence to dosing patterns and the dosing interval distribution. 

Methods. The hybrid, stochastic model combines a Markov chain process with the von Mises 

distribution. The model was challenged with electronic medication monitoring data from 207 

hypertension patients and against 5-year persistence data. 

Results. The model estimates distributions of dosing runs, drug holidays and dosing intervals. 

Drug holidays, which can vary between individuals with the same adherence, were 

characterized by the patient cooperativity index parameter. The drug holiday and dosing run 

distributions deviate markedly from normality. The dosing interval distribution exhibits complex 

patterns of multi -modality and can be long-tailed. 

Conclusions. Dosing patterns are an important but under recognized covariate for explaining 

within-individual variance in drug concentrations. 
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INTRODUCTION 

Pharmaceutical and medical advances have rendered many previously untreatable diseases, 

e.g., HIV and cardiovascular disease, manageable as chronic conditions requiring long-term 

drug therapy. Lack of adherence to drug therapy is a serious and costly public health problem 

because it is a frequent but potentially preventable cause of hospitalizations and a risk factor 

for the emergence of drug-resistant pathogens. 

In addition to dose omissions and over-consumption 1, several patterns of non-adherence have 

been reported; these include premature termination, the "drug holiday" (DH), defined 

functionally as;;:: 3 consecutive days without drug administration 2, and the "toothbrush effect", 

wherein adherence is increased just prior to visits to the caregiver. 

Adherence is a complex multifactorial phenomenon containing both random and non-random, 

patient-specific factors. Urquhart cautioned that basing drug decisions solely on adherence 

data could lead to erroneous conclusions 3 
• Because pharmacometric modeling of drug dosing 

patterns is challenging, the majority of clinical reports have used descriptive and exploratory 

statistical approaches. However, effective adherence models could be useful for 

pharmacokinetic-pharmacodynamic (PK-PD) modeling and for analyzing data from electronic 

medication event monitoring systems (MEMS). In PK-PD modeling, Monte Carlo approaches 

have been used to generate irregular dosing patterns that randomly drop doses in a multiple 

dosing regimen by using, e.g., a Bernoulli process. However, the adequacy of such stochastic 

modeling methods has neither been systematically evaluated nor challenged with a large real 

world data set. 
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Although the drug interval distribution is fundamental for a wide range of pharmacometric 

analyses and clinical trial simulations, there is a relative lack of rigorous mechanistic 

methodology that has been brought to bear on the problem. One of the main pharmacometric 

challenges is that the interval between dosing events contains a superposition of a discrete, 

periodic time-related variable, the dosing interval, with a continuous time variable, the 

variations in dose timing within each dosing interval. 

It is important to distinguish between overall variability in adherence versus the variability in 

dosing patterns caused by differences in adherence behaviors. Patients with a given level of 

adherence can exhibit a diverse range of dosing patterns. The differences in dosing patterns 

result from variations in behavioral responses to missed doses. Our working hypothesis was 

that dosing patterns resulting from stochastic variability in adherence behaviors rather than 

adherence per se are the critical determinant of variability in drug dosing intervals which 

determine drug concentrations, effects and outcomes in individuals and populations. This 

research therefore focuses on developing a theoretically rigorous modeling framework and 

practical data analysis implementation for obtaining the drug dosing interval distribution from 

adherence data. 
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METHODS 

Modeling Terminology and Dosing Regimen Representations 

We describe modeling terminology in Supplementary Methods. 

Experimental Data Sets 

The data used for challenging the model were the observed dosing regimens for 207 patients 

on once daily hypertension treatments. Data on dose timing, number of dose units taken for 

each dose, and dosing intervals were extracted from the Pharmionic Knowledge Center (PKC) 

database (http://www.iadherence.org/www/pkc.adx), a compilation of electronically 

monitored patient dosing histories. 

Data from the calendar plot was obtained for each patient. A dosing event was defined as a 

"Success" when ;;:: 1 dose units were taken on a calendar day, and a calendar day in which no 

dose unit was taken was defined as a "Failure" dosing event. The time interval between 

overdosing events and the persistence data were also derived from the calendar plots. The 

dosing interval data was extracted from graphical displays of the time in hours between two 

consecutive doses. Persistence data from two previous studies, Catalan and LeLorier 4 and 

Larsen et al. 5
, were digitally extracted from the paper by Hughes and Walley 6

. 

Mathematica (Wolfram Research, Champaign, IL) was used for all modeling and stochastic 

simulations. SPSS (IBM, Armonk, NY) and the R circular statistics package were used for 

8statistical analyses 7
' . A MacBook computer running Mac OS X operating system was used. 

270 

http://www.iadherence.org/www/pkc.adx


Modeling Individual Dosing Profiles 

We modeled the short-range dependence of dosing using a two-state Markov chain with the 

following transition matrix A( 

A· = S [Pss (i) 1 - Pss CO] 
1 F PFs (i) 1 - PFs(i) 

The probability of a success at the i-th dosing event following a success at the (i - 1)-th dosing 

event was denoted by p55 (i) and the probability of a success at the i-th dosing event following 

a failure at the (i - 1)-th dosing event was denoted by PFs (i). The matrix Ai is a square 

transition matrix whose rows sum to unity. Although our analysis algorithms are general, we 

assume that the transition matrix Ai = A is time homogeneous, i.e., Pss and PFs are constants. 

A= S [Pss PsF ] = S [Pss 1 -Pss ] 
F PFs PFF F PFS 1-pFS 

Maximum-likelihood estimates 9 of Pss and PFs were obtained from N55 , Nps, NFF and NsF , the 

frequencies of success followed by success, failure followed by success, failure followed by 

failure and success followed by failure events, respectively, using: 

The Patient Cooperativity Index (PCI) was defined as: 

pCI = (...1!.f..L) I(..l!.lL)
1-PFS 1-Pss 
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The PCI represents a likelihood ratio of the likelihood of a success following a failure to the 

likelihood of a success following a success. Patients with low PCI values are less likely to take a 

dose following a lapse in dosing. Patients with a PCI value of unity have PFs = Pss, and their 

dosing patterns are independent of their prior dosing behavior, i.e., their dosing patterns follow 

a Bernoulli distribution. Patients with high PCI values are more likely to take a dose following an 

omission. 

We assessed adherence changes over time, i.e., the time-homogeneity of the Markov chain 

model, by estimating the adherence over 30-day blocks and plotting the data as a function of 

time as more formal procedures for challenging the time non-homogeneity of Markov chains 

are difficult to construct 9. 

Modeling the Dosing Runs Distribution 

We extended the model by using the theory of runs to compute the distribution of the dosing 

runs, which is critical to assessing the distributions of DH and dosing intervals. Exact formulae 

10 11for run statistics require combinatorial probability techniques ' and are surprisingly 

complicated even for the simplest independent, identically distributed Bernoulli random 

variables case. However, the Markov chain imbedding technique, developed by Fu and Koutras, 

has allowed run distributions to be derived using intuitive methodology (see Supplementary 

Data) for identically and non-identically distributed, Markov-dependent trials 12
. 

The probability of a run of r or more successes in n trials, Gn,r , was used for DH calculations. It 

was calculated using the computationally efficient triangular matrix decomposition method 13 
. 

The exact distribution of runs (e.g., for Figure 1Q) was estimated using Monte Carlo methods 
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with 100,000 simulations. Run calculations were implemented in Mathematica. Run 

distributions were compared using the Fisher exact test. 

Modeling the Drug-Dosing Interval Distribution 

Drug-Dosing Interval Distribution: The drug-dosing interval distribution contains a discrete 

contribution from the dosing failure runs distribution derived from the Markov chain model and 

a continuous contribution due to variability in dose timing. The time interval b,.ti between doses 

was approximated using: 

The term fi represents the exact number of failures in the run of failures between the i-th 

dosing event and the immediately preceding successful dosing event, and r represents the 

prescribed dosing interval. The oi is the dose timing deviation, i.e., the time difference between 

the actual dosing time and the nearest reference dose. 

The probability density function (PDF) of the dosing interval is the convolution of the PDF of[;_ 

and oi because it is the sum of these two random variables. The PDF of[;_ was obtained from 

the exact distribution of runs. 

Dose Timing Deviation Distribution: We assume that the PDF of oi after transformation to 

angular coordinates is distributed according to the von Mises (VM) PDF function VM(µ, K): 
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The R circular statistics package 7 was used to obtain maximum likelihood estimates for µ55 and 

Kss, mean and concentration parameters for the VM distribution of dosing events containing a 

success followed by a success. 

von Mises Distribution: The VM distribution describes angular random variables and its PDF 

p(0) at angular position 0 radians is: 

eKcos(0-µ) 

p(0) = ( ) forµ - rr ::; 0 ::; µ + rr
2rr/0 K 

Theµ is the mean and K is a measure of how concentrated the data are around the mean; 1/K 

is analogous to variance; /0 is the Bessel function of order zero. We will represent the random 

variate 0 from the VM distribution as RV(0, VM(µ , K)) 

Modeling Overdosing Events 

Model distributions for the extent of overdosing (i.e., the number of additional doses taken) 

and the interval between overdosing events were assessed visually using probability-probability 

plots. The approach of the model distribution to observed distribution was assessed using the 

Kolmogorov-Smirnov (KS) test. Maximum-likelihood estimation was used to calculate model 

parameters (i.e., A-Poisson and A- Exponentia l, the rate constants for the Poisson and exponential 

distributions, respectively). 

Modeling Long-Term Persistence 

During chronic dosing, the number of individuals taking drug decreases over time. Persistence 

was defined as the period from the date of the first prescription to the date of discontinuation. 
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Fractional persistence was defined as the proportion of patients remaining on treatment 5
• We 

modeled the time-dependence of persistence using the Weibull distribution function. 

Weibull distribution parameters were obtained from survival functions using non-linear 

regression. 
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RESULTS 

Modeling Adherence with the Two-State Markov Dosing Model 

The average adherence value for the 207 patients was 86.5%. Table I and Figure 1 summarize 

dosing data and modeling results from four representative patients: #808, #813, #820 and 

#810, who exhibited a wide range of overall adherence values: 94.5%, 73.2%, 54.5% and 22.1% 

respectively. Figures 1A, 1E, 11 and 1M summarize the observed number of dose units taken at 

each dosing event. The plots for the "whether or not dose was taken" dichotomous variable are 

shown in Figures 1B, 1F, 1J and 1N. 

Table 1. Observed adherence and overdosing characteristics, Markov model parameters, and observed and predicted 

values from the Markov model of the number and length of drug holidays in four representative patients. 

Number of 
Observed Markov Model DH Length of DH 

Length Over- P-

Pt# (days) Adherence dosing Pss PFs PCI Obs Pred Obs Predn value* 
ND§ 

813 179 73 .2% 12.3% 70.8% 79.2% 1.57 3.00 1.63 3.00 3.03 ± 0.65 0.84 

820 90 54.5% 11.1% 56.3% 53.7% 0.900 4.00 4.59 4.25 3.85 ± 0.66 0.34 

810 104 22 .1% 2.90% 36.4% 18.5% 0.400 10.0 10.1 7.40 7.41 ± 1.65 0.37 

§ The odds ratio is not defined, i.e., it is infinity, because pFS is unity. 

#Mean± SD. 

*p-values are from the Fisher exact test comparing the observed distribution of all success and failure runs in each 

subject to the predicted distribution of all success and failure runs in that subject. 

The two-state, time-homogeneous Markov model contains two parameters, p55 and PFs- Table I 

summarizes the maximum likelihood estimates of p55 and PFs and the PCI values. Stochastic 

simulations (Figures 1C, G, K, and O) of dosing patterns from the two-state time-homogeneous 

Markov model with patient-derived estimates of Pss and PFs demonstrated qualitative 

concordance with the observed dosing patterns. 

808 176 94.5% 8.50% 93.9% 100% 0.00 0.00 1.00 0.999 ± 0.01 0.83 

A 30-day simple centered moving average of the dosing sequence over time was conducted in 
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Figure 1. Observed and Simulated Dosing Patterns. Figures lA, lE, 11 and lM show the observed 
number of prescribed dose units consumed at each dosing event for four representative patients 

(denoted by #808, #813, #820 and #810) with different levels of overall adherence. The y-axis denotes 

the number of prescribed dose units consumed; the prescribed dose was 1 dose unit, 0 denotes that 

the dose was not taken within the dosing interval) . Figures 1B, lF, lJ, lN show the observed value of 

indicator variable representing whether or not the dose was taken . Figures lC, lG, lK and 10 show 

representative simulations based on the 2-state Markov model. Figure 1D, lH, 1L and lP compare the 

running sum (or cumulative frequency) of the observed value of the indicator variable (blue symbols) 
to the simulated value of the indicator variable (green symbols) from the 2-state Markov model. The 

x-axis represents a time index in Figures lA-P. Figure lQ compares the complete distributions of runs 

observed in Patients #808 (orange filled circles), #813 (red filled circles), #810 (blue filled circles) #820 
(green filled circles) and to those predicted by the 2-state Markov model. The solid line is the best-fit 

line and its Pearson correlation R2 value is also shown . Figure lR shows the 30-day moving average of 

adherence in Patients #808 (orange filled circles), #810 (red filled circles), #813 (blue filled circles) and 

#820 (green filled circles) . 
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four representative patients (Figure 1R) to assess whether adherence changes within 

individuals over time. In Figure 1R, adherence remains relatively constant over time, which 

lends support for using the time-homogenous Markov chain model. 

We conducted several additional assessments of the dosing pattern distribution predicted by 

the Markov model. Figures 1D, 1H, 1L and 1P compare the observed cumulative dose at each 

time index (blue lines) to simulated cumulative dose (green lines). The concordance indicates 

that the model is capable of describing the time-dependence of cumulative dose satisfactorily. 

Because the primary goal of this work was to model the distribution of DH and drug dosing 

intervals, we compared key statistics of DH and the distributions of both success and failure 

runs in the analyses (Figure 1Q and Table I). The model-predicted values of the number of DH 

and the average DH length are concordant with the observed values for each patient (Table I). 

The observed and predicted numbers of success and failure runs (Figure 1Q) are clustered 

around the line of identity, which indicates that the Markov model adequately describes dosing 

patterns. The Fisher exact test p-values (Table I) are not significant indicating that the observed 

and predicted run distributions are not different. 

Modeling Drug Holidays 

We used the model to obtain the distribution of DH. Figure 2A and 2B show the dependence of 

the number and average length of DH for a 90-day long, once-daily dosing regimen on the 

percentage of missed doses for PCI values of 0.2, 1 and 5. The number of DH increases initially 

with increased percentage of missed doses, reaches a peak value and then decreases rapidly. 

The initial increases are to be expected given the increase in non-adherence. However, at 
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Figure 2. Distribution of Drug Holidays for a Markov Process. Figure 2A shows the average number of 
drug holidays (operationally defined as ~ 3 dosing events missed) for 90-day-long, once-daily dosing 

regimen as a function of the percentage of dosing events missed (i.e., percentage non-adherence) on 
the x-axis. Three values of cooperativity index 5 (green open symbols and curve), 1 (blue open 

symbols and curve), 0.2 (red open symbols and curve) are shown . Figure 2B shows the dependence of 

average length of a drug holiday (note logarithmic y-axis) on the percentage of dosing events missed 

for the cooperativity index values of 0.2, 1 and 5, respectively. Figure 2C shows the probability of not 

observing a drug holiday as a function of the percentage of dosing events missed for subjects with 

cooperativity index values of 5, 1 and 0.2. Figure 2D shows the probability density of observing 1 drug 

holiday (top graph), 2 drug holidays (middle graph) or 3 drug holidays (bottom) as a function of the 
percentage of dosing on the x-axis for a 90-day long dosing regimen . Figure 2E shows the same results 

as Figure 2D but for a 30-day long dosing regimen . 

higher values of percent non-adherence longer DH become more frequent. The average DH 

length increases monotonically (Figure 2B) and the probability of observing no DH decreases 

rapidly (Figure 2C) with increased percentage of missed doses. The average DH length shows 

inflection points as the formation of longer DH and merging of adjacent DH becomes more 

likely. Eventually, as the percentage of missed doses approaches 100%, the average DH length 

approaches the length of the dosing regimen and the average number of DH approach unity. 
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More interestingly, the number, average length of DH and the probability of observing no DH 

(Figure 2A, 2B, 2C) at any fixed level of adherence (or non-adherence) are strongly dependent 

on the PCI. The effects of PCI are particularly prominent at intermediate levels of 10-50% 

missed doses that are frequently seen in the population and in clinical practice. For example, 

when 33% of prescribed doses (i.e., 1 in 3 doses) are missed, the number and average length of 

DH in subjects with a low PCI of 0.2 are 4.11 and 4.32 ± SD 0.98, respectively. In subjects with 

PCI of 5, the number of DH was nearly 10-fold lower at 0.43 and the average DH length was 

45% lower at 2.38 ± SD 0.64. 

One of the strengths of our method is that it is capable of providing the complete distribution 

of DH for homogeneous (and non-homogeneous) Markov chains. Figures 2D and 2E show the 

probability of observing 1, 2, or 3 DH (data for ~ 4 DH is not shown) for 90-day and 30-day 

dosing regimens. Again, the strong effect of PCI identified in Figures 2A-C was found - the peak 

probability density values for PCI = 5 occurred at a higher value of percentage of missed doses 

compared to PCI = 0.2. DH occurred with greater frequency and at lower levels of non

adherence in patients with low PCI values compared to those with high PCI. Because of the 

relative values of Pss and PFs, the dosing event failures in high PCI subjects are more likely to 

be interrupted by successes, whereas the dosing event failures in low PCI subjects are more 

likely to be followed by failures that cause consecutive missed doses and DH. 

A 30-day dosing regimen exhibits a more complex probability density pattern than a 90-day 

dosing regimen (Figure 2E) because the shorter total length of the regimen constrains the 

frequency and length of DH. 
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Figure 3. Assessments of the van Mises distribution for modeling angular dose-timing deviations. 

Figure 3A shows the Cartesian coordinate representation of van Mises probability density functions 

for values of meanµ= 0, rr/2 and (-n:)/2 and a fixed value of K= 2. The x-axis represents the value of the 

angular random variable . Figure 3B shows cylindrical coordinates representing the van Mises 

probability density functions shown in Figure 3A wrapped around a unit circle . Figure 3C shows van 

Mises probability density functions with mean fixed to µ= 0 but with differing K= 0, 0.5, 1, and 2. 

Modeling Dose-Timing Deviations 

We evaluated whether the distribution of the dose-timing deviations, was described using a VM 

distribution. Since the VM PDF has not been previously used to model drug adherence, we 
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provide a concise background on its salient characteristics (Figures 3A-C and Supplementary 

Results). 

Figure 3D-G show quantile-quantile plots that enable comparisons of the observed distribution 

of dose timing deviations transformed to the angular coordinate system for the four 

representative patients to the VM distribution function. Visually, the linearity of the quantile

quantile plots of all four subjects indicates a good fit of the VM model to the observed data. We 

tested the goodness of fit of the VM distribution using the Watson test. The p-values for Patient 

#808, #810 and #813 were all p > 0.1, whereas for Patient #820, 0.01 ~ p ~ 0.05 was obtained. 

We conclude that the VM distribution is a suitable approach for modeling dose-timing 

deviations. 

Modeling the Drug Dosing Interval Distribution 

We combined key results from the two-state Markov chain runs distribution with the VM 

distribution of dose-timing deviations to formally derive the distribution of drug dosing 

intervals (Figure 4). The calculated distribution of dosing intervals describes salient qualitative 

and quantitative features of the observed distribution of dosing intervals including its step-like 

pattern. The PDF of the dosing interval deviates considerably from normality and exhibits multi

modality. The number of peaks in the PDF generally decreases in patients with higher 

adherence, e.g., the PDF for Patient #808 (94.5% adherence) has only two peaks, whereas the 

PDF for Patient #810 (22.1% adherence) has numerous peaks. The model underestimated the 

observed dosing interval distribution modestly in part of the domain for Patients #810 and 

#820. The exact reasons for the underestimation are not known. However, contributions from 
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sampling variability and deviations from randomness caused by patient-specific behavioral 

patterns could be involved. 
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Figure 4. Modeling dosing intervals. The red circles in Figure 4A-D show the observed distribution of 

dosing intervals whereas the solid line shows the predicted distribution from the Markov-van Mises 

model for Patients #808, #813, #820 and #810, respectively. The insets show the predicted probability 

density functions corresponding to the distribution functions. 

Modeling Overdosing Events 

The dosing records of 95.6% of patients had at least one overdosing event, i.e., an event in 

which the patient was taking more doses than prescribed (>1 each day). 
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The Poisson distribution provided a satisfactory model for the distribution of the extent of 

overdosing (i.e., the number of additional doses taken) - the KS test p-values were 1 for all four 

patients in Figure 1. 

To obtain a more complete assessment, we investigated the distribution of the interval 

between overdosing events. An exponential distribution can describe the time interval between 

events whose counts are Poisson distributed 14
. An exponential distribution model fitted the 

interval between over-dosing events satisfactorily as assessed with probability-probability plots 

(Supplementary Figure 1) and the KS test (p-values were not significant for any of six patients 

analyzed). 

In the next step, we assessed whether our Poisson model for the extent of overdosing could be 

combined with the exponential model for the overdosing interval to obtain a more 

parsimonious model. We found that the rate constant of the exponential distribution describing 

the interval between overdosing events was estimated as the product of adherence and the 

rate constant of the Poisson distribution describing the extent of overdosing. Figure 5 highlights 

the excellent correlation between the two parameters. The three outliers in Figure 5 were 

investigated more closely and found to result from patients who had less overdosing 

occurrences; two outliers had 3 overdosing intervals and one had 4 overdosing intervals. Thus, 

the extent of overdosing and the interval between overdosing events can be described with 

adherence and a single additional parameter: the rate constant for the Poisson distribution 

(A- Poisson) model for the distribution of the extent of overdosing. 
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events, which corresponds to ~ 2 overdosing intervals are plotted . A total 166 patients are represented 

on the graph (blue circles), and 3 patients were outliers (red circles) . The dashed line is the regression 

line, whose equation and regression coefficient (R2) value are also shown . 

Modeling Persistence 

In chronic dosing regimens, individuals may stop taking medication altogether, which leads to a 

decline in persistence. A trend of declining persistence was observed in the PKC adherence data 

set of 207 hypertension patients. The Kaplan-Meier curves (Figure 6A) summarize the fractional 

persistence, i.e., the fraction of subjects remaining on treatment. 

We compared several parametric time-to-event models for describing persistence including the 

exponential and gamma distributions. We found that the Weibull distribution effectively 

describes the persistence data in each of the subgroups in the PKC adherence dataset. The sub-

groups shown by the green and blue lines (Figure 6A) both had a 6-month observation period 
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and overall adherence values of 68.5% and 92.8%, respectively. The sub-group with the red line 

was followed up for 9-months and had 92.5% adherence. The Weibull model provides a 

satisfactory description of the persistence in the combined dataset over a 6-month period (data 

not shown). 
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Figure 6. Modeling persistence. Figure 6A shows the observed persistence distribution as the fraction 

of the patients remaining on drug treatment for the 207 patients on once-daily hypertensive drug 

treatment. The graph contains data for three separate subgroups (green, blue and red lines) in the 

PKC adherence dataset, and a Weibull function (dashed lines) was fit to each group separately. Figure 

6B shows the fit of the Weibull distribution to two literature studies of patient persistence with long

term drug therapies. The upper line (green) corresponds to the observed data from Larsen et al. 5 and 

the lower line (red) to that from Catalan and Lelorier 4
• In Figures 6A and 6B, the dashed line 

represents the fit of the observed data to a Weibull distribution . 

To further challenge the Weibull model, we assessed whether it effectively described previously 

reported long-term persistence data. The persistence data from Catalan and Lelorier was for 

983 Canadian patients prescribed statin therapy over an 5-year study period 4
; the data 

analyzed by Larsen et al. was for 3,623 patients from a Danish population-based cohort on lipid 

286 



lowering drugs over a 5-year study period 5 
• For each of these data sets, the Weibull model 

provided a parsimonious description of the persistence trend over the longer observation 

period (Figure 6B). 
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DISCUSSION 

We investigated a novel approach for analyzing, modeling and simulating dosing patterns and 

dosing intervals in patients. The run distribution from a two-state Markov process was 

convolved with the VM distribution to obtain the drug dosing interval distribution. This 

parsimonious stochastic modeling strategy was found to describe key characteristics of dosing 

patterns including the probability of DH, the distribution of dose timing deviations and dosing 

intervals, the occurrence of overdosing events, and persistence. The model was challenged with 

a large data set containing MEMS dosing data for 207 patients on once-daily treatment for 

hypertension. 

The starting point for our modeling strategy is the two-state Markov process component, which 

contains only two estimated parameters (PFs and Pss). The PCI is calculated from these two 

parameters. The PCI was a very effective parameter for describing the substantial variations in 

dosing patterns at a given level of overall adherence. For two subjects with the same 

adherence, a subject with lower PCI exhibits more DH than a subject with a higher PCI. The 

subject with a lower PCI is less likely to follow a failed dose with a successful dose causing the 

failed doses to be distributed in a manner that creates more DH. The PCI has the form of an 

odds ratio (OR). The sampling distribution of OR has been extensively characterized in the 

statistical literature. The OR is insensitive to the type of sampling, i.e., the OR estimate from a 

convenience sample, e.g., case-control study design, is the same as that from a population 

sampling design. For inference, the logarithm of the OR, which is symmetric about OR of 1 

(logarithm OR equals O) is approximately normally distributed, is used. 
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Our use of the theory of runs is an innovative contribution that has potential clinical 

pharmacology applications. Many multiple dosing regimens for chronic diseases require a run 

of successful dosing events so that steady-state concentrations in the therapeutic range are 

reached and maintained. Poor efficacy and drug resistance to cell cycle specific antitumor 

agents, antibiotics, antivirals and life cycle-specific anti-parasitic agents can occur as a result of 

non-adherence. Dosing frequency, PK and PD factors can make one drug less "forgiving" of non

adherence than another 15 
. Drugs with short half-lives, steep concentration-effect relationships 

and less frequent dosing regimens are more sensitive to non-adherence15 
. The Markov chain 

used is a binary two-state Markov chain. Overdosing is addressed in a separate modeling 

component. An alternative approach would be to superimpose overdosing into a multi-state 

Markov model. This approach is more complex because additional parameters are required to 

characterize each overdosing state in the Markov chain. 

A rigorous model for drug dosing intervals can be directly leveraged to understand the effects 

of adherence on PK. In linear models, the concentration profiles can be obtained using the 

principle of superposition; the mean and variance of the concentration profile are proportional 

to the mean and variance of the dosing interval distribution 16
. Simulation software is needed 

for drugs with nonlinear PK and for PD models, which are frequently nonlinear 17
. Li and Nekka 

examined the effect of adherence on several integral pharmacokinetic indices including area 

under the curve (AUC). Kiwuwa-Muyingo et al. used coarse-grained patient-reported adherence 

with missing data information, to cluster clinical outcome data in HIV patients on anti-retroviral 

therapy 18
. 

The DH distribution and a substantive portion of the drug dosing interval distribution are 
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explained by run patterns in the Markov-process. Girard et al. utilized a three-state Markov 

model but used it in conjunction with a mixed effect regression model for describing HIV 

19 20patients' compliance to three-times-daily zidovudine treatment ' ; Dose-timing deviations 

were assumed to be multivariate normally distributed with covariates. Modi et al. used a two

state Markov model that leveraged the partition function approach for characterizing helix-coil 

transitions in biophysics 21 
. A distinctive contribution of this research is its rigorous mechanistic 

approach to understanding within-subject variability in dosing patterns. 

We developed a novel, angular coordinate representation of drug dosing events that provides 

an intuitive analysis framework. It directly reflects the periodicity inherent in chronic drug 

dosing regimens, enables the use of the VM distribution and the formalism of circular statistics. 

Although we assumed that the prescribed dosing intervals are evenly spaced for convenience, 

the approach can be easily modified to accommodate three-times-daily and four-times-daily 

dosing regimens that have uneven time intervals to accommodate sleep and regimens in which 

the prescribed dose is intermittent. 

We modeled persistence with a Weibull function. Because the PKC adherence data was limited 

to approximately 6-9 months, we critically evaluated whether the approach was capable of 

modeling loss of persistence over the longer term. Analyses of the Catalan and Lelorier and 

4Larsen et al. data sets '
5 demonstrated that the model was generalizable to long-term patient 

persistence data. 

Our analysis methods could be used to more informatively analyze MEMS data, e.g., to derive 

the PCI. MEMS have allowed for more accurate and non-intrusive estimation of patient 
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adherence. Incorrect adherence data can result in misinterpretation of clinical trial results and 

23lead to less accurate dosing information 22
' . MEMS are more convenient than, and superior to 

self-reports and diaries, clinic or pharmacy-based refill counting and therapeutic drug 

monitoring via blood or saliva tests, which are prone to bias, e.g., due to forgetfulness, 

incorrect entry and the "toothbrush effect". Despite their many advantages, MEMS nonetheless 

have some limitations. There may be bias favoring greater adherence if patients are aware of 

the monitoring device. It is assumed that each opening represents one dose and that no dose is 

taken when no opening is recorded 24 
. However, some patients may remove multiple doses for 

subsequent use and curiosity openings may be recorded as dosing events 25 
. MEMS are limited 

in their capacity to detect simultaneous overdosing that occurs concomitantly with another 

dosing event. We expect that our modeling strategy will generalize to improvements of MEMS 

technology that overcome these limitations. 

We envisage our modeling and simulation methods to complement and enhance clinical trial 

simulation and population pharmacometric modeling. For example, the approaches could be 

used to derive parameter estimates from MEMS devices. The parameter estimates could be 

utilized for simulating dosing patterns. The dosing patterns could be used as input for PK/PD 

models to better predict population drug concentrations, drug effects and efficacy and thus 

enhance clinical trial simulations. 

Conclusions 

Our approach, which combines Markov chains, the VM distribution and runs theory, was 

effective at describing the complex, skewed and multimodal distributional features of DH and 
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dosing intervals resulting from imperfect adherence and patient responses to missed doses. 

Our findings highlight the critical importance of dosing patterns to drug efficacy in real world 

settings. Our model could prove useful in population PK-PD and in clinical trial simulations. 
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SUPPLEMENTAL METHODS & RESULTS 

SUPPLEMENTAL METHODS 

Representation of Multiple-Dosing Regimen 

As a starting point, we provide key definitions and terminology for a multiple-dosing regimen of 

a single drug administered in discrete doses. 

Operational Definitions of Adherence and Overdosing: Let D be the prescribed mass of drug to 

be administered, i.e., a single drug dose; r represent the prescribed dosing interval and N be 

the number of doses prescribed. We will assume that the dose D can be increased by discrete 

integer amounts: D, 2D, 3D, ... etc. We will refer to prescribed dose Das 1 dose unit. 

Let the prescribed start time for the regimen bet= 0. The i + 1-th dosing event was considered 

a "Success" 5 if a dose> 0 was administered in dosing interval [ir ± r/2) corresponding to ir, 

the prescribed dosing time. The i + 1-th dosing event was considered a missed dose or "Failure" 

Fifa dose> 0 was not administered within the [ir ± r /2) dosing interval. 

Operationally, the adherence of an individual subject during a dosing regimen is defined as the 

proportion of the dosing events in which a dosing "Success" 5 occurs. Likewise, the non

adherence (or proportion of missed doses) is the fraction of prescribed dosing events in which a 

dosing "Failure" F occurs. The proportion of over-dosing events is defined as the proportion of 

the dosing intervals in which > 1 dose units are administered. Persistence was defined as the 

number of prescribed dosing events occurring within the closed interval between the first 

observed dosing "Success" and last observed dosing "Success". 
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Reference Regimen: A patient who is completely adherent to the regimen will administer a 

dose, D, of drug exactly at times t = 0, 1 r, 2 r, ... , (N-1) r. This ideal, gold-standard reference 

dosing regimen§ can be represented by the ordered set of triples: 

§ = {(0, D, 0), (1, D, T), ... , (j, D, jT), ... (N - l, D, (N - l)T) ... } 

We refer to j as the time index because it marks the time difference between the l dose and 

the first dose. 

Direct Dosing Time Representation of Observed Dosing Regimen: In the direct dosing 

representation framework, the actual drug-dosing regimen for a patient can be represented in 

terms of the actual dose di (where di;;:: D) and the corresponding time of administration ti. In 

this direct representation, the observed dosing regimen lDJ can be analogously represented by 

the ordered set of triples: 

Note that t0 < t 1 < t 2 ...< tn-l• In this representation, u represents the number of dosing 

"Successes"; u :s; N because the patient may not consume all the doses prescribed. Further, the 

value of tu-l may be greater than, equal to or less than (N-1) r depending on the adherence 

behavior. 

Delta Representation: We can often re-write the observed dosing regimen lDJ without loss of 

generalization in a form useful for Markov chain modeling: 
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where: d1= dj , the corresponding dose from the direct dosing time representation if the dose 

is taken and d1= 0 if the dose is not taken. The oj represents the dose-timing deviations from 

the prescribed dosing times and n is the persistence. 

This form enables the observed dosing regimen to be mapped to the reference regimen. The 

value of the index j is calculated from the observed dosing times using the Round function, 

which rounds decimal values ;;:: 0.5 upward to the nearest integer and decimal values < 0.5 

downward to the nearest integer: 

The value of fr+ oj is set equal to the dosing time to obtain oj, the dose-timing deviation from 

the prescribed dosing time: 

For completeness, the values of dj and oj are set to a value of zero at the time indicesj at which 

a dose is not administered. 

Non-Dimensional Representation: By normalizing the administered dose to the prescribed 

dose, and by expressing the dosing time in angular coordinates (in radians) on the dosing clock, 

a non-dimensional representation <l> can be obtained: 

<l> = {(0, d0 /D , 2rro0 /r), ( 1, di/D , 2n(1 + oifr)), ... , (j, dj/~ , 2n(i + oj/r)) , ... (n -

1, dn-dD , 2n(n - 1 + On_ifr))} 

The angular representation underscores that almost all chronic dosing regimens are periodic in 

nature and occur around the 24-hour clock - this will become important when considering a 
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suitable density function for modeling dosing intervals. The angular representation enables 

circular statistics based on the von Mises distribution to be leveraged. 

Distribution of Dosing Runs 

We extended the model by using the theory of runs to compute the distribution of the dosing 

runs, which is critical to assessing the distributions of drug holidays and dosing intervals. Exact 

formulas for run statistics require combinatorial probability techniques 10
' 
11 and are surprisingly 

complicated even for the simplest case of independent, identically distributed Bernoulli random 

variables. However, the use of the Markov chain imbedding technique, which was developed by 

Fu and Koutras, has allowed a wide range of success run distributions to be derived using 

intuitive methodology for identical and non-identically distributed, Markov-dependent trials 12 
. 

The first step in the method is to identify the state space that completely includes all the m 

discrete outcomes possible at any dose event or trial. The second and most critical step is to 

identify the transition matrix that describes the probability of achieving any given outcome in 

the state space from any given state. The subsequent steps are standard in the theory of 

Markov chains, i.e., the distribution of all outcomes is completely contained in the product of 

two matrices: i) an initial condition matrix, and, ii) a matrix product of the transition matrices at 

each dose event. The system is allowed to evolve from a single initial state containing no runs. 

We refer the interested reader to Fu and Koutras 12 for theoretical aspects and to Koutras and 

Alexandrou 13 for the computational aspects of the procedure. 

There are several ways of defining runs of length r in n dosing periods. For this paper, we will 

focus exclusively on En rand Gn r· 
' ' 
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1. En,r is the probability of a run of exactly r successes in n trials 27 
. For example, in then= 25 

dose-event pattern FSSSSFFSSFFSSSSSSFSSSSFFF there are 2 success runs with exact length r 

= 4. These occur at trials 5 and 22 and are underlined. 

2. Gnr is the probability of a run of r or more successes inn trials. In then= 25 dose-event 

pattern FSSSSFFSSFFSSSSSSFSSSSFFF there are 3 success runs with length r ;;::4 occurring at 

trials 5, 17 and 22 and they are underlined. 

Gn,r is the basis for drug holiday calculations. The computationally efficient triangular matrix 

decomposition method 13 for calculating Gn,r was implemented in Mathematica (Wolfram 

Research, Champaign, IL) on a MacBook computer (Apple Computer, Cupertino, CA). 

The exact distribution of runs (e.g., for Figure 1Q) was estimated using Monte Carlo 

methodology implemented in the Mathematica (Wolfram Research, Champaign, IL) software 

program. Each individual dosing regimen was simulated 100,000 times (10,000 for patient 808) 

to obtain the run counts and their distribution. The observed run distribution was compared to 

the observed run distribution in patients using Fisher exact test in SPSS statistics software 

(International Business Machines Corporation, Armonk, NY). 
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SUPPLEMENTAL RESULTS 

Modeling Dose Timing Deviations with the von Mises Distribution 

We assumed that the distribution of the dose-timing deviations, i.e., the differences between 

the observed dosing time and the nearest prescribed dosing time can be described using a von 

Mises distribution. Since the von Mises distribution has not been previously used to model drug 

adherence, we provide background on the salient characteristics of the von Mises density 

function (Figures 3A-C). Figure 3A and 3B shows the effect of changing the mean µ of the von 

Mises probability density function in Cartesian and cylindrical coordinates on a unit circle. The 

von Mises density function qualitatively resembles the normal distribution in that it exhibits 

symmetry about the mean parameter µ. However, the effect of changing the mean parameter 

µ of the von Mises distribution is to rotate the density function on the unit circle. Figure 3C 

shows the effect of changing the parameter K of the von Mises distribution withµ fixed at zero 

The value of K is a measure of extent to which the data are concentrated around the mean. 

Larger K values result in sharper peaks with lower circular variance, and a K value of zero 

represents a uniform distribution on the unit circle. 
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Supplemental Figure 1: Probability-probability plots of expected probability from an exponential 

distribution vs. the observed time interval between overdosing events (red circles) for six 

representative patients (#808, #813, #820, #817, #802 and #834; Patient #810 is not shown because 

there were only two overdosing intervals). The blue line is the line of identity. The p-values shown are 

for a one-sample Kolmogorov-Smirnov test against the exponential distribution. 
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Appendix B: Bayesian Population 
Modeling of Drug Dosing Adherence 
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ABSTRACT 

Background. Adherence is a frequent contributing factor to variations in drug concentrations 

and efficacy. 

Purpose. To develop an integrated population model to describe variation in adherence, dose

timing deviations, overdosing and persistence to dosing regimens. 

Methods. The hybrid Markov chain-van Mises method for modeling adherence in individual 

subjects was extended to the population setting using a Bayesian approach. Four integrated 

population models for overall adherence, the two-state Markov chain transition parameters, 

dose-timing deviations, overdosing and persistence were formulated and critically compared. 

The Markov Chain-Monte Carlo (MCMC) algorithm was used for identifying distribution 

parameters and for simulations. The model was challenged with medication event monitoring 

system (MEMS) data for 207 hypertension patients. 

Results. The four Bayesian models demonstrated good mixing and convergence characteristics. 

The distributions of adherence, dose-timing deviations, overdosing and persistence were 

markedly non-normal and diverse. The models varied in complexity and the method used to 

incorporate inter-dependence with the preceding dose in the two-state Markov chain. The 

model that incorporated a cooperativity term for inter-dependence and a hyperbolic 

parameterization of the transition matrix probabilities was identified as the preferred model 

over the alternatives. The simulated probability densities from the model satisfactorily fit the 

observed probability distributions of adherence, dose-timing deviations, overdosing and 

persistence parameters in the sample patients. The model also adequately described the 

median and observed quartiles for these parameters. 

Conclusions. The Bayesian model for adherence provides a parsimonious, yet integrated, 

description of adherence in populations. It may find potential applications in clinical trial 

simulations and pharmacokinetic-pharmacodynamic modeling. 
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INTRODUCTION 

Lack of patient adherence to prescribed dosing regimens is a potentially preventable 

contributing factor in numerous hospitalizations and emergency room visits [1]. Incorporating 

good models for patient adherence in pharmacokinetics and pharmacodynamics (PK-PD) 

models could enhance clinical trial simulations. 

Dr. Gerhard Levy conducted several early seminal investigations into patient adherence using 

PK-PD principles that have proven elegant and insightful (2,3]. His work highlighted the impact 

that patient-specific and drug-specific characteristics have on plasma drug concentration and 

drug efficacy when doses are missed. He advocated for simulations to determine whether 

missed doses would cause plasma concentrations to drop below the therapeutic range for 

drugs with known concentration-effect relationships (2,3]. Subsequent research applied these 

concepts to integrate adherence data from electronic medication event monitoring systems 

(MEMS) technology to PK [4] and population PK and PD modeling (5,6].6 

Dr. Levy's work on patient compliance explains the relationship between a drug's PK/PD 

properties and the consequences of missing one or several doses of that drug. For example, a 

drug with a shallow effect versus concentration slope and a long half-life would be less affected 

by a missed dose, and could be considered a "forgiving" drug [2]. He introduced the concept of 

the medication noncompliance impact factor; a ratio used to determine how much of an impact 

a missed dose would have on plasma concentration. Larger noncompliance impact factors 

indicate that a missed dose will have a more pronounced effect [2]. Although it is understood 

that less frequent dosing is associated with improved adherence to the dosing regimen, this 

alone does not make for a better drug. With more frequent dosing there is less concern for sub-
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therapeutic plasma concentrations, a more relevant measure of noncompliance, following a 

single missed dose. This leads to the conclusion that adjustments to dosing regimens can be 

useful in reducing the risk for sub-therapeutic concentration levels following a missed dose 

(2,3]. The "forgiving drug" concept has become more relevant and applicable for clinical trial 

design in the personalized medicine era, because it can help inform the need for adherence 

monitoring [1]. In clinical trials, poor adherence not only undermines the power to detect drug 

efficacy, but also the ability to detect adverse events. The adverse consequences of poor 

patient adherence can be mitigated with the use of "forgiving drugs" [1]. Additionally, 

adherence data has been integrated with pharmacogenetic outcomes in a clinical trial setting 

[7]. 

In clinical trial and practice settings, patient adherence data can be obtained using several 

methods including patient-reported adherence, the use of medication possession ratios within 

e-prescribing systems, and from MEMS. MEMS technology provides the most detailed 

information of individual dosing events as it provides a time stamp at which medication 

container openings occur. MEMS monitoring is considered a gold standard for obtaining 

objective surrogate measures of dosing events. However, there is an inherent assumption that 

medication opening results in medication administration. The information from MEMS devices 

has been previously used to conduct simulations of drug concentrations and efficacy (8,9]. In 

our recent work, dosing failures and successes were modeled using a two-state Markov chain, a 

von Mises distribution was used to model dose-timing deviations, a Weibull distribution was 

used to model persistence, and a Poisson distribution was used to model the frequency in 

which an overdose would occur. Additionally, we introduced the Patient Cooperativity Index 
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(PCI) a likelihood ratio calculated using the parameters from the Markov chain that can be used 

to describe the variations in dosing patterns between two patients with the same level of 

overall adherence. The goal of this research is to use Bayesian Markov Chain-Monte Carlo 

(MCMC) techniques to extend our previous model for use in population modeling. 
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METHODS 

Adherence Data Sets 

The data used for model assessment were the observed dosing regimens for 207 patients on 

once-daily hypertension treatment. Data on dose-timing, number of dose units taken for each 

dose, and dosing intervals were extracted from the Pharmionic Knowledge Center (PKC) 

database (http://www.iadherence.org/www/pkc.adx), a compilation of electronically 

monitored events that serve as an objective surrogate for a patient's dosing history. 

Dosing and persistence data for each patient were obtained from the calendar plots. The 

dosing interval data was extracted from the dosing time graphs (10]. 

Modeling Individual Dosing Profiles 

The hybrid Markov chain-van Mises model described in detail in (10] was used. The key 

features of this model are described below. The individual model consisted of four inter

dependent components: 

1. A two-state Markov chain was used to model the occurrence of dosing failures and 

dosing successes. 

2. The dose-timing deviations were modeled with a von Mises distribution. 

3. Persistence was modeled with a Weibull distribution. 

4. The frequency of overdosing events was modeled with a Poisson distribution. The 

time between overdosing events was exponentially distributed as a direct 

consequence of the Poisson model for overdosing event frequency. 
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Modeling the Two-State Markov Chain 

Individual Level Model: We modeled the short-range dependence of dosing using a two-state 

time-homogeneous Markov chain with transition matrix A: 

A= S [Pss PsF] = S [Pss 1 -Pss] 
F PFs PFF F PFs 1-pFS 

The probability of a success following a success at the preceding dosing event was denoted by 

Pss and the probability of a success following a failure at the preceding dosing event was 

denoted by PFs· 

Maximum-likelihood estimates [11] of Pss and PFs were obtained from N55 , Nps, NFF and NsF, 

the frequencies of success followed by success, failure followed by success, failure followed by 

failure and success followed by failure events, respectively, using: 

A Nss 
Pss = IZl + N 

SS SF 

The Patient Cooperativity Index (PCI) was defined as: 

pCI = (...1!..E.L) I(...1!.lL)
1-PFS 1-Pss 

The PCI represents an odds ratio of the odds of a failure followed by a success, to the odds of a 

success followed by a success. Patients with low PCI values are less likely to take a dose 

following an omission, whereas those with high PCI values are more likely to take a dose 

following an omission. 
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Bayesian Population Modeling: Four alternative approaches were compared for modeling the 

two-state Markov chain component of the model. The dose-timing deviation, overdosing and 

persistence components of all four models were identical. 

The count matrix, Ni, which contains: N55 (i), the count of successes that are followed by 

successes in subject i; N5 p(i), the count of successes that are followed by failures, Np5 (i), the 

count of failures that are followed by successes; and Npp(i), the count of failures that are 

followed by failures: 

The relative frequency matrix, Qi contains the relative frequencies corresponding to the cells of 

the count matrix Ni. 

The transition matrix Ai used for defining the Markov chain, is generated by normalizing each 

entry of Ni to the appropriate row counts, such that: 

A· = S [Pss(i) 1 - PssCO] 
1 F PFs(i) 1 - PFs(i) 

Model 1, Dirichlet Prior: For Model 1, the counts of N55 (i), N5 p(i), Np5 (i), and Npp(i) in Ni 

were modeled using a multinomial distribution: 
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Ni~Multinomial(Qi, Nsum(i)) 

Qi~Dirichlet(a) 

The counts N5s[i], N5p[i], Np5 [i] and Npp[i] were viewed in this model as resulting from the 

trials of a categorical event with 4 possible outcomes. The Dirichlet is a vector distribution of 

probabilities that sum to unity. In this case, the Dirichlet vector is of order 4. 

Model 2, Independent Beta Priors for Each Row: NFF [i] was modeled using a binomial 

distribution that was a function of PFF[i], the probability of a failure following a failure and the 

total number of failures Np[i] = Nps[i] + Npp[i]. Np5 [i] and N5p[i] were modeled analogously. 

NFF [i]~Binomial(ppp[i], Np[i]) 

Np5 [i]~Binomial(1 - PFF [i] , Np[i]) 

N5p[i]~Binomial(p5p[i], N5 [i]) 

The value of N55 [i] was obtained by difference since: 

The individual rows of the transition matrix were modeled with Beta distributions. 

PFF [i]~Beta(aFF• bFF) 

PsF[i]~Beta(asF, b5p) 

The values of the two remaining elements of the transition matrix were obtained by difference: 

pps[i] = 1 - PFF[i] 

Pssli] = 1 - PsF[i] 
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Model 3, Inter-Dependent Beta Priors: In Model 3, the counts Npp[i], N5p[i], Np5 [i] were 

modeled with binomial distributions as in Model 2. 

However, the transition matrix was modeled with an alternative re-parameterization adapted 

from a strategy for dependent discrete Markov chains proposed by Devore (12], Rudolfer (13] 

and Islam and O'Shaughnessy (14]. The elements of the transition matrix for subject i were 

parameterized using the overall adherence p5 (i), correlation term, r[i]. 

A· = [Ps(O + PF(i)r(i) PF(i) - PF(i)r(i)] 
1 Ps(O - Ps(Or(i) PF(i) + Ps(Or(i) 

We reasoned that this re-parameterization would be better equipped to model transitions 

matrices where the row probabilities were dependent. In Model 3, there are two parameters, 

p5 (i) and r(i), subject to the constraints: pp(i) = 1 - p5 (i) and -1::; r(i) ::; 1. 

The overall adherence p5 (i) can range from Oto 1 and the correlation term -1::; r(i) ::; 1. The 

priors for parameters, p5 (i) and r(i) were both Beta distributions but with support [0,1] and 

[-1,1], respectively. 

p5 (i)~Beta(ap, bp) 

r(i)~Beta(ar,br) over [-1,1] 

Model 4, Helix-Coil Model: The parameterization of this model consisted of hyperbolic 

functions of two parameters, s(i) and O'(i), that underlie for the helix-coil transition model in 

polymer physics. Previous work from our group had demonstrated promise of this approach for 

adherence modeling (15]. 
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s(i) 

A· = 1 + s(i) 
CJ(i)s(i)l [ 

1 + CJ(i)s(i) 

The priors for s(i) and CJ(i) were: 

s(i) = e 2 CO 

The z(i) is an intermediate dummy variable and b5 represents the precision of the normal 

distribution. 

Dose-Timing Deviation Distribution 

The dose-timing deviation of the ;th dose, oi, was defined as the difference between the actual 

dosing time and the nearest prescribed dosing time. 

Individual Level Model: We assume that the PDF of the dose-timing deviations o after 

transformation to angular coordinates is distributed according to the von Mises (VM) PDF 

function VM(µ, K): 

8 
2rr- ~ VM(l/J, w)

T 

The VM distribution describes angular random variables and its PDF p(0) at angular position 0 

radians is: 

eKcos(0-\jJ) 

p(0) = ( ) for ljJ - rr ::; 0 ::; ljJ + rr
2rr/0 w 
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The l/J(i) is the mean and w(i) is a measure of how concentrated the dose-timing deviation 

angles are around the mean; /0 is the Bessel function of order zero. 

The R circular statistics package [16] was used to obtain maximum likelihood estimates for ljJ 

and w, the mean and concentration parameters for the VM distribution of dose-timing 

deviation angles for each subject 

Bayesian Population Modeling: The prior for the von Mises location parameter l/J(i) was a von 

Mises distribution. Both a gamma prior and log-normal prior were investigated for modeling 

the von Mises concentration parameter. In pilot experiments, the log-normal distribution 

provided a better fit. Therefore, the prior for the von Mises concentration parameter K(i) was 

assumed to follow a log-normal distribution. 

l/J(i) ~vonMises(atfJ, btfJ) 

w(i)~LogNormal(aw, bw) 

The aw and bw represent the mean and precision of the log-normal prior, respectively. 

Modeling Overdosing Events 

Individual Level Model: The distribution of over-dosing events was modeled with a Poisson 

distribution. Maximum-likelihood estimation was used to calculate Poisson rate parameter 

A(i). 

Bayesian Population Modeling: Both gamma and exponential priors were evaluated for A, the 

rate parameter of the overdosing distribution. From exploratory probability-probability plots, it 

was apparent that the exponential distribution provided a better and more parsimonious fit to 
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the data distribution. The exponential distribution was selected for the subsequent 

experiments. 

A(i)~Exponential(a;J 

Long-Term Persistence 

Individual Level Model: Persistence was defined as the period from the date of the first 

successful dosing event to the last successful dosing event. For once-daily dosing, Nrotaz[i], the 

total number of observed dosing events is equivalent to the persistence of subject i. 

Persistence is a time-to-event variable and has to be handled in a manner that appropriately 

addresses censored data. As noted in our previous report, there were three sub-groups in the 

PKC adherence dataset. Two sub-groups had a 6-month observation period but disparate 

overall adherence values of 68.5% and 92.8%, respectively. The third sub-group was followed 

up for 9-months and had 92.5% adherence. The three groups were simultaneously modeled 

with appropriate censoring time. Subjects whose persistence values were± 2 days of (6-month 

or 9-month) their respective sub-groups observation period were considered censored. The 

dinterval function in RJAGS, which creates indicator variable from the observed times and the 

censoring time (observation period) as inputs was used. 

Bayesian Population Modeling: The persistence Nrotaz[i] is the total number of observed 

dosing events. It was modeled using a Weibull distribution with shape parameter v and scale 

parameter K: 

Nrotal [i]~ Weibull(v, K) 
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The Weibull density with the accelerated life parameterization for a random variable x is 

defined as: 

The Weibull distribution has to be reparameterized for MCMC modeling because v, the Weibull 

shape parameter, shows poor mixing (http://sourceforge.net/p/mcmc-

jags/discussion/610036/thread/d5249e71/) [17]: 

The full re-parameterization was 

V (X)v-1
Weibull(v , e) = Q Q e-Cx/e)v 

We refer to fas the log-scale parameter. A gamma distribution was used as the prior for v, the 

shape parameter whereas a normal distribution was used as the prior for(. 

Markov Chain Monte Carlo Implementation 

Mathematica (Wolfram Research, Champaign, IL) was used for estimating individual level 

parameters. Both SPSS (IBM, Armonk, NY) and the R statistics program were used for 

exploratory statistical analyses [16,18]. 
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Bayesian analysis was conducted using the well -established Markov Chain Monte Carlo (MCMC) 

method in RJAGS software (19,20]. To allow the MCMC chains to converge we employed a 

conservative burn-in phase of 50,000 runs before evaluating any statistics. The MCMC 

algorithm was implemented for 3 chains each with 200,000 runs and thinning interval of 2. 

Uninformative conjugate priors were used for the hyper-parameter distributions for which 

closed forms were available. Uninformative closed form priors with compatible support were 

identified from numerical experiments for a subset of hyper-parameters lacking closed form 

conjugate priors. 

The MCMC runs were analyzed with the CODA package (20]. Add-on code for analyzing the von 

Mises distribution in RJAGS was developed by Colin Stoneking and Klaus Oberauer (Department 

of Cognitive Psychology, University of Zurich, Switzerland). 

Convergence and mixing were assessed using multiple approaches. First, visual inspection of 

parameter trace plots was conducted for evidence of poor mixing. The Gelman-Rubin-Brooks 

plot, which shows the evolution of Gelman and Rubin's shrink factor as the number of 

iterations increases (21], and the Gelman and Rubin multiple sequence diagnostic multivariate 

scale reduction factor were also examined (21-23]. The Gelman-Rubin statistic was less than 

1.05 (21,23]. 

The two-state Markov Chain Models 1-4 were compared using the deviance information 

criterion (DIC) (24] as computed in CODA (25,24]: 

DIC= D + Pv 

where Dis the mean deviance and Pv is the effective number of parameters. 
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For visual predictive checks, the empirical density functions were computed using the "density" 

function in R with default settings. The density plots from RJAG simulations were compared to 

the empirical density functions. The empirical density functions were truncated outside of 

support to enable meaningful direct comparison with the corresponding simulated density 

function. Raw histograms were visually overlaid on the simulations and densities to provide a 

visual reference. 

The Bayesian analyses were conducted on a MacBook Pro laptop computer running the OS X 

Yosemite operating system version 10.10.3. 

322 



RESULTS 

The distribution of the model parameters for the 207 subjects on the once-daily treatment for 

hypertension are summarized in Figure 1 and Table 1. The majority of the parameters in the 

hybrid Markov chain-van Mises model were markedly non-normal as evidenced by the 

skewness values and the histogram profiles. This provided the motivation to investigate MCMC 

methods for population modeling. 

Table 1. Mean, standard deviation and percentiles for the model parameters. 

Mean SD Skewness 2.5% 5% 10% 25% Median 75% 90% 95% 97.5% 

Adherence Ps 0.865 0 .174 -1.71 0 .390 .475 .570 .797 .943 .982 .994 1.00 1.00 

0.892 0 .148 -2 .08 0 .435 .571 .671 .870 .956 .985 .994 1.00 1.00Pss 

PFS 0.690 0 .339 -0.817 .000 .000 .0704 .475 .818 1.00 1.00 1.00 1.00 

PCI * 0.361 0 .906 4 .48 .000 .000 .000 .0000 .0080 .320 1.00 1.54 3.56 

Persistence*, N Total 155 0 .339 -0.935 18.0 44.6 82 .6 155 169 170 180 223 270 

Overdosing fraction 0.0754 0 .0980 5.81 .000 .0044 .0080 .0290 .0590 .0880 .151 .191 .253 

A 0.111 0 .135 3.46 .000 .00427 .00979 .0337 .0710 .1430 .257 .340 .395 

-0.243 0 .987 0 .19 -1.87 -1.59 -1.45 -1.17 -.327 .589 1.13 1.36 1.491/J 

w 0.287 0 .503 5.87 .0334 .0456 .0710 .110 .172 .249 .420 1.00 1.84 

* The PCI statistics shown only reflect those values that are finite. PCI can be indeterminate if terms in the denominator 

are zero. The persistence statistics are not adjusted for censoring. 

Visual examination of the iteration trace plots did not identify evidence for poor mixing of the 

chains for any of the parameters in each of the models. The Gelman-Rubin-Brooks plots for all 

of the parameters in each of the parameters converged to values less than 1.05 and the Gelman 

and Rubin multivariate potential scale reduction factors approached unity. 

Table 2 compares the deviance information criteria (DIC) of the four competing models for the 

two-state Markov chain component of the adherence model. The deviance information 

criterion is an extension of model selection criteria such as the Akaike Information Criterion 
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(AIC) that is suitable for MCMC methods (24,22]. Lower values of deviance indicate a more 

parsimonious model. The rank order of the DIC values was Model 1 > Model 3 > Model 2 > 

Model 4. Thus Model 4 represents the preferred model. We surmise that Model 4 builds in 

inter-dependence across rows of the two-state Markov chain transition matrix, which could 

provide greater flexibility for modeling adherence data sets. 

Table 2. Deviance information criterion (DIC) for the four competing two-state Markov chain models. 

Model DIC 

Model 1 13385 

Model 2 2433 

Model 3 2487 

Model 4 2405 

Table 3. Mean, standard deviations and credibility intervals for the hyper-parameters of the dose-timing 
deviation, overdosing and persistence components of the adherence model. The estimates from Model 4 

are shown . 

Hyper-
Component Prior Mean SD CV%* SEM* 2.5% 25% 50% 75% 97.5%

Parameter 

Dose timing a,p von Mises 2.86 0.0764 2.7 1.48 X 10-4 2.71 2.81 2.86 2.91 3.01 

Dose timing b,p von Mises 1.44 0.137 9.5 2.66 X 10--4 1.18 1.35 1.44 1.53 1.72 

Dose timing aw Log normal -1.73 0.0583 3.4 1.12 X 10-4 -1.84 -1.77 -1.73 -1.69 -1.61 

Dose timing bw Log normal 1.43 0.140 9.9 2.55 X 10--4 1.16 1.33 1.42 1.52 1.71 

Persistence V Gamma 2.56 0.217 8.5 1.23 X 10-3 2.15 2.41 2.55 2.70 2.99 

Persistence { Normal 5.53 0.0555 1.0 3.44 X 10--4 5.43 5.49 5.53 5.57 5.65 

Overdosing a,_ Exponential 9.04 0.628 6.9 1.15 X 10-3 7.85 8.61 9.03 9.46 10.3 

CV%*= Coefficient of variation of parameter estimate as a percentage. SEM* = Standard error of the mean 
adjusted for autocorrelation . 

The distribution of the hyper-parameters for the dose-timing deviation, overdosing and 

persistence components of the adherence model were very similar across Models 1 through 
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Figure 1. Histograms for key adherence variables and model parameters of the hybrid Markov chain
van Mises model at the individual level. The histograms in Figures lA-D show overall adherence 

fraction, p_SS, p_FS and PCI, respectively, which are the key variables and derived parameters of the 

two-state Markov model. The histogram in Figure lE shows the apparent persistence values. The 

values are not corrected for censoring. The histograms in Figures 1F and lG show the fraction of 
overdosing events and the Poisson rate parameter for overdosing. The histograms in Figure lH and 11 

show the mean and concentration parameters of the van Mises distribution for dose timing 

deviations. 
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Table 4. Mean, standard deviations and credibility intervals for the hyper-parameters of the 
two-state Markov chain parameters for Models 1-4. 

IModel 1 Prior Mean SD CV%* SEM* 2.5% 25% 50% 75% 97.5% 1 

Beta 2.68 4.43 165 4.67E-02 l.77E-02 0.264 9.86E-01 3.13 15.3 

I UFS Beta 2.78 4.59 165 4.35E-02 l.79E-02 0.270 1.01 3.23 16.1 

aFF 

I 
Beta 2.70 4.40 163 4.06E-02 l.80E-02 0.267 1.00 3.16 15.4 

ass Beta 3.36 5.44 162 5.39E-02 l.94E-02 0.315 1.22 3.98 19.3 

asF 

I I 
Beta 0.697 1.98 284 l.51E-02 l.18E-07 4.36E-03 5.84E-02 0.472 5.77 bFF 

Beta 0.649 1.85 285 l.43E-02 l.14E-07 3.84E-03 5.21E-02 0.436 5.35I bFs I 
Beta 0.653 1.90 291 l.48E-02 l.llE-07 3.75E-03 5.07E-02 0.424 5.44 

I bss Beta 0.120 0.614 514 4.51E-03 l.43E-08 3.75E-04 5.34E-03 4.66E-02 0.957 1 

bsF 

Model 2 

I UFF Beta 0.606 9.04E-02 15 5.84E-04 0.447 0.543 0.600 0.663 0.801 I 
Uss Beta 4.53 0.578 13 l.81E-03 3.47 4.13 4.50 4.90 5.74 

Beta 1.52 0.212 14 l.12E-03 1.15 1.38 1.51 1.66 1.98 

bss Beta 0.542 5.00E-02 9 l.70E-04 0.449 0.508 0.540 0.575 0.646 

I bFF I 

IModel 3 I 
Ur Beta 9.31 1.14 12 9.66E-03 7.23 8.51 9.26 10.0 11.7 

I Up Beta 0.562 5.24E-02 9 l.83E-04 0.466 0.526 0.560 0.596 o.671 1 

br Beta 5.90 0.768 13 6.55E-03 4.51 5.36 5.86 6.39 7.52 

bp Beta 3.54 0.439 12 l.42E-03 2.74 3.23 3.52 3.83 4.46I I 
Model 4 

I Ua Gamma 0.667 7.94E-02 12 4.66E-04 0.525 0.612 0.663 0.718 0.836 1 

Us Normal 3.03 0.121 4 2.31E-04 2.79 2.94 3.02 3.11 3.27 

ba Gamma 0.696 0.165 24 l.17E-03 0.416 0.579 0.682 0.797 1.06I I 
bs Normal 0.361 4.16E-02 12 9.20E-05 0.284E 0.332 0.359 0.388 0.447 

CV%*= Coefficient of variation of parameter estimate as a percentage. SEM* = Standard error 

of the mean adjusted for autocorrelation. 

Model 4. This is not surprising given that these particular components are only weakly 

dependent on the two-state Markov chain component. Table 3 summarizes the distribution of 

the hyper-parameters for dose-timing deviation, overdosing and persistence components from 

Model 4. Table 4 summarizes the distribution of the hyper-parameters for the two-state 

Markov chain components for Models 1-4. The two-state Markov chain parameter estimates 
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for Model 1 showed large standard deviations relative to the mean as assessed by the 

coefficient of variation (CV) compared to two-state Markov chain parameter estimates for the 
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Figure 2. Visual predictive check. The dashed green lines in Figure 2A-H shows the simulations of the 

estimated density functions from the Bayesian population modeling for the key variables and 

parameters of the hybrid Markov chain-van Mises model. The red lines show the empirical density 

function for the same variables. The corresponding histograms are manually placed in the background 

to provide an approximate visual reference to the model fit from Model 4 and the empirical density 

function . The simulated and empirical densities and histograms in Figures lA-D show overall 

adherence fraction, Pss, PFs and PCI, respectively, which are the key variables and derived 

parameters of the two-state Markov model. The simulated and empirical densities and histograms in 

Figures 2E and 2F correspond to the fraction of overdosing events and the Poisson rate parameter for 

overdosing, respectively. The simulated and empirical densities and histograms in Figure 2G and 2H 

are for mean and concentration parameters of the van Mises distribution for dose timing deviations. 
The y-axis scale should not be used for the histograms. 
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other Models. Because Model 1 was markedly inferior to the other Models we did not pursue 

refinements to hyper-parameter distribution assumptions of Model 1. The CV values of hyper-

parameter distribution for the other models were satisfactory - majority were less than 15% 

and all were less than 25%. 
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Figure 3. Observed and predicted quartiles. Figure 3 plots the observed median (red circles), quantiles 

corresponding to the 25th (gray circles) and the 75th (green circles) percentiles versus the 

corresponding predicted values of the median, and the quantiles corresponding to the 25th and 75th 

percentiles from Model 4 for overall adherence fraction, Pss, PFs, the fraction of overdosing events, 

the Poisson rate parameter for overdosing, and the mean and concentration parameters of the van 
Mises distribution for dose timing deviations. The dashed line is the 45° line of equality. 

We conducted the equivalent of a visual predictive check by conducting simulations in RJAGS 

for several observed variables and parameters in Figure 1. Figure 2 summarizes the results. The 

dashed green line represents the results from the Bayesian simulations based on Model 4 and 

the red line represents the empirical density function for the variable. The histograms from 

Figure 1 are provided as an approximate visual reference. Figure 2 demonstrates that Model 4 

and the modeling strategies for the dose timing deviations and overdosing components are 
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satisfactorily fit data. Figure 3 plots the observed and predicted quartile values from Model 4 

for overall adherence fraction, Pss, PFs, the fraction of overdosing events, the Poisson rate 

parameter for overdosing, and the mean and concentration parameters of the von Mises 

distribution for dose timing deviations. The proximity of the values to the 45° line of equality 

provides additional evidence in support of Model 4. 
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DISCUSSION 

In this research, we conducted Bayesian population analyses of a hybrid Markov chain-van 

Mises model for analyzing adherence data using the Markov chain-Monte Carlo method. The 

Bayesian model satisfactorily described the distribution of adherence, dose-timing deviations, 

overdosing and persistence in the data set of 207 patients on once-daily hypertension 

treatment. 

Linear and non-linear mixed effect modeling methods are widely used for population modeling 

in pharmacometrics. Bayesian MCMC methods however are particularly well suited for 

extending our hybrid Markov chain-van Mises adherence model to the population setting 

because these methods enable inclusion of the diverse distributions, which can be combined as 

necessary for the integrated adherence model. 

The most challenging aspect of the population modeling was characterizing the distribution of 

the two-state Markov-chain transition matrix. We used a systematic approach of evaluating 

four competing approaches varying in complexity and in the nature of the prior distributions. 

We also compared two different parameterizations of the transition probabilities in Model 3 

and Model 4. Model 4 was identified as the best model based on the DIC. However, Model 3, 

which also contains built-in inter-dependence across rows of the transition matrix, was inferior 

to both Model 4 and Model 2. We attribute this apparent discrepancy to distribution 

characteristics of the Model 3 parameters, which may not have been modeled adequately by 

the available closed form distributions. The beta distribution was the only closed form 

distribution available for modeling the two parameters in Model 3 given their limited domain of 
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support. Our selection of priors implicitly assumes that a single population generates the 

underlying transition matrix. Mixture distributions are necessary if the underlying adherence 

patterns exhibit clustering in different subgroups of subjects, e.g., in "adherent" and 

"nonadherent" subgroups. Bayesian nonparametric approaches, particularly those based on 

Dirichlet processes, are emerging as an alternative to Bayesian parametric approaches in 

application areas (26,27] where the number of mixture components is not known. Mixture 

distributions and nonparametric approaches may potentially prove useful for large-scale 

population-wide adherence datasets from diverse diseases and across therapeutic classes. 

We used an objective operational definition of persistence based on the last successful dosing 

event during the observation period. This operational definition does not penalize for drug 

holidays, which are modeled using the Markov chain component of the model. In real life 

settings, prolonged periods of non-adherence may occur that make it difficult to distinguish 

between persistence and the re-initiation of the dosing regimen. To address the impact of the 

observation period on persistence we used methods of survival modeling that consider right 

censoring of data. Additionally, it was necessary to re-parameterize the Weibull distribution to 

facilitate estimation in the Bayesian framework. 

As noted in Methods, the parameterization of Model 4 was motivated by the helix-coil model 

which is used to describe DNA melting and protein unfolding in biophysics and is itself based on 

the one-dimensional Ising model in physics. Girard et al. described a multi-state Markov model 

coupled with normality assumptions for adherence modeling (28]. The potential similarities 

between the adherence modeling problem and the helix-coil model were first identified in early 

work from our group (15]. In the helix-coil model, the parameter CJ is interpreted as a measure 
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of cooperativity. Values of CJ less than unity indicate positive cooperativity, whereas values 

greater than unity indicate negative cooperativity. One difference between the biophysical and 

adherence setting is that the distribution of CJ in patient populations contains values that span 

both positive and negative cooperativity; negative cooperativity generally does not occur 

frequently in the biophysical setting. Another distinction is that the helix-coil model implicitly 

assumes an exponential Boltzmann distribution of polymer chains, whereas our Model 4 

incorporates the Gamma distribution for CJ and the lognormal distribution for s. 

We used the deviance information criterion, a widely used measure of model discrimination in 

Bayesian modeling. The DIC is analogous to the Akaike Information Criterion (AIC) familiar to 

modeling and pharmacometrics researchers (29]. Based on the recommendations of Burnham 

and Anderson, models having AIC values within 1-2 units of the model with lowest AIC merit 

consideration, whereas models with AIC values greater than 3 units from the model with the 

lowest AIC are considered substantially weaker and can potentially be ruled out (30]. All of our 

models differed by greater than 25 units from each other and from Model 4. This margin of DIC 

is generally considered sufficient to rule out models that are not competitive (24,31]. 

We envision potential applications of our modeling strategy in clinical trial simulations and 

population pharmacokinetic-pharmacodynamic modeling. Currently, resampling approaches of 

MEMS traces are used to incorporate adherence into modeling. However, the availability of an 

integrated Bayesian model that spans adherence, overdosing and persistence could 

substantially enhance these empirically driven methods because they provide greater control 

over simulations and more detailed insights into the underlying factors driving drug 

concentration variability. 
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In conclusion, this manuscript acknowledges Dr. Gary Levy's important scientific contributions 

to pharmacokinetics and pharmacodynamics and also to our understanding the consequences 

of inadequately addressing medication adherence issues. 
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Practice Points 

1. The frequency of multiple sclerosis (MS) patients reporting of ever use of marijuana was 

similar to healthy controls (HC). In both the HC and MS groups marijuana use was significantly 

associated with cigarette smoking. 

2. The frequency of MS patients reporting recent use (within the last preceding 3 months) of 

marijuana was higher compared to HC. 

3. Ever usage of marijuana was associated with disease course, use of complementary 

Alternative Medicine, gender, age, and living status in MS patients. 

342 



ABSTRACT 

Objectives: To investigate the frequency, and factors associated with, marijuana usage by 

multiple sclerosis (MS) patients compared to healthy controls (HC). 

Methods: 521 MS patients and 279 HC from a study of clinical, neuroimaging, genetic and 

environmental factors in MS progression were included. MS patients stated whether they had 

used marijuana before MS diagnosis, after MS diagnosis, and in the preceding 3 months as part 

of an in-person questionnaire. HC provided information on marijuana usage in the past, and 

preceding 3 months. 

Results: The percentage of MS patients reporting ever-usage of marijuana was 39.9%, which 

was similar to 32.7% in HC. However, 9.4% of MS patients reported marijuana use in the past 

three months compared to 0.4% of HC (p < 0.001). Marijuana usage was more frequent in male 

MS patients (p = 0.004), as well as in MS patients who used complementary alternative 

medicine (CAM) (p = 0.045). Cigarette smoking was associated with marijuana usage in both MS 

patients (p < 0.001) and HC (p = 0.001). Increasing age was associated with decreasing usage (p 

< 0.001). 

Conclusions: The self-reported frequency of ever-marijuana use by MS patients is similar to HC. 

However, MS patients are more likely to report recent use. 
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INTRODUCTION 

Multiple sclerosis (MS) is a neurological disease of the central nervous system (CNS) that causes 

physical and cognitive disability. MS is also associated with a diverse range of symptoms 

including pain, spasticity, fatigue, balance problems, heat intolerance, bladder problems, 

tremors, etc. that adversely affect quality of life. MS patients often seek non-mainstream 

options such as complementary and alternative medicine (CAM), herbal supplements, and 

2marijuana 1
' . 

Social perceptions and attitudes regarding marijuana use in the United States have shifted in 

the last decade; Jones et al. reported that 58% of Americans favored legalization in 2015 

compared to only 30% in 2000 3
• The political and legal environment for marijuana use, 

particularly in the United States, has also changed considerably, in part because it is seen as a 

potential source of tax revenue, in the context of shifting social attitudes among the voting 

public. Marijuana use for medical and recreational purposes is currently legal in Colorado, 

Washington, California, Oregon, Alaska, Massachusetts, Maine and Nevada, all of which have 

legalized marijuana use via referendum or legislation 4
. Medical marijuana has also been 

legalized in 29 states 4
. However, marijuana is still considered an illicit substance under United 

States federal law. 

The United States Food and Drug Administration (FDA) has approved three drugs, dronabinol, 

nabilone, and nabiximols, whose active ingredients are synthetic derivatives of delta-9-

tetrahydrocannabinol (THC), the main psychoactive agent in marijuana 5 
• Dronabinol 

(MARINOL™ and SYNDROS™), is FDA-approved for treating AIDS-associated anorexia 
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Nabilone (CESAMET™) is approved for nausea and vomiting caused by cancer chemotherapy. 

Nabiximols (SATIVEX™) is an oral spray containing THC and cannabidiol that has been approved 

in Canada and the United Kingdom for neuropathic pain, spasticity and overactive bladder. Two 

phase 3 trials of nabiximols (SATIVEX™) did not find evidence that nabiximols improved the 

average self-reported pain Numerical Rating Scores (NRS) in cancer patients 6. 

The American Academy of Neurology lists oral cannabis extracts (OCE) as a Level A treatment 

for spasticity symptoms and pain (excluding central neuropathic pain) 2 
,7. THC is listed as a level 

B treatment for spasticity and pain (excluding central neuropathic pain), as well as Level C 

evidence that OCE are effective for long-term pain and spasticity. Nabiximols (SATIVEX™) are 

listed as a Level B treatment for spasticity symptoms, pain, and urinary frequency. There is 

Level B evidence that OCE is probably ineffective for spasticity and tremor, as well as Level B 

evidence that nabiximols (SATIVEX™) are ineffective for spasticity and urinary incontinence, and 

Level C evidence that nabiximols (SATIVEX™) are ineffective for tremor 2 
,7. 

Chong et al. investigated marijuana usage in a group of MS patients seen at two outpatient 

neurology clinics in the United Kingdom (n = 254) and found that 43% of patients reported ever

usage of marijuana 8 
. In this subset, 68% reported using marijuana to alleviate symptoms of MS. 

Page et al. found, in a sample of MS patients (n = 420) from Central Canada who were mailed a 

survey, that 43% of respondents reported ever-usage of marijuana, and 16% had tried 

marijuana for medical purposes 9 
. Banwell et al. reported a 54.3% acceptance rate for the 

legalization of medical marijuana among Canadian patients and found that sleep, pain, anxiety 

and spasticity were the most common reasons for marijuana use 10
. However, factors 

associated with marijuana use in MS has not been extensively researched in the United States. 
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The goals of this study are to investigate the frequency of marijuana usage by MS patients 

compared to HC, as well as the associations between marijuana usage and clinical factors such 

as MS disease course, use of disease-modifying therapies (DMT) and disability, and with 

demographic characteristics such as education, smoking and CAM use. 
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METHODS 

Study Population 

Study Setting: The data was obtained from an ongoing prospective study of clinical, genetic, 

and environmental risk factors in MS at the MS Center of the State University of New York at 

12Buffalo 11
' . This was a single-center, prospective, observational study. 

Informed Consent: The University at Buffalo Human Subjects Institutional Review Board 

approved the study protocol. All patients provided written informed consent at enrollment. 

Clinical, Imaging and Other Assessments: The enrolled patients underwent neurological 

examinations. Blood samples were collected for analyses of biomarkers and answers to a 

comprehensive questionnaire were collected in person by an interviewer. The responses to the 

questionnaire were transcribed by the interviewer. 

All of the subjects were enrolled and answered the questionnaire prior to the legalization of 

medical marijuana in New York in July 2014. The questionnaire included patients' responses to 

whether they had used marijuana before MS diagnosis, after MS diagnosis, and in the 3 months 

preceding the questionnaire. HCs provided responses to whether they had used marijuana in 

the past and in the preceding 3 months. 

Inclusion and Exclusion Criteria: For this sub-study, subjects < 18 years of age were excluded. 

We also excluded subjects whose responses regarding marijuana use were "don't know", and 

those that declined to answer. 
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Data Analysis 

All statistical analyses were conducted using the SPSS (IBM Inc., Armonk, NY, version 24) 

statistical program. 

A patient was assigned "yes" to Marijuana ever usage if they answered "yes" to any of the 

following marijuana use categories: before MS diagnosis, after MS diagnosis, or in the 

preceding 3 months for patients. For healthy controls, ever usage was defined as past 

marijuana use or marijuana usage in the preceding 3 months .. 

Data on age (continuous variable), gender (Binary variable: Female or transgender female, male 

or transgender male), education level (binary variable: college or no college), MS disease course 

(3 Categories: relapsing-remitting MS or RR-MS, secondary progressive MS or SP-MS, primary 

progressive MS or PP-MS) and disease-modifying therapy (DMT) treatment status (Binary 

variable: On DMT treatment, Not on DMT Treatment), smoking status (Binary variable: smoked 

> 100 cigarettes, have not smoked > 100 cigarettes) and CAM usage (Binary variable: ever used 

CAM, never used CAM) were obtained from the study database. CAM was defined as 

acupuncture, aromatherapy, Ayurveda, Chinese herbal medicine, chiropractor, electromagnetic 

therapy, homeopathy, hypnosis, massage, naturopathy, Qi gong, Reiki, therapeutic touch, bee 

stings or other. For all binary variables, the odds ratio was computed and reported. 

The differences between the means of continuous variables, e.g., age between subjects who 

reported marijuana usage and those who did not, were assessed using independent samples t

tests. The differences in distributions of categorical variables, e.g., gender, education level, 

DMT treatment status, smoking status, CAM usage and disease course, between subjects who 
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reported marijuana usage and those who did not were assessed using the Fisher exact test for 

dichotomous variables and the chi-square test for non-dichotomous categorical variables. 

Associations between marijuana usage variables and EDSS were investigated using ordinal 

regression, with EDSS as the dependent variable and age, gender and MS usage variable of 

interest as predictor variables. 

A multivariate logistic regression was used to investigate the associations between marijuana 

usage (dependent variable) and the following predictor variables: age, sex, ever-smoked, 

disease course and CAM usage. Subsequently, we followed up with a stepwise regression 

analysis (entry p =0.05, removal p =0.1). 
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RESULTS 

Demographic and Clinical Characteristics: This sub-study included of 521 MS patients and 279 

HC. Table 1 summarizes the demographic variables in MS and HC groups. 

The MS and HC groups were mostly female (MS: 71.0% female and HC: 63.8% female) and of 

Caucasian ancestry (MS: 93.1%, HC: 86.6%). The average age for the MS group was 47.6 ± 11.1 

years vs. 45.9 ± 15.1 years for HC. 

The majority (66.2%) of MS subjects had RR-MS. The median EDSS (IQR) for MS patients was 3.0 

(4.0). The mean disease duration was 15.2 ± 10.5 years and the mean treatment duration was 

4.32 ± 3.9 years. 

Table 1. Demographic and clinical characteristics of MS patients and control subjects. 

Characteristic MS Controls 

Females: Males(% Female) 370:151 (71.0%) 178:101 (63.8%) 

Disease Course 

Relapsing Remitting 345 (66.2%) 

Secondary Progressive 139 (26.7%) 

Primary Progressive 37 (7.1%) 

Race/Ethnicity(%)§ 

Caucasian 483 (93.1%) 240 (86.6%) 

African American 22 (4.2%) 22 (7.9%) 

Hispanic Latino 9 (1.7%) 3 (1.1%) 

Asian 2 (0.4%) 9 (3.2%) 

Other 3 (0.6%) 2 (.7%) 

Age, years 47.6 ± 11.1 45.9 ± 15.1 

Disease Duration, years 15.2 ± 10.5 

Treatment Duration, years 4.32 ± 3.88 

Median EDSS (IQR) 3.0 (4.0) 

All continuous variables are mean ± standard deviation . For the ordinal EDSS, the median 
(inter-quartile range) is given. 
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Frequency of Marijuana Usage: Ever-usage of marijuana in the MS patient group (39.9%) was 

not significantly different compared to HC (32.7%) (p = 0.70, Fisher Exact test). The percentage 

of MS patients reporting marijuana use in the past 3 months was 9.4%, which was higher than 

the 0.4% of HC who reported marijuana use in the past 3 months (p < 0.001, Fisher Exact test). 

The percentage of MS patients who reported marijuana use after MS diagnosis (16.1%) was 

lower (p < 0.001, Fisher Exact test) than the percentage reporting marijuana usage before MS 

diagnosis (37.2%). 

Demographic Factors Associated with Marijuana Usage: Ever usage of marijuana decreased 

with increasing age in the MS group (p < 0.001) but not in HC. Gender was significantly 

associated with marijuana ever-usage in MS, with more males reporting ever usage of 

marijuana (Males 49.7% vs. Females 35.9%, Odds ratio= 1.76, p = 0.004). However, gender was 

not associated with ever usage of marijuana in the HC. Education and race were not associated 

with ever usage of marijuana in either MS patients or HC. Ever usage of marijuana was found to 

be significantly associated with living status in MS patients only, with those living with a partner 

or spouse having the highest frequency of usage (5.2%, p = 0.007). Cigarette smoking was 

associated with ever marijuana usage in both the MS patients (53.2% among smokers vs. 25.4% 

among non-smokers, Odds ratio = 3.33, p < 0.001) and HC (54.6% among smokers vs. 27.0% 

among non-smokers, Odds ratio = 3.26, p < 0.001). The dependence of the frequency of ever 

usage of marijuana in the HC and MS groups on gender and smoking status are summarized in 

Figure 1A and 1B, respectively. 
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Clinical Factors Associated with Marijuana Usage: The associations between marijuana usage 

and disease course, disability, current DMT status and CAM usage was also investigated. 

Recent marijuana usage (past three months) was associated with disease course (p < 0.001). 

The percentages of RR-MS, SP-MS and PP-MS patients reporting recent marijuana usage (past 3 

months) were 18.3%, 12.3% and 13.9%, respectively. 
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Figure 1. The percentage of subjects reporting marijuana ever-usage on gender (lA), ever-smoker 

status (1B) and CAM usage status (lC) in the healthy controls (HC) and MS groups. 

CAM usage was associated with marijuana usage in MS patients (p = 0.045) but not in HC. The 

associations between marijuana usage and CAM usage in both HC and MS patients are 

summarized in Figure 1C. 
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EDSS was not associated with marijuana usage in MS patients. 

Multivariate Analyses of Marijuana Usage: To address the contribution of the covariates acting 

together, we conducted multivariate logistic regression analyses, followed by stepwise 

regression. Ever usage of marijuana was the dependent variable, and age, gender, smoking 

status, disease course and CAM usage were treated as predictor variables. The multivariate 

logistic regression identified gender (p = 0.004), age (p = 0.0039), cigarette smoking (p < 0.001), 

and any CAM use (p = 0.006) as significant factors associated with ever usage of marijuana. 

Upon a follow-up stepwise regression analysis, we found that gender (p = 0.002), age (p = 

0.016), smoking (p < 0.001), and CAM usage (p = 0.003) remained significant predictors of ever 

usage of marijuana. 
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DISCUSSION 

The purpose of our study was to investigate the factors associated with reported marijuana 

usage in MS patients and to compare the reported marijuana usage in MS patients to healthy 

controls. Our investigation of marijuana usage provides useful information regarding the 

demographic and clinical characteristics of MS patients and HC who report marijuana usage in 

the United States. MS patients were more likely to report recent marijuana use (past three 

months) than healthy controls. A greater frequency of ever usage of marijuana was observed in 

younger patients, and with patients who reported smoking> 100 cigarettes in their life, in both 

MS and HC. We also found a greater frequency of ever usage of marijuana in males versus 

females in the MS sub-group. Ever usage of marijuana usage was not associated with race or 

education level. There was also a positive association between ever usage of marijuana and 

CAM usage in the MS group. 

The overall frequency of ever-marijuana usage in our study was 39.9%, which is comparable to 

the 43% reported in previous studies of MS patients in the United Kingdom 8 and central 

Canada 9 
. The National Institute of Drug Abuse (https://www.drugabuse.gov/drugs

abuse/marijuana) estimates that 35.6% of 12th graders in the US, and 10.4% of US citizens who 

are 26 years and older, report marijuana use in the past year. 

The outcomes of clinical trials of pharmaceutical-grade cannabis-based medicine in MS have 

the potential to influence patients' perceptions of smoked marijuana, particularly in states 

following legalization. Patients eager to adopt marijuana may overlook the risks associated with 

the lack of control over the dose ingested, exposure to cigarette smoke and lack of 

354 

https://www.drugabuse.gov/drugs


standardization of dosage form with smoked marijuana, all of which have not been extensively 

investigated in a clinical setting. Interestingly, in a placebo-crossover study of 37 participants, 

by Corey-Bloom et al., spasticity decreased by 2.74 on the Ashworth scale, and pain reduced by 

an average of 5.28 points on the visual analog scale, after the patient had smoked cannabis for 

three days 13 
. However, after the patient had just smoked cannabis, there was a significant 

decrease in cognition measured with the Paced Auditory Serial Addition Test 13 
. This could be 

an indication that smoked marijuana may alleviate some of the symptoms associated with MS, 

despite its apparent effect on cognition 13 
. With increasing usage, reports of adverse events 

associated with marijuana usage, e.g., addictive potential, accidental ingestion of food-like 

marijuana products by children, and automobile accidents involving patients driving while 

intoxicated, could modify public and patient perceptions. 

The American Academy of Neurology included guidelines for cannabis-derived products in its 

review of CAM usage for MS 7 
. The guidelines found Level A evidence for clinicians to offer MS 

patients oral cannabis extract for spasticity and Level B evidence for use of nabiximols 

(SATIVEX) for spasticity, pain and urinary frequency 7 
. 

Recently, Cofield et al. examined 5,481 participant responses from a survey collected in the 

14North American Research Committee on Multiple Sclerosis (NARCOMS) registry , which 

assessed the marijuana usage before and after MS diagnosis. They found that 64% of the 

participants reported marijuana usage prior to diagnosis, and 47% would consider marijuana as 

14 a possible supplement to treat MS symptoms . Additionally, 91% of the respondents believed 

that marijuana usage should be legalized in some form 14
. The results from this study highlight 

the interest in legalization of marijuana use among MS patients. 
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Our study was a cross-sectional study and has all the limitations of such a design, including the 

possible risks of recall bias. During this study, marijuana was illicit for medicinal purposes in 

New York state. Thus, it is possible that there was underreported marijuana usage among the 

study participants. Despite this limitation, our study provides a useful profile of the factors 

associated with marijuana usage in MS patients. A questionnaire study of MS patients (n = 220) 

conducted in Nova Scotia by Clark et al., found that males were significantly more likely to use 

15medical cannabis than women , which corroborates our findings in this study population. 

However, Chong et al. did not find evidence for gender difference in marijuana usage in MS 

patients in the UK 8 
. 

In our study, we did not find any evidence for associations between marijuana use in MS 

patients and educational level or race 8 
. These results are concordant with the study by Chong 

et al. 8
, who investigated marijuana usage in 254 MS patients in the UK. Our findings, which 

indicate a negative association between age and marijuana usage for treatment in MS, were 

15not observed in the studies conducted in the UK or Canada 8
' . However, the age dependence 

in our MS sample is consistent with the age-dependent pattern of marijuana usage in the US 

population at large 4 
. 

Interestingly, CAM usage was also associated with ever-usage of marijuana in MS patients. To 

our knowledge, our study is the first to investigate the associations of marijuana usage with 

CAM usage in MS patients. MS patients who engage in CAM may be more likely to use 

marijuana as an alternative means of treatment to standardized DMT. 

In conclusion, we have identified potential demographic and clinical characteristics associated 
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with self-treatment with marijuana in MS patients. With the increasing interest in marijuana 

usage to treat the debilitating symptoms associated with chronic diseases such as MS, there is a 

need for well-controlled clinical studies to evaluate the safety and feasibility of such treatment. 
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