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ABSTRACT 

Extreme weather events including drought, heavy rain, and heat waves are occurring 

with higher frequency and can cause substantial impacts to human and natural 

systems, such as forestry, water resources, and human health. One potential impact 

is on the productivity of deciduous forest ecosystems, which cover 22% of the planet 

and are an important component of the global carbon cycle. Yet, the influence of 

extreme weather on temperate forest production is poorly understood. This research 

estimates the effects of extreme weather on Gross Primary Production (GPP, a 

measure of how much carbon the forest removes from the atmosphere) of temperate 

deciduous forests in the Northeastern United States using data from the FLUXNET 

monitoring network. I used Hierarchical Bayesian models to account for climate 

variability (anomalies) and short-term weather events (such as drought, heat) to 

quantify the effects of climatic variability on forest ecosystem productivity. I also 

explored different lagged effects of climate variability on GPP and found that GPP is 

sensitive to climatic variability at different temporal scales and that the effects vary 

seasonally. For example, heavy precipitation has a positive effect on NEP early in the 

growing season but switches to a negative effect in late summer. In addition, I found 

that incorporating a lagged effect into the model reveals improves model performance 

suggesting that some of the short term variability can affect GPP for several weeks. In 

summary, this research improves our understanding of how lagged effect influence the 

GPP prediction and how climatic variability (anomalies and events) drives changes in 

ecosystem productivity and, ultimately, the global carbon cycle. 
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CHAPTER 1: INTRODUCTION 

Short-term extreme weather events, such as heavy precipitation, tropical cyclone, and 

droughts have increased over the past century (IPCC 2014). The impacted areas and 

intensity from recent climate-related extremes are having and very likely continue to 

have fundamental impacts on the natural environment and human well-being (Parry 

et al., 2007). In the meantime, shifts in long-term climatic averages such as mean 

annual temperature can also have strong effects on ice, snow cover, sea level, and 

plant growth. These changes can lead to an upward shift in treelines, increases in 

insect pests, and increased risk of drought leading to tree mortality (IPCC 2005). 

These climatic changes can also strongly affect the carbon stored and produced in 

terrestrial ecosystems (Fischlin et al., 2007). The organic C stored in soil and forest 

ecosystems is 1750 and 550 Pg, respectively, (1 Pg = 10^15 g) and the total value of 

terrestrial organic C is about 3 times of the C in the atmosphere (Houghton J T, Ding 

Y, Griggs D J, et al.2001). These values highlight the importance of terrestrial 

ecosystems in the global carbon cycle. 

In general, temperature, solar radiation (Villegas et al., 2015), precipitation 

(Huang et al., 2013) are three vital factors that influence plant growth and carbon 

accumulation. The dominant environmental factor limiting plant growth varies by 

ecosystem (Nemani et al.,2003). However, many questions remain about the relative 

impact of short-term climatic events (such as frost) and the longer-term anomalies in 

climate. 
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Global climate change can result in shifts of mean conditions (e.g. mean annual 

temperature) and/or shifts of the frequency of short-term events (e.g. drought or heat). 

It is useful to separate the impacts of changes in mean climate values (anomalies) 

from those produced by changes in magnitude or frequency of extreme events (events 

effect) since the mechanism and the intensity of the effect on land ecosystem are 

different (Jentsch et al., 2007). In this project, I analyze the effect of events and 

anomalies individually and compare the results of these two kinds of effect. 

Meanwhile, the lagged effect of these variables on terrestrial carbon will also be 

explored. 

The impacts of extreme weather may take some time to influence ecosystem 

productivity: plants are not only influenced by present weather but may also be 

influenced by the weather in a previous time, such as the weather 10 days ago or even 

1 year ago. An experiment conducted on global vegetation found that lagged effects 

take an essential part and increase model fitting in vegetation responses to climate 

analysis and the same type of vegetation have a different lagged effect faced on 

different climate events (Wu, Donghai, et al. 2015). Studies on temperature effects 

found that the lagged effect of temperature could be more than 1 year, which means 

the temperature in previous years may account for the shift of phenology in this year 

(Mulder, Christa P. H., et al. 2016). Another study found that an experimentally warmed 

system can take 2 years before net ecosystem carbon dioxide exchange (NEE) 

recovers to levels measured in the control ecosystems (Arnone, J. 3., et al. 2008). 

With these research support and evidence, the lagged effect should be taken into an 
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important role in land ecosystem analysis. 

Terrestrial gross primary production (GPP), the rate of carbon uptake from the 

atmosphere through photosynthesis, is arguably the most variable component of the 

terrestrial carbon cycle (Chen, J. M., et at. 2012). Here, I analyze the impact of climate 

variability on GPP of the temperate deciduous forest in the Northeastern US. 

Temperate deciduous forest in the Northeastern US have four distinct seasons: trees 

change color and lose leaves in fall as temperature and precipitation drops, trees are 

dormant and inactive in winter during cold temperatures, trees become active again in 

spring as the temperature increases, and trees grow the most, fueled by the warmest 

temperatures in summer (U.S. National Park 2017). With the change of seasons, the 

gross primary production(GPP) of trees also has clear pattern each year. 

The general idea of this research is to identify the influence of climate variability 

on GPP, and in particular, address the following questions: 

1. What is the effect of annual variability of mean climatic conditions (“anomalies”) 

on GPP? 

2. What is the effect of climatic events (such as drought and heat) on GPP? 

3. Are there important lagged effects of events or anomalies on GPP? 

4. If lagged effects are important, are there differences between events and 

anomalies on GPP? 
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CHAPTER 2: DATA AND DATA PREPROCESSING 

Data in this project are collected from FluxNet database which measured in Flux 

towers. FluxNet sites have various sensors to accurately measure wind, carbon 

dioxide, water vapor. The principle method to measure and calculate vertical turbulent 

fluxes within the atmospheric boundary layers is Eddy Covariance (EC) technique 

which is the primary methodologies to quantify CO2 exchange between terrestrial 

ecosystems and the atmosphere (Campioli, et al, 1970). Infrared gas analyzer is the 

sensor to measure the exchange of carbon dioxide in Flux towers, it works by trace 

the carbon concentration of an emitted infrared through a certain air sample. From 

these towers, I selected 9 deciduous forest sites in the Northeastern US (Fig.1). 

Figure 1: Sites from Fluxnet database, data are collected from the sites in the Northeastern US 
which is covered by deciduous forest. 

The Fluxnet database includes different temporal aggregations: monthly, 

weekly, daily, hourly, and even half-hourly data. I used half-hour data to generate the 

“events” and the daily data to calculate the “anomalies”. In order to calculate the 
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maximum and minimum temperature and precipitation for generating the extreme 

weather in each site, I used half hourly data and calculated the maximum or minimum 

value in 48 half hours per day as the maximum or minimum value for a day. Thus, I 

filtered “MMS” site out since it only has daily data which cannot calculate the maximum 

and minimum temperature and precipitation. I also filtered the stations to include only 

locations with at least three years of data. Hence, there are 5 sites in the end, and 

from these sites, I collected the GPP, climate data: temperature, precipitation, 

radiation, and other variables: day, year (Table 1). 

Site ID Site State Latitude Longitude years 

US-HA1 Massachusetts 42.5378 -72.1715 1992~2012 

US-Oho Ohio 41.5545 -83.8438 2004~2013 

US-UMB Michigan 45.5598 -84.7138 2000~2014 

US-UMd Michigan 45.5625 -84.6975 2007~2014 

UD-WCr Wisconsin 45.8059 -90.0799 1999~2014 

Table 1: FluxNet sites included in this analysis. 

2.1 GPP DATA 

Gross primary production at sites varies throughout the year between 0 to and 26 

� � �%& ��%). I divided each year into four seasons: Dormancy, Greenup, Maximum, 

and Senescence (Fig. 2). November to March includes the ‘dormant’ period when 

the temperature is cold and the trees are inactive, thus the GPP is close to zero. 

From April to May, “Greenup,” the temperature becomes warmer and the trees break 
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dormancy and begin to photosynthesize (increasing GPP). From June to August 

represents the period of maximum GPP. In September and October, the trees 

senesce their leaves and GPP decreases. With the variety of temperature and 

precipitation in each year, GPP fluctuates every year while it maintains a common 

pattern from year to year. Here, I used these seasons to understand how time-

varying coefficients of climate variability affect GPP in four seasons for interpretation. 

Figure 2: The seasonal trend of GPP through a year divided into 4 periods used in this study: Dormancy, 
Greenup, Maximum, and Senescence. 

2.2 CLIMATE DATA 

I also processed climate data including temperature, precipitation, short-wave 

radiation (SR), and long-wave radiation (LR). I calculated the change in mean climate 

values which I refer to as “anomalies” and the short-term events from climate values 

which I call “events” including drought, frost, heat, and heavy precipitation in each 

year. 
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2.2.1 Data: Anomalies 

To calculate the seasonal climate anomalies, I used the temperature, precipitation, 

and radiation including short-wave radiation (SR) and long-wave radiation (LR) from 

daily data in all sites and years to calculate the median value for each day of the year. 

For example, the value for January 1st represents the median value for all January 

1sts in the dataset. Then, using this daily climatology, I subtracted the value for each 

day at each site and call the difference the “anomalies” (Fig.3). The reason for using 

median value instead of mean value is because median value is less sensitive to 

extreme values. For example, given the temperature in January 1st from 2000 to 2004 

is 1, 2, 2, 8, and then the median value for reference data of temperature in January 

1st is 2 while the mean value is 3.25 which is increased by the value in 2004. 

Figure 3: The method for generating anomalies: first collecting the mean temperature, precipitation, 
and radiation value in all years and all sites (A) and calculate the median value (B), finally generate 
the anomalies using A minus B. 
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2.2.2 Data: Events 

To generate the events data, I used half hourly data to find the maximum, minimum 

temperature and daily precipitation data. Based on the percentile method and the 

indexes defined by Expert Team on Climate Change Detection and Indices (ETCCDI), 

I generated the extreme events, including frost, heavy precipitation, heat, drought 

(Table 2). The percentile method is to define the climate value which higher or lower 

than 1% climate value as “events”. For example, the percentile method for heavy 

precipitation: calculate the 1% of daily precipitation in all years and sites and set this 

value as a threshold, and the precipitation value higher than this threshold is defined 

as heavy precipitation. 

For frost, I used the index defined by ETCCDI that if the minimum temperature 

is below -2℃ and set the frost in that day is 1 or set it as 0 instead. For heavy 

precipitation, the percentile result is same as the index from ETCCDI: if precipitation 

is bigger than 20mm, set the heavy precipitation is 1. For heat, I used the index from 

ETCCDI, if the maximum temperature is higher than 25 ℃, set the day as heat and 

the value is 1. For drought, I used the ETCCDI’s index to calculate dry day that if 

precipitation is below 1 mm, set the day as dry day. I then defined the length of 

continuous dry days larger than 15 days as ‘drought events’ in the analysis. 
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Events Definition 

Heat Daily max. temperature higher than 25 ℃ 

Frost Daily min. temperature lower than -2 ℃ 

Heavy precipitation Daily precipitation higher than 20�� 

Drought Continuous dry day larger than 15 day 

Dry Daily precipitation lower than 1�� 

Table 2: The indices for events data which are generated based on the percentile method and the 
indexes on the website 

2.3 LAGGED EFFECTS 

2.3.1 Anomalies with Lagged Effect 

Considering the effect of lagged time, the GPP value may not just be affected by the 

climate variability today but also by the climate variability at some previous time. To 

account for this, I analyzed the anomalies up to 5 months before to identify the lagged 

time that best explains the observed variability in GPP. To implement this idea, I used 

window sizes ranging from 0 to 150 days before the day and calculate the median 

value of the anomalous temperature, precipitation, and radiation in this window size to 

replace the actual anomalous meteorological data on the day. For example, to 

calculate a window size of 80 days (Fig. 4), I used the anomalous climate data in 80-

days window before the day and calculate the median anomalous climate data to 

replace the value on that day. Thus there are 150 different windows to generate the 

150 anomalous climate data representing the lagged time from 0 to 150 days before 

the present anomalous climate data. Zero days before the present anomalous 

meteorological data is the anomalous meteorological data on present day. 
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Figure 4: The 80-day window size for generating the data with lagged effect, using the data in the 80-
day window size before the day to calculate the median value and replace the value on that day 

2.3.2 Events with Lagged Effect 

For events with lagged time, I used the same lagged time length in anomalies. Using 

the same window size 0 to 150 days before the day to calculate the mean value of 

events in these windows to replace the value on that day, and then there are 150 

events with lagged effect. The difference between the method used for anomalies with 

lagged effect is using mean value instead of the median value from each window, 

because the mean value is sensitive to extreme values and can capture the events 

happened in the window. For example, the drought events in window size 3 before the 

day is 0, 0, 1, and the mean method will replace 0.333 to the day and the median 

method will replace with 0, thus median method didn't capture the events happed on 

third day. 

2.4 DATA PREPROCESSING 

Before building the predictive model, I deleted the outliers: the missing data and the 

data with non-reasonable value which are far from the mean value and the range of 
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data. I then scaled all the variables by subtracting the mean and divided by the 

standard deviation in order to better compare the coefficients in the results. 

For model comparison and validation, I used the hold-out method to divide the 

data into training and test data. The training data includes the first 80% of observations 

(about 18 years) and the validation data are the last 20% of observations. I then used 

the training data to fit the models and select the lagged time and the test data to assess 

the predictive accuracy of the models. 
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CHAPTER 3: METHODOLOGY 

3.1 BAYESIAN APPROACH 

I used Bayesian approach to build seven models in this project because it provides a 

natural and principled way to combine the prior knowledge and the information of the 

data (SAS, 2010). With this advantage, I can combine the expert knowledge in this 

research and avoid the case of “Black Swan theory”. “Black Swan theory” which is a 

metaphor that describes an event that comes as a surprise has a major effect (Murphy, 

Kevin R, 2013). For example, throw coin 3 times and find 3 heads 0 tail, and then the 

probability of the tail is 0. While as we all know that the probability of throw a coin is a 

tail is 0.5, so I can combine the prior knowledge with the evidence and generate the 

posterior probability of the event with a tail greater than 0. 

Besides this benefit of Bayesian, it also provides posterior credible intervals 

which helps interpret results. However, a Bayesian framework also has a 

disadvantage -- it often comes with a high computational cost due to larger number of 

parameters (SAS, 2010). Some model fitting methods, such as the method Markov 

chain Monte Carlo (MCMC), is also computationally expensive. To reduce the time 

consumption, I used a new approach called Integrated Nested Laplace Approach 

(INLA) (Rue, H. et al. 2009). 
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3.2 INLA APPROACH 

Integrated Nested Laplace Approach (INLA) is a new approach for approximating the 

posterior of a Bayesian model. The posterior of interest can be written as (Latent 

Models, R-INLA) 

� �- � = ∫ � �- �, � � � � �� 

� �3 � = ∫ � � � ��%3 

Thus INLA can approximate the posterior in three steps based on the formula. 

First, approximate the marginal posterior � �3 � of θ using the Laplace approximation. 

And then compute the Laplace approximation, or the simplified Laplace approximation, 

of �(�-|�, �) for selected values of θ, to improve on the Gaussian approximation. The 

third step combines the previous two by using numerical integration (Rue, H. et al. 

2009). With these procedures to calculate the posterior of the Bayesian model, INLA 

performs much more computationally efficient and maintains high accuracy. Thus, 

using INLA for Bayesian model fitting can provide more convenience and accurate 

results. 
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CHAPTER 4: SPATIAL MODELS 

In this project, I assumed a Gaussian distribution of GPP and built seven Hierarchical 

Bayesian models (Table 4) with the training data: Spatial seasonal model, Spatial 

anomalies model, Spatial events model, Full model, Spatial anomalies model with 

lagged effect and Spatial event model with lagged effect, Full model with lagged effect, 

the specific descriptions are below. 

Model name Model formula 

Spatial seasonal model GPP ~ � + f (year) + f(week) + f(site) 

Spatial anomalies model GPP ~ � + f (year) + f(week) + f(site) + f(anomalies) 

Spatial events model GPP ~ � + f (year) + f(week) + f(site) +f (events) 

Full model GPP ~ � + f (year) + f(week) + f(site) +f(anomalies)+f(events) 

Spatial anomalies model with GPP ~ � + f (year) + f(week) + f(site) + f(anomalies + lagged time) 

lagged effect 

Spatial events model with lagged GPP ~ � + f (year) + f(week) + f(site) +f (events+ lagged time) 

effect 

Full time with lagged effect GPP ~ � + f (year) + f(week) + f(site) + f(anomalies+lagged time)+f (events + 

lagged time) 

Table 4: The seven models compared in this study. � is the intercept. The f() term represents various 
latent models described in the text. 

4.1 SPATIAL SEASONAL MODEL 

In the Spatial seasonal model, I used only temporal and spatial data to fit GPP: 

GPP ~ � + f (year) + f(week) + f(site) 

“�” is the intercept. 

4.1.1 Random Effect for Year (Random Walk Model) 

To capture the random fluctuation of GPP in each year, I used random walk model of 
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order 1 (RW1) for the function of year f(year). The formula of RW1 is (Latent Models, 

R-INLA) 

∆�- = �- − �-%) ∼ �(0, �%)) 

This model assumes the value of �- is a combination of random error and the 

previous time step �-%) (Latent Models, R-INLA). The parameter � is represent as 

� = log � 

and the prior is defined on �. 

Thus for the function of year model, I assumed the GPP value on the year is a 

combination of random error and the GPP value on previous year. 

4.1.2 Seasonal Trend Model 

F(week) is the function using the seasonal latent model and week factor to account for 

the seasonal trend of GPP and “week” variable is generated from the “Date” in data. 

The formula of season latent model is (Latent Models, R-INLA): 

D%EF) &
� � � ∝ � & exp −

� 
(�- + �-F) + ⋯+ �-FE%)2 

D%EF)
= � & exp −2

1
�N�� 

where � represents the model for seasonal variation with periodicity � for the 

random vector § = (�1, . . . , ��), � = �� and � is the structure matrix reflecting the 

neighborhood structure of the model. The parameter � is represent as � = log �, and 

the prior is defined on �. 

The reason for using “week” factor instead of “day” or “season” to capture the 

seasonal trend is because “week” is 7 day-lengthy and there are 53 weeks in a year, 

thus this length of “week” is proper to monitor a smoother trend of GPP (Fig. 5). Since 

there are 365 days in a year, the monitored trend of “day” contains too much variability; 
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the length of “season” is longer than “week” and there are 4 seasons in a year, so the 

trend of “season” factor has only 4 values which cannot properly fit the seasonal trend 

of GPP. 

Figure 5: Example seasonal trend model to account for typical seasonal variability. 

4.1.3 Spatial Model 

Considering spatial effects of each site, I built a 5*5 neighborhood matrix for the 5 sites 

(Table 5) and the column and row names are the 5 sites’ name. A “1” indicates two 

sites are neighbors: for example, Ha1 site has no neighbor, so all the value is 0 instead 

Ha1 with Ha1. Since UMB and UMd sites are neighbors, I used “1” for UMB site versus 

UMd sites, and also using “1” for UMB sites versus UMB itself, “1” for UMd versus 

UMd site, and use 0 for the other entries. 
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Site ID Ha1 Oho UMB UMd WCr 

Ha1 1 0 0 0 0 

Oho 0 1 0 0 0 

UMB 0 0 1 1 0 

UMd 0 0 1 1 0 

WCr 0 0 0 0 1 

Table 5: Neighbor matrix for 5 sites indicating which sites are treated as neighbors (1 indicates two sites 
are neighbor, otherwise, use 0). 

The Spatial effect of 5 sites are defined as a “Besag” spatial model (Latent 

Models, R-INLA) in f(site), a spatial effects latent model in INLA. The formula of “Besag” 

model for random vector � = �), … . �D is defined as (Latent Models, R-INLA): 

�-|�3, � ≠ �, �~Ν(
1 

�- ,�- �
1
-�
) 

-~3 

In this formula, �- is the number of neighbors of node �, �~� indicates � and � are 

neighbor. The parameter � is represent as � = log �, and the prior is defined on �. 

4.2 SPATIAL ANOMALIES MODELS 

To assess the impact of seasonal variability of climate ‘anomalies’, I added another 

term to the model: 

GPP ~ �+ f (year) + f(week) + f(site) + f(anomalies) 

This Spatial anomalies model is adding a function for anomalies “f(anomalies)” to the 

Spatial seasonal model, f(year), f(week), f(site) and intercept: “�" are same as the 

functions in Spatial seasonal model and the only difference is adding f(anomalies) in 
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Spatial anomalies model. 

4.2.1 Latent Model for Anomalies 

For f(anomalies) function, I selected the random walk of order (RW2) as latent model 

in INLA. The difference of RW2 between RW1 for f(year) in the spatial seasonal model 

is RW2 constructed assuming dependent second-order increments (e.g. that the value 

�- is dependent to prior day’s value �-%) and the value from two days prior �-%&. The 

formula is (Latent Models, R-INLA): 

∆& �- = �- − 2�-F) + �-F& ∼ �(0, �%)) 

The parameter � is represent as � = log �, and the prior is defined on �. 

The reason to use the RW2 model instead of the RW1 model is I assumed that 

the anomalies depend on the data on prior two days. For example, anomalous 

temperature today depends on the anomalous temperature yesterday or the day 

before yesterday. While for f(year) function, I assumed the GPP value in this year 

depends with the GPP value in the previous year but not the year prior to the previous 

year. 

4.2.2 Time-Varying Coefficients for Anomalies 

In general, most regression models estimate temporally static coefficients. However, 

some of them may ignore the dynamic change in the relationships between variables: 

the coefficients may change through time. And a research applied the time-varying 

coefficients on climate change shows that time-varying coefficients can improve model 

performance in climate change analysis (Sarhadi, A, et al. 2016). This should be taken 

into consideration for better model fitting. In this study, I allowed the coefficients for 

each ‘anomalies’ and “event” to vary throughout the year. This accounts for the 
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seasonal variability in the effects of various climatic factors on GPP. For example, a 

cold day in the middle of winter will probably have no effect on GPP, while a cold day 

in the middle of summer likely will. Therefore, in this function of RW2, I added a “day” 

factor to allow the coefficients to vary throughout the year. 

4.2.3 Prior Selection 

In the RW2 latent model, there are two prior parameters: u was set to be the standard 

deviation of the observed GPP data, the other parameter controls the flexibility of the 

seasonal effects of anomalous climate data on GPP. To select the proper value of this 

parameter, I explored the impacts of setting the parameter from 1e-4 to 1e-9 and 

compared the proper smooth of time-varying covariance trend for anomalies data. 

Based on prior knowledge in phenology, I found when the value is too large, the 

coefficient for the anomalies is too variable, and when the value is too small, the 

coefficient of anomalous is too smooth. For example, compare the results of coefficient 

of anomalous temperature with parameter 1e-4, 1e-7 (Fig 6): 1e-4 contains much more 

variability than 1e-7, thus I selected 1e-7 as the parameter based on expert knowledge. 

Figure 6: The example time-varying coefficients of temperature from different hyper parameters (1e-4, 
1e-7), after comparing the smooth trend of each parameter, I choose 1e-7 as the parameter. 
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4.3 SPATIAL EVENTS MODEL 

In the spatial events model I add a function for events to the Spatial season model: 

GPP ~ � + f (year) + f(week) + f(site) +f (events) 

� is the intercept, f(year) is the function to capture the random fluctuation of GPP in 

each year, f(week) is the function to monitor the seasonal trend of GPP, and f(site) 

indicates the spatial effect for the 5 sites. The events model was structured identically 

to the climate “anomalies” model with the exception of incorporating only the ‘events’ 

variables. 

4.4 FULL MODEL 

The Full model combines the function of the anomalies, events, and the spatial season 

model, the formula is below: 

GPP ~ �+ f (year) + f(week) + f(site) +f(anomalies)+f(events) 

� is the intercept, f(year) is the function to capture the random fluctuation of 

GPP in each year, f(week) is the function to monitor the seasonal trend of GPP, and 

f(site) indicates the spatial effect of 5 sites, f(anomalies) and f(event) are the same 

functions in Anomalies and Events model. 

The difference between the spatial seasonal model is it instead has the functions 

for the year, week, site, it also has the functions for anomalies, and events together. 

This model will estimate the impacts of anomalies and events simultaneously. 
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4.5 MODELS WITH LAGGED EFFECT 

Considering the potential lagged effects of climate variability on GPP, I built three 

models: Anomalies model with lagged effect, Events model with lagged effect, and 

Full model with lagged effect. The difference between the anomalies model, Events 

model, and Full model is the addition of lagged anomalies and events data. As I 

described before, I used 0 to 150-days windows to generate anomalies and events 

with lagged effect, thus there are 150 anomalies variables and 150 events variables 

to represent the anomalies and events with the lagged time from zero days to 150 

days, and zero days means the climate data today. The formulas of these three models 

are blow: 

Anomalies with lagged effect model: 

GPP ~ �+ f (year) + f(week) + f(site) +f(anomalies with lagged effect) 

Events with lagged effect model: 

GPP ~ �+ f (year) + f(week) + f(site) +f(events with lagged effect) 

Full model with lagged effect model: 

GPP ~ �+ f (year) + f(week) + f(site) +f(anomalies with lagged effect) 

+f(events with lagged effect) 

4.5.1 Lagged Time Selection 

The method to find out the best lagged time for anomalies and events is to build 

models with different lagged time and compare the performance of the results. For 

example, to find out the best lagged time for anomalies, I built 15 spatial anomalies 

models with the lagged time window-size from 0 to 150 days (0, 10, 20, …150) and 

compare the performance of 15 spatial anomalies models to choose the best lagged 
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time. 

The criteria for choosing the best lagged time are DIC and WAIC, DIC: deviance 

information criterion (DIC) is a hierarchical modeling generalization of Akaike 

information criterion (AIC); Widely applicable information criterion (WAIC), is the 

generalized version of AIC onto singular statistical models. The smaller DIC and WAIC 

means the model fitting well than large DIC and WAIC value. 

This analysis shows WAIC and DIC value has the same overall pattern for each 

model. In the model of training data which is the data from 1992 to 2010 years, the 

anomalies models show the best lagged time is 40 days. In contrast, the events model 

suggests the best lagged time is 150 days, which is unexpected. Then, I used different 

hold-out percentages from 1992 to 2006 years to compare the results of training data. 

Comparing the results of two different amount of data, the result shows best lagged 

time (Fig. 7) for anomalies is still around 40 days. However, the result shows the best 

lagged time for events is still 150 days which is much longer than expected. Then I 

chose the lagged time 60 days which the DIC is similar to the DIC of 150 days because 

60 days seems more reasonable than 150 days and also chose lagged time 150 days 

from data perspective. Therefore, I have 2 events models with lagged time 60 and 

lagged time 150 and 1 anomalies model with lagged time 40. And then I compared the 

model prediction of two events model in test data. The events with lagged time 150 

have the similar result as the events with lagged time 60, thus this research will 

illustrate lagged time 60 for events data in the model assessment. More research is 

needed into the appropriate lagged times for this type of model. 
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Figure7: The result of DIC value for selecting the best lagged time. Using two datasets: training data 
(data from 1992 to 2010 years) and the data (from 1992 to 2006 years) to compare the DIC value of 
anomalies model and events model with different lagged time. 

4.6 MODEL ASSESSMENT 

After choosing the best lagged time for Anomalies model and Events model, I 

fitted the seven models on test data and compared the performance of the seven 

models. The criteria for model assessment on test data are the coefficient of 

determination (R2), RMSE, and DIC. R-squared is a statistical measure of how close 

the data are to the fitted regression line (Frost, Jim, 1970). Root mean square error 

(RMSE) is the square root of the squared differences between predicted values and 

the actual values. 
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CHAPTER 5: RESULTS 

5.1 TIME-VARY COEFFICIENTS OF ANOMALIES 

The time-varying coefficients of anomalies model and the anomalies model with 

lagged effect are generally similar and the coefficients of lagged effect increase the 

sensitivity with time vary. The time-vary coefficients of anomalous temperature, 

precipitation, and radiation (LR, SR) are below (Fig. 8). 

Figure 8: The time-vary coefficients of Anomalies model and the Anomalies model with the lagged time. 
From top to down there are coefficients of anomalous temperature, precipitation, radiation (Long wave 
and short wave), and the GPP value. 
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From the Anomalies model, the coefficients of anomalous radiation are 

reasonable. In Dormancy, the coefficients are around 0 since the forest is inactivate; 

In Greenup, the trees break dormancy and begin to photosynthesize, radiation will 

increase the photosynthetic productivity and cause higher GPP; In Maximum, 

anomalous radiation achieves the highest value and it continues to increase the 

photosynthetic productivity and thus tress produce the highest amount of GPP; In 

Senescence, the leaves of tree change color and falling down and thus the anomalous 

radiation has no strong influence on GPP. 

The coefficients for anomalous precipitation are around zero in Dormancy, 

Maximum, and Senescence seasons. This is likely due to the general availability of 

water in the Northeastern US. In the Greenup period, the coefficients of anomalous 

precipitation are negative, this is also because the general availability of water and if 

the anomalous precipitation increase, it may result in too much moisture and decrease 

the amount of GPP. 

For temperature, the coefficients are zero in Dormancy because the trees are 

inactive. However, in Greenup, Maximum, and Senescence, the negative coefficients 

of temperature are interesting and unexpected. And this is probably because the trees 

in Northeastern can tolerate and survive in cold season and these trees used to grow 

in cold temperature, if the anomalous temperature gets warmer or hot, it may harm to 

trees growth and thus decrease GPP. 

Comparing the coefficients of anomalies model with Anomalies model with 

lagged effect, reveals that the coefficients of anomalies model with lagged effect are 
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more variable with time than the anomalies model without lagged effect. From the 

coefficients of anomalies model with lagged effect, the coefficients of radiation are 

similar as the coefficients of radiation in anomalies model without lagged effect. The 

negative coefficients of precipitation in Maximum is likely because the trees don’t need 

much water in Senescence period and thus more anomalous precipitation is harmful 

to trees and cause the decrease of GPP. 

5.2 TIME-VARY COEFFICIENTS OF EVENTS 

The time-vary coefficients from the Events model and the Events model with lagged 

effect are generally similar (Fig 9) and the coefficients of events with lagged effect are 

more variable. 
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Figure 9: The time-vary coefficients of events and the time-vary coefficients of events with the lagged 
time. From top to down there are coefficients of heat, drought, frost, heavy precipitation and the GPP 
value. 

From the Events model, the coefficients are around zero in dormancy since the 

trees are inactive. For heat events, since the trees are adapted to cold weather, the 

heat events may harm to trees and decrease the amount of GPP. And since the trees 

in Northeastern has enough water from melting snow and daily precipitation, the heavy 

precipitation may lead to oversaturation of the soil or could be associated with loss of 

foliage and are associated with a decrease in GPP. Drought events have no negative 

effect on GPP and may have positive effect on GPP since the drought event usually 

comes with strong radiation which increases the photosynthetic productivity. The trees 
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are adapted to cold weather and thus the frost do not have negative effect for GPP. 

The general trend of coefficients of Events model with lagged effect are similar 

to the coefficients of Events model and the coefficients of Events model with lagged 

effect has more variability with time vary than the Events model without lagged effect. 

In Dormancy, the coefficients are all 0. For drought event, it shows stronger negative 

effect on GPP in Greenup season, this is likely due to the trees need water during leaf 

out. In the Maximum and Senescence seasons, drought events increase GPP since 

the trees in Northeastern have enough water from snow melting and daily precipitation 

and also because drought event always come with strong radiation. Heavy 

precipitation has a stronger negative effect for GPP in Greenup season. Frost has no 

apparent negative effect on GPP. And Heat is harmful to trees and has a negative 

effect on GPP productivity. 

5.3 TIME-VARY COEFFICIENTS OF EVENTS AND ANOMALIES MODELS 

The general time-vary coefficients of events models and anomalies models are similar 

(Fig. 10). While the range of coefficients of “heat” and “frost” in events model is bigger 

than the range of coefficients of “temperature” in anomalies model, and the range of 

coefficients of “drought” and “heavy precipitation” in events model is bigger than the 

range of coefficients of “precipitation” in anomalies model. Thus these results show 

events have stronger effect than the related anomalies on GPP. 
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Fig 10: The time varying coefficients of anomalies model and events model 

And the same results are seen in the comparison of the anomalies model with 

lagged effect and the events model with lagged effect (Fig.11). The range of 

coefficients of “heat” and “frost” in events model with lagged effect is bigger than the 

range of coefficients of “temperature” in anomalies model, and the range of coefficients 

of “drought” and “heavy precipitation” in events model is much bigger than the range 

of coefficients of “precipitation” in anomalies model. Thus these results show events 

with lagged effect have stronger effect than the related anomalies with lagged effect 

on GPP. Overall, these results indicate the events have stronger effect than the 

anomalies on GPP. 
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Fig 11: The time-varying coefficients of anomalies model with lagged effect and the events model with 
lagged effect. 

5.4 MODEL ASSESSMENT 

In the model assessment on test data, I collected the DIC, R-squared and RMSE 

from the seven models (Table 6). In general, R-squared and RMSE are criteria 

evaluating the predictive performance with the validation data, while DIC compares 

how well the models fit the training data (penalized for model complexity). 
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Model name Model ID DIC R2 RMSE 

Seasonal model 1 13944 0.877 0.357 

Events model 2 13842 0.874 0.361 

Anomalies model 3 13890 0.874 0.360 

Full model 4 13832 0.873 0.362 

Events with lagged effect 5 13369 0.872 0.363 

Anomalies with lagged effect 6 13438 0.869 0.367 

Full with lagged effect 7 13000 0.869 0.368 

Table 6: The DIC, R2, RMSE of the 7 models compared in this study. 

From the table, the model with highest R2, lowest RMSE, lowest DIC is the best 

model. However, the result from DIC and the result from R2 and RMSE no not agree. 

The model with the lowest DIC is the Full model with the lagged effect which is the 

model with lowest R2. The model with the lowest RMSE and the highest R2 is the 

Seasonal model which has highest DIC value. However, from the Seasonal model to 

Full model with lagged effect, R2 increased <1% and RMSE increased only 2%, while 

DIC decreased >6%. Thus I used the DIC criterion to select the final, ‘best’ model. 

5.5 RESULTS IN SITES 

From the DIC value in each site, all the results showing that the Full model with lagged 

effect is the best one fitting the training data. And comparing the results of R2 and 

RMSE, each site prefers different models (Table 7), though there are slight difference 

between all the models for each sites, Full model with lagged effect and Anomalies 
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model are preferred in 5 sites. 

Site ID Best model Second-preferred model 

Ha1 Full model with lagged effect Anomalies model 

UMB Events model with lagged effect Full model with lagged effect 

UMd Events model Full model 

Oho Anomalies with lagged effect Full model 

WCr Seasonal model Anomalies model 

Table 7: The best model and the second-preferred model choose by R2 in 5 sites from 7 models 

Since the RMSE has same results with R2, thus I took the R2 as an example and 

showed the R2 result of each site in seven models (Fig 10). 

Figure 10: The trend of R2 for 7 models in each of the 5 sites. 

The R-squared value of each site prefer different model: the full model with 

lagged effect is preferred in the “Ha1” site while the spatial seasonal model is preferred 

in the “WCr” site. And since the variation of R2 is not significant with the different 

models in same site, there is no clear answer indicating which model is the best one. 

Though our model comparison metrics do not reveal a single ‘best’ model for 
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each site, the R2 values for all models are around 0.87 which suggests they all have 

fairly high predictive accuracy. Here, I compared intercept of predicted GPP and actual 

GPP value of Spatial seasonal model chose by R2 and the Full model with lagged 

effect selected by DIC (Fig 11) to find out the difference between these two models. 

And it shows the two models have similar pattern. 

Figure 11: Predicted and observed GPP for the Spatial events model and the Full model with lagged 
effect. 

In order to observe the specific fluctuations in each site directly, I generated the 

predicted value versus actual value in each site and found out the lagged effect 

increase the ability to capture some fluctuations for some site. Here, I took UMB site 

as an example and compared the predicted results of spatial anomalies and spatial 

anomalies with lagged effect (Fig 12) and the predicted result of spatial events and 

the spatial events with lagged effect (Fig 13), the red line is the predicted GPP and the 

olive line is the actual value. The only difference between the two anomalies models 

is whether there are lagged effects on anomalies or not and the only difference 
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Spatial anomalies model for UMB R2: 0.886 DIC: 13890 Spatial anomlles+lagged effect (40 days) for UMB R2: 0.884 DIC: 13438 
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between the two events model is also the lagged effects on events. From the blue 

circle area of these two plots, the results show the lagged effect of anomalies model 

is able to capture the decrease in GPP more efficiently, and results show the lagged 

effect of events model is able capture the variability in GPP efficiently. 

Figure 12: The predicted value and the actual value of UMB site from Spatial anomalies model and the 
Spatial anomalies model with lagged effect, the red line is the predicted GPP and the olive line is the 
actual value. The blue circle indicates an area where the lagged effects model is able to capture the 
decrease in GPP more effectively than the model without the lagged effect. 
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Spatial events model for UMB R2: 0.888 DIC: 13842 Spatial events+lagged effect (60 days) for UMB R2: 0.89 DIC: 13369 
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Figure 13: The predicted value and the actual value of UMB site from Spatial events model and the 
Spatial events model with lagged effect, the red line is the predict GPP and the olive line is the actual 
value. The blue circle indicates an area where the lagged effects model is able to capture the variability 
in GPP more effectively than the model without the lagged effect. 

From the results of anomalies models, though the R2 are similar, the lagged 

effect model decrease 3% of DIC value compare to the model without lagged effect; 

From the results of events model, the R2 are similar, the lagged effect model decrease 

3% of DIC value compare to the model without lagged effect. Thus the lagged effect 

is useful to capture the fluctuation of GPP in model prediction. 

And then I compared the model chose by R2 (Spatial seasonal model) and the 

model chose by DIC (Full model with lagged effect) (Fig 14), the difference between 

Seasonal model and Full model with lagged effect is that Full model with Lagged effect 

has the functions of the anomalies with the lagged effect and the functions of events 

with lagged effect. From the results, the R2 of these two models are similar, while the 
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Spatial seasonal model for UMB R2: 0.886 DIC: 13944 Full with lagged effect for UMB R2: 0.888 DIC: 13000 
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DIC value decrease greater than 6% from Spatial seasonal model to Full model with 

lagged effect. Hence, the Full model with the Lagged effect fits well than the Seasonal 

model in UMB site. 

Figure 14: The predicted value and the actual value of UMB site from Spatial seasonal model and Full 
model with lagged effect, the red line is the predict GPP and the olive line is the actual value. The blue 
circle indicates an area where the lagged effects with the full model is able to capture variability in GPP 
more effectively than the seasonal model. 

And from the results of Oho site, the model chose by R2 (Spatial seasonal model) 

and the model chose by DIC (Full model with lagged effect) (Fig 15) shows the same 

result. It shows that the Full model with lagged effect fits well and is able to capture 

the fluctuations in GPP (Fig. 15). 
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Figure 15: The predicted value and the actual value of Oho site from Spatial seasonal model and Full 
model with lagged effect, the red line is the predict GPP and the olive line is the actual value. The blue 
circle indicates an area where the lagged effects with the Full model is able to capture variability in GPP 
more effectively than the Seasonal model. 
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CHAPTER 6: DISCUSSION 

6.1 SUMMARY 

In this study I built spatial-temporal models of GPP and climatic variability using 

Hierarchical Bayesian method. For climatic variability, I analyzed the time-varying 

coefficients of annual variability of mean climatic conditions (“anomalies”) and events 

and considered the lagged effect for these variability on GPP. And finally compared 

the DIC, R-squared, RMSE on these models. 

In time-varying coefficients of anomalous tend and events, the coefficients vary 

with different seasons. But there are some general trends of coefficients, since 

deciduous forest in Northeastern of US typically have enough water stored 

(Drought.gov. (2018) in soil and have the ability to grow in cold weather, the drought 

and frost events and related anomalies have no significant negative effects on GPP 

and sometimes may have positive effect. On the other hand, heavy precipitation, heat 

events, and related anomalies tend to have negative effects on GPP. In addition, by 

comparing the coefficients of events and related anomalies, it shows the events have 

stronger effects than anomalies on GPP. 

For lagged effects of events and anomalies, it was unexpected that the lagged 

time (60 days) of events is longer than the lagged time of the anomalies (40 days). 

This may be a limitation of the relatively small sample size (5 sites) used in this study. 

More research is needed to identify the best lagged time for events and anomalies. 

In the model assessment, the seven different Bayesian models for GPP show a 

high R2 (around 0.87) for predicting, and the best model chose by R2 is the Spatial 
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seasonal model, however, since the R2 value for each model are similar, it is hard to 

make a convincible model selection based on R2. The criteria of DIC and WAIC 

suggest a clear difference between each model and it shows the best model is the Full 

model with the Lagged effect. Since the improvement of DIC value is much greater 

than the fluctuation of R2, here, I suggest the Full model with lagged effect chose by 

lowest DIC value is the ‘best’ model. But to select the model based on model fitting 

(DIC) or model prediction (R2, RMSE) is still a question should be taken into 

consideration when applied into specific problem. 

6.2 LIMITS AND CONTRIBUTIONS 

There are some limitations in this research. For lagged effect, I assumed the events 

have the same lagged time for GPP and only explore the same lagged time for frost, 

heat, heavy precipitation, and drought. While in reality, the lagged time of these events 

should be different; This problem also exists for anomalies. Thus, to figure the time-

lagged effect further, I need consider the lagged time for each events and anomalies 

separately. Second, the data in this project only contains five sites, thus the model 

selection from these sites could be vulnerable to this small sample size. 

And there are some contributions in this research, the approach in this project 

uses time-varying coefficients to observe seasonal variability in how climate affects 

GPP. This is a novel approach that provides insight into how the effects of various 

factors may change through time. 

Besides, this research gives us an improved knowledge of how climate 
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variability affects GPP from two perspectives: anomalies and events. Events tended 

to have similar coefficients with GPP compare to anomalies but events show more 

significant effects on GPP than the anomalies. And the result of the time lagged effect 

of events and anomalies shows events have 60-day time lag or even 150-day time 

lagged effect on GPP and anomalies have 40-day time lagged effect on GPP, this 

indicates events have a longer lagged effect than anomalies which is a surprising 

result. 

Overall, this research explores a new approach to analyze the climate variability 

from events and anomalies on GPP and explores how lagged effect on climate 

variability; In addition, this research introduces a way to combine the time-varying 

coefficients in INLA for analyzing the gross primary production. And the method from 

this research is flexible and can apply to data in a different area, and even different 

objective in phenology. 
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