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ABSTRACT

The purpose of this study was to test how accurately the Maximum Entropy Theory of
Ecology (METE) will predict the Species Area Relationships (SAR) and Species
Abundance Distributions (SAD) of plants and SAD of insects in disturbed (warmed) and
undisturbed (control) sites in the “Warming Meadow” at the Rocky Mountain Biological
Laboratory (RMBL). Based on METE’s prediction that empirical SAR data should fall
along a curve known as the “universal scale collapse” curve, | hypothesized that METE
would be valid for undisturbed sites and invalid for disturbed sites, an inference
supported by past experiments conducted at RMBL. | also expected the empirical plant
and insect data for control plots to fit METE’s prediction. Contrary to my hypotheses,
statistical analysis indicated that empirical SAR curves for warmed plots (mean distance
x=.044) lay closer to the theoretical curve than the control plots’ curves (mean distance
x=.106). Similarly, Chi-squared goodness-of-fit test statistics for SAD indicated that for
both plants and insects, only one warmed and one control plot showed a significant fit to
the theory. Ultimately, the study’s conclusion either indicates a failure of theory or a
failure of experimental setup. Possible explanations for why METE appears to predict the
SAR and SAD accurately for disturbed and undisturbed plots include the relatively
moderate level of warming (2.0°C), a short time period of warming (21 years), or a new
species composition equilibrium reached by the ecosystem.
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INTRODUCTION

Since the beginning of the 20" century, global surface temperatures have risen
0.8°C, with the majority of warming occurring in the last three decades due to
anthropogenic activities like deforestation and fossil fuel use (Hansen et al. 2006). In
today’s world, climate change is a major threat to the maintenance of biodiversity and
ecosystem services. The international scientific community concurs that warming will be
of greater magnitude for ecosystems located at higher latitudes and altitudes, with
temperature increases between 1.8°C and 4.0°C (Xu et al. 2010, Hofgaard et al. 2010).
Post industrialization, there has been a large increase in atmospheric carbon dioxide
(CO,), a major greenhouse gas that traps reradiated solar radiation, which increases
temperature. In addition, exhaustion of storage reservoirs for CO, in oceanic and
terrestrial (vegetation/soils) sinks may create positive feedback cycles to warming
because of excess CO, accumulating in the atmosphere. (Barnes & Roy 2010, Hansen et.
al 2006). Due to these warming trends, large changes of species distributions in disturbed
habitats are likely. Some plant and insect species will move to higher altitudes and
latitudes and others may disappear altogether (Jagerbrand et al. 2009). Additionally,
Robinet (2010) predicts that warming facilitates the establishment of nonnative invasive
species in wider geographical ranges by removing their limiting barriers. To reach an
understanding of climate-ecosystem dynamics (e.g., resilience & feedback processes) and
the relationship between global warming and natural ecosystems, scientists must
carefully maintain long-term climate data records and develop robust macroecological
theories that predict natural responses to disturbances (Hansen et. al 2006).

To both qualitatively and quantitatively study the effects of global warming on
species distributions in terrestrial ecosystems, numerous scientists have conducted
simulated-warming experiments and recorded differences in plant species composition,
soil microclimate, and soil carbon levels between warmed and control plots (Wu 2010).
The “Warming Meadow” experiment conducted by Harte et al. (1995) at the Rocky
Mountain Biological Laboratory for the past two decades has indicated a dramatic shift in
plant species composition due to experimental warming: reproductive potential

(measured in # of viable flowers produced) of herbaceous flowering species (forbs) has
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declined and the growth rate of sagebrush, a drought tolerant and less productive species,
has increased (Dunne et. al 2004). Experimental results also show that in warmed plots
subject to infrared radiation, soil temperatures have risen by ~2.0°C, soil carbon levels
have dropped by 20%, and the snow melt date is approximately 20 days earlier each
summer (Harte et. al 2006). These observations indicate that experimental warming has
disturbed the local ecosystem. Another warming experiment, known as the “Carbon in
Permafrost Experimental Heating Project”, also notes a similar species composition shift
from graminoids (grasses and sedgdes) to shrubs, resulting from permafrost thaw in the
Alaskan tundra induced by warming of deep soils by 1.5°C (Natali et al. 2011). Similar to
the RMBL experimental setup, Pellini et. al (2011) simulated an ambient temperature
increase of 6°C at hardwood forest sites. They recorded the effects of warming on ant and
arthropod populations by monitoring population dynamics, species composition,
phenology, and behavior of the insects and found that species evenness was highest at
intermediate temperatures. Lastly, a Scandanavian study that recorded responses of plant
communities before and after simulating a temperature increase showed that graminoids
and forbs could be used to monitor ecological changes in alpine meadows (Jagerbrand et.
al 2009). Although all of these experimental warming studies clearly indicate that
warming serves as a disturbance in plant ecosystems, causing a shift in species
composition, scientists have not agreed on an expansive theory to predict the changes in
species area and species abundance distributions.

Despite not reaching a consensus, scientists have realized the value and necessity
of modeling ecosystem dynamics for future conservation planning as global warming and
land-use changes continue to exacerbate biodiversity loss at the landscape scale (Jones
2011). In the past decade, an expansive macroecological theory, known as the Maximum
Entropy Theory of Ecology (METE), has been developed to predict community-level
variations in ecosystems. In undisturbed ecosystems, METE has been shown to be a
reliable tool for predicting Species Area Relationship (SAR), which shows the
dependence of species diversity on area, and Species Abundance Distribution (SAD),
which shows the spread of individuals of various species in a community of a given area
(Harte 2011). In contrast to the previously widely accepted Power Law model that
suggests that Species ~ (Area) %, where z is often taken to be 0.25, METE shows greater
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promise for a more accurate estimation of SAR (Rosenzweig1995). It is important to test
METE’s power as a predictive tool because this model can allow us to estimate species
loss under habitat degradation at a large scale by extrapolating species richness data
collected at smaller, more manageable sites (Jones 2011). Although past empirical studies
have shown METE’s validity in predicting SAR and SAD in undisturbed environments,
few have tested whether the theory is valid in disturbed ecosystems and none have tested
the theory in a setting where the disturbance is in the form of gradual warming. Thus, this
study is necessary for gaining deeper insight into the conditions under which METE
might fail to predict accurate SAR and SAD. | am contributing to the field of theoretical
ecology by conducting a study on validating METE, which could help conservation
biologists determine the ways in which ecosystems respond to disturbances.

The main objective of this study is to test how accurately METE will predict the
SAR and SAD of plants and SAD of insects in disturbed and undisturbed sites at the
“Warming Meadow” site at RMBL. Based on METE’s prediction that empirical SAR
data should fall along a curve known as “universal scale collapse”, | hypothesize that
METE will be valid for the control sites and invalid for warmed sites, an inference
supported by past experiments conducted at RMBL (Harte 2011). Additionally, following
theory, | expect only my control sites’ empirical SAD curves to conform to curves

predicted by METE (see theoretical background for details).

Theoretical Background for METE

Originating in the late 50s from the fields of statistical mechanics and
information theory, the general Maximum Entropy (MaxEnt) theory is based on a robust
mathematical procedure for inferring the least-biased probability distribution given
certain constraints. MaxEnt has applications in physics, economics, and computer science
(Harte 2011). Professor John Harte developed the Maximum Entropy Theory of Ecology
to predict the distribution and abundance of species in various taxonomic groups and
across multiple spatial scales. For example, the theory can be used to predict SAD and
SAR for ants in the Amazon, rodents in the desert, redwoods in a forest, or even bacteria

in the ocean. There are three model inputs for predicting SAR or SAD: the total
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ecosystem area (Ao), total number of species in Ay (So), and the total number of
individuals in Ag (No). For SAR, an important prediction of METE is that all SAR curves
share a common slope at a common value of (N)/(S) for a given area and that the slope is
not constant at 0.25, as the Power Law predicts. For SAD, METE predicts that

undisturbed sites should produce a Fisher log-series distribution described by:
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@(H|SU,NU)W —
log(ﬁ 1) " (Harte 2011).

METE predicts that disturbed sites will produce a lognormal distribution (Figure 1).
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Fig. 1. Theoretical SAD distributions- log-series and lognormal curves

METHODS

Experimental system (Harte et. al 2006)

At the Rocky Mountain Biological
Laboratory (38.96 N; —-106.99 W; elev.
2920m) in Gothic, CO, ten 3x10m plots

with 3m of buffer space between adjacent | 25.cm contour intervals

10
I Infrared heater

plots were established on undisturbed
Fig. 2. Layout of 10 plots



Katya Cherukumilli METE in Warmed Plots at the RMBL Spring 2012

terrain known as the “Warming Meadow” in 1989
(Figure 2 from Dunne et. al 2004).

Each plot is sectioned into 3 subplots spanning a
10m microclimate gradient with the driest

section, Zone C, at the top and the most moist k)
Upper Zone g

section, Zone A, at the bottom (Figure 3 from {dry)
Dunne et. al 2004). Infrared radiators casting a ;
downward heat flux of approximately 22 W/m® (transitional) el Zomm

have warmed half the plots since 1998, and the

fmaisi)

remaining 5 plots serve as controls. For the

purpose of this study, I collected my plant data Fig. 3. Cross-section of a warmed plot
from Zone C of Plots 1-6 to have a sample size of

3 warmed and 3 control plots. | chose Zone C, the driest of all three zones, because it
demonstrates the most drastic effects of simulated warming. My insect dataset comes
from a census conducted by Pl Harte and his graduate students in 1996; it includes
species abundance data from over the course of four days in Zone C of Plots 1 through
10. For the SAD analysis portion of this study, | found the average number of individuals

and species over the total data collection period and used these cumulative values.

Data Collection

| built a 1x1 m? square quadrat with 8 columns and 8 rows (total 64 cells) to
census individuals of plant species in Zone C of Plots 1-6. To ensure that all the living
individuals were included in my census, | counted the total number of individuals of all
species of forbs, shrubs, and graminoids in each 1/64 m? cell every two weeks during the
growing season (June/July). Using an abbreviated code to save space and keep data
consistent, | recorded the number and scientific classification of individuals found under
each cell of the quadrat (view Appendix Al).

To census the insects for the 1996 dataset, the group used pit traps and counted
the number of individuals of each insect species at the end of the day for four consecutive

days and recorded the data on excel spreadsheets.
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Data processing
Species Area Relationship (plants only)

In order to find the average number of species present in cells of the areas (in m?)
1/64, 1/32, 1/16, 1/8, 1/4, 1/2, and 1, | input the census data recorded for each plot into
separate Excel spreadsheets and created presence-absence matrices for each species by
representing absence of individuals with a “0” and presence with a “1” (view Appendix
Al & B1). By summing all the presence-absence matrices for each species found in each
plot, I calculated the average number of species present in each of the chosen cell areas
for consideration. Using this data, | plotted the graphs for each plot with In(Area) on the
x-axis and In(Species) on the y-axis. | found the values of the local slopes at areas 1/32,
1/16, 1/8, 1/4, and 1/2 m? and created the final empirical SAR graphs for each plot by
graphing the local slopes against the In(expected # individuals/species) at each value of
area (Figure 4). | calculated the expected number of individuals for each area by
multiplying the total number of individuals for that plot by the area (view Appendix B2).
I compared these empirical graphs to the universal scale collapse curve predicted by
METE.
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In (individuals/species) vs. slope
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Fig. 4. Plotting SAR curves. First the area vs. species curve was transformed onto natural log space. Then,
the local slopes at the points for areas 1/32 through 1/2 were plotted against the natural log of
individuals/species.

Species Abundance Distribution (plants & insects)

To create the empirical SAD graphs (plots 1-6 for plants and plots 1-10 for
insects), | ranked the species in the collected census in order of abundance and at each
observed “N” value (e.g., 1,2,3...N=total # individuals in plot), I recorded the fraction of
total species with individuals less than or equal to that value of N. Doing this produced
cumulative probabilities for the observed data. | then calculated the predicted cumulative
probabilities by summing the normalized ¢ values calculated from the log-series formula
given by METE (Figure 1, B values derived from total S & N). | plotted the predicted
cumulative probability against the observed cumulative probability and compared the
line-of best fit of those data points to the y=x line, which represents the case where the
observed data exactly fits the predicted distribution.
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Analysis

Checking Empirical Results Against METE Predictions

To analyze the effectiveness of the Maximum Entropy Theory of Ecology in
predicting the SAR, | used the R program (R Development Core 2011) to calculate the
distance between the observed and theoretical curves for both the warmed and control
plots. Comparing the points on the observed empirical graphs to METE’s theoretical
curves allowed me to determine the deviation of control vs. warmed plots from METE’s
predictions.

To assess the effectiveness of METE in predicting SAD for the plants and insects
datasets, | used a Chi-squared goodness-of-fit test with 2 degrees of freedom and
determined the significance of the empirical data’s fit to the theory’s predictions (view
Appendix C1).

RESULTS

Species Area Relationship (plants only)

When plotted against the theoretical universal scale collapse curve, the empirical
SAR data for both control and warmed plots appear to align closely with METE’s
predictions (Figure 5). Statistical analysis surprisingly indicates that the warmed plots
empirical curves (mean distance x=.044) actually lie closer to the theoretical curve than
the control plots’ curves (mean distance x=.106) (Figure 6).
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Fig. 5. SAR curves for the control and warmed plots 1-6. All previous experimental data are shown

against the theoretical curve predicted by METE, which is in black.
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Fig. 6. Average distance of observed data points to theoretical curve for the control and warmed
plots. The warmed plots had a lower mean distance and standard deviation than the control plots.
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Species Abundance Distribution (plants & insects)

For plants, the predicted versus observed cumulative probability SAD plots
indicate that the empirical curves appear to be closer to the theoretical curves for some
plots and further for other plots, without a noticeable correlation among either the
warmed or control plots (Figure 7). The Chi-squared goodness-of-fit test indicates that
Plot 5 (a control plot) and Plot 6 (a disturbed warmed plot) were the only plots with
significant p-values, of 0.034 and 0.051 respectively.

For insects, the Chi-squared goodness-of-fit test indicates that Plot 6 (a disturbed
warmed plot) and Plot 7 (a control plot) were the only plots with significant p-values, of

0.043 and 0.048 respectively (Figure 8).
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Fig. 7. Plant SAD plots for Plots 1 through 6. The red line shows y=x, where predicted probability=
observed probability. The blue dots and their corresponding black linear regression line are the empirical
cumulative probabilities. The plots outlined in black had significant p-values (p< about 0.05).
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DISCUSSION

The objective of this study was to test to robustness of the Maximum Entropy
Theory of Ecology (METE) at predicting the Species Area Relationships (SAR) and
Species Abundance Distributions (SAD) for plants and insects in warmed and control
sites at the Rocky Mountain Biological Laboratory’s (RMBL) Warming Meadow. For
undisturbed sites, | hypothesized that METE would accurately predict the SAR and SAD,
with empirical curves falling on the universal scale collapse curve or a Fischer log-series

distribution respectively, and that the theory would fail for the disturbed warmed sites.

Empirical Results vs. METE Predictions

My observational study produced unanticipated findings: the plant SAR curves
showed compliance with METE for all warmed and control plots and the plant/insect
SAD curves only complied with METE for plots 5 & 6. Based on the results, my
hypotheses that METE would be valid at predicting SAD and SAR for control
undisturbed plots and would fail for the warmed plots appears to be false. Overall, the
results show that in some cases METE can accurately predict distributions for warmed
and control plots and in other cases the theory it doesn’t work for either. The results for
SAR indicate no difference in METE’s ability to predict for control vs. treatment plots
and the results for SAD do not support METE. In particular, the SAR graphs from the
empirical plant data fell along the universal scale collapse curve predicted by METE,
without a distinguishable difference between warmed and control plots. In fact, statistical
analysis indicated that the warmed plots’ SAR curves fell slightly closer to the scale-
collapse curve than the undisturbed control plots. In contrast, the SAD plant and insect
data plotted against the theoretical METE curves indicated that the theory was accurate
only for plots 5 & 6 and plots 6 & 7 respectively, which seems surprising because plot 5
& 7 are controls and plot 6 is warmed. Ultimately, the rejection of the original hypothesis
might indicate a failure of theory or a failure of experimental setup. Comparing METE to

other theories, analyzing how insects and plants respond to disturbances like warming,

13
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and looking at potential limitations of my study can help explain the significance of these

results.

Comparing METE to Other Theories

My SAR results indicated that the METE was relatively successful in predicting
the plants SAR for both disturbed and undisturbed sites. This finding contradicts previous
SAR data predicted by the Power Law, which appears to fail completely in disturbed
settings (May 2000). My results for the SAD tests don’t agree with Ronald Fischer’s
study, which tested and validated the power of the log-series function in predicting the
SAD of agricultural plants disturbed by pests (Fisher 1943). Robert May and Brian
McGill present other theories to describe SAD and argue that sampling and scale greatly
influence the shape of SAD curves (McGill 2007). These studies indicate that my
ambiguous conclusions may be due to an inadequate sample size (i.e., quadrat area was

too small).

How do insects react to warming?

Expanding the interpretation of results in the larger context of organisms’
responses to climate change can help shed light on the significance of this study’s
conclusions. The biological impact of anthropogenic climate change strongly depends on
the temperature sensitivity and latitudinal location of terrestrial organisms (Deutsch et. al
2008). Insects are ectothermic (i.e. depend on external sources for body heat) and are thus
highly sensitive to fluctuating ambient temperatures (Robinet 2010). Past research
indicates that tropical insects are most sensitive to temperature change and insects at
higher latitudes may have enhanced fitness in spite of warming due to their expanded
range of thermal tolerance. Since RMBL is considered to be a “high latitude” site, the
insects in our dataset may have a larger thermal tolerance range, a fact that should be
taken into account when interpreting the conclusions. Others argue that the microhabitats
where insects live, insects’ adaptation mechanisms to local climates, and their overall

thermal sensitivity greatly depends on their life stage; higher temperatures may prevent

14
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survival of organisms to maturity (Kingsolver et. al 2011). Alternately, because most
insect herbivores have their primary growth period during the warmer parts of year,
changing the temperature range can accelerate the development of the insects during their
growth phases (Bale et. al 2002). Robinet (2010) found that the effects of climate change
on insects could differ seasonally and spatially, and that warming could allow insects to
survive in the winter, have earlier flight periods, and develop quicker (Robinet 2010).
Thus, gradual warming at RMBL may have affected the growth and development of the
insect populations, which could explain the abnormal SAD data.

Limitations

The inferences that can be drawn from this study are limited by the experimental
setup and other confounding factors. The biggest limitation of this study is the small
sample size. For the plants dataset, | could only sample the upper Zone C of Plots 1-6,
which allowed me to have 3 disturbed and 3 undisturbed plots; but a larger area (or
quadrat) size might have produced clearer trends in the results. Another reason for the
unanticipated results might be that people trampling on the plots in past years could have
also disturbed the control plots, which are assumed to be undisturbed. In other words,

perhaps our control group was not well representative of a pristine environment.

Broader Implications

Ultimately, gaining deeper understanding of patterns of species abundance and
distribution can be an important tool for conservation biologists to protect species in the
face of current climate change. Developing robust theories like METE can help predict
the most common and rare species in an ecosystem and the effects of habitat loss on
species abundance and diversity. Making these predictions for larger habitats by
extrapolating and scaling up from smaller data sets is valuable because it is too time
intensive for conservation biologists to collect a comprehensive dataset describe an entire

ecosystem’s characteristics.
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My study points to one of two broader implications, depending on the
interpretation of the results: 1) it is important to rethink the ability of METE in predicting
SAR and SAD for both control and disturbed sites (i.e. it works for both), or perhaps 2) it
IS necessary to conduct further research on what can be defined as a true disturbance for a
given ecosystem. Possible explanations for why METE appears to predict the SAR and
SAD accurately for disturbed and undisturbed plots include the relatively moderate level
of warming (2.0°C), a short time period of warming (21 years), or a new species

composition equilibrium reached by the ecosystem.

Future Directions

Future students continuing this project should look at the correlation of other
factors (e.g. plots’ moisture levels, snowmelt dates, soil carbon levels, and plant species
composition) with the compliance of SAR and SAD curves to METE to better understand
this study’s conclusions on the predictive power of the theory. Additional work in the
field of theoretical macroecology could focus on further categorizing disturbances so
climate change and gradual warming can be better contextualized among other
disturbances. To do this, researchers should record the effects of sudden disturbances
versus slow changes over time to understand whether the rate of change or the magnitude
of disturbance matters more in ecosystem dynamics. Some authors claim, “it is not the
magnitude of change that is important, but the unpredictability in the system”; so future
projects could treat disturbances as stochastic environmental conditions rather than as
systemized simulated warming (Bale et. al 2002). Lastly, we should try to understand the
impacts of analyzing data over space and time on METE’s predictions of SAR and SAD
and try to develop a theory that can predict the evolution of species area and abundance

distributions over time.
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APPENDIX A: Data Collection and Recording

\Om‘-.lcntnawm;-{}

A BIC[D[E[F[GH[ 1] J K L M __[N[O[P[Q[R[S[T[ U v APANA Z [AAAEACAL  AE | AF _ [ACAHIAI| Al [AVALANA|
1%1 FfA 11%2 F/A 21 P/A
1

Andsep/AS 1 2 3 4 567 8 And sep/AS 12345678 :AS 1234 5678 AS i 2 56 B8
1 1 1 2 1 10001001 : 11 o 1 1 11 0 10 1
2 2 DODDODOOD ! 2 0 0 00 2
3 11 3 D0DO0DO0D0D11 | 3 0 0 01 30 0 D011
a 4 00D0DDDO0DD ' 4 0 0 oo 4
5 1 5 D0D100000O0 ! 5 0 1 00 50 0 DoOoO
6 6 DODDOOOOD | 6 0 0O 00 6
7 7 DODDODOOOD ! 7 0 0 00 70 0 DoDOoO
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1

Arecon/AR 1 2 3 4 567 B Are con/AR 12345678 :RR 1234 5678 AR 1 2 56 -]
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2 6 10 2 DO0DD11000 ! 2 0 1 10 2
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6 1 2 6 DOD10100 ! 6 0 1 10 6
7 4 1 7 000001 D01 ! 7 0 o 1 1 70 1 01 1
8 2 B 7 B 37 8 01110001 : B 1 1 01 8

Figure Al: Screenshot of excel spreadsheet depicting quadrat and how data was
inputted. All the census data were recorded on paper that depicted the quadrat, with
columns labeled 1-8 and rows labeled 1-8. The number and identity of individuals
censused was recorded in each cell of the quadrat using an abbreviated code (i.e. 5HQ in
cell 8,4 meant that 5 Helianthella quinquenervis were recorded as present under the cell
corresponding to the 8" column and 4™ row of the quadrat).
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APPENDIX B: SAR

B1. Formula for making presence/absence matrices: On Excel, I wrote “If (cell A1>0,
1,0)”. This states that if the particular cell Al has at least one or more individuals in it,
then a 1 should indicate the presence of that species in that cell (as opposed to a 0, which
indicates an absence).

B2. Example demonstrating the calculation for expected number of individuals: For A=
1/2 m?, the expected # individuals in Plot 1 with a total of 506 individuals was 506/2=
253 individuals. For A=1/8 m?, the expected # individuals in Plot 1 with a total of 506
individuals was 506/8= 63.25 individuals (for the purpose data analysis and plotting
empirical curves, the decimal does not pose a problem).
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APPENDIX C: SAD
c D E F G H 1 J
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0.00025845 55.87027924 55.87027924 D.99?683558:
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Figure C1: Screenshot of excel spreadsheet-showing data used to create empirical
and theoretical SAD curves for insects and plants. First, ¢ (n) was calculated using the
log-series formula, then these values were normalized, multiplied by the # species, and
cumulatively summed. These cumulative predicted probabilities were plotted against the
cumulative observed probabilities, which were calculated by recording the fraction of
total species with individuals less than or equal to that value of N. Chi-squared values
were calculated to test significance of fit between empirical data and predictions.
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