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Abstract 

Many communities are experiencing temporal changes in the abundances and/or 

identities of the species that comprise them. Understanding whether communities are changing 

gradually or via rapid regime shifts is important because different mechanisms are implicated in 

different patterns of change. We used a machine learning approach to examine the long-term 

dynamics of a desert rodent community undergoing compositional change. Our approach 

detected three regime shifts, where changes in the relative abundances of dominant and rare 

species occurred, and a period of increased variance in the structure of the community. These 

events coincided with extreme climate events (two high rain events and two droughts) that 

caused major declines in rodent abundances, suggesting a possible link between climate and 

regime shifts at this site. Continued study of the dynamics of community change will provide 

important information on the processes structuring communities and provide guidance for 

forecasting how community changes in the future. 
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Introduction 

In many places on the planet, the ecological template of nature is changing: temperature 

is increasing, nutrient distributions are changing, and habitats are being altered and fragmented 

(Walther 2010). Because every species has environmental conditions and resources that they 

prefer or require, these changes will alter the communities of species that live there. However, 

exactly how the composition of a community will temporally track those changes is less clear. 

There are theoretical reasons to expect both slow and rapid changes in community composition. 

Slow changes in communities emerge from either stochastic turnover events (Magurran & 

Henderson 2003; Orrock & Watling 2010) or because a species’ ability to thrive gradually 

improves or degrades as the environment changes, leading to niche-based turnover events 

(Beaugrand 2004; Tingley et al. 2009). Rapid changes in communities, or regime shifts, can 

emerge from intrinsic or extrinsic drivers (Williams et al. 2011). With intrinsic regime shifts, 

gradual changes in the environment eventually push the ecosystem past a threshold, triggering 

rapid shifts to a new stable state (Scheffer & Carpenter 2003). Extrinsic regime shifts occur 

either from niche-based tracking as the environment rapidly shifts from one state to another 

(e.g., shift in climate from a drier to a wetter state; Rowe 2007; Wirth et al. 2008), or via extreme 

events, which cause cascading changes in species populations that alter how the community 

recovers post-disturbance (Smith 2011).  Understanding the prevalence of rapid and gradual 

shifts in community structure is important for understanding the drivers of community 

reorganization and whether we should expect changes to occur quickly or over the span of 

years or decades. 

While a growing number of studies document the occurrence of regime shifts (Österblom  

et al. 2007; Isbell et al. 2013; Jochimsen et al. 2013), meta-analyses compiling data from many 

long-term studies indicate that most communities are changing gradually over time (La Sorte & 

Boecklen 2005; Dornelas et al. 2014; Magurran et al. 2015). However, determining the long-

term dynamics of turnover in species composition is complicated because communities are 
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comprised of many species, making temporal turnover an inherently multivariate problem. 

Distance metrics are commonly used to reduce this complexity to a single axis, and a linear 

regression is used to test whether samples are becoming more different as the time between 

those samples increases (e.g. Fig. 1) (Thibault et al. 2004; Magurran and Henderson 2010; 

Magurran et al. 2015; McGill et al. 2015). Distance-based metrics and linear quantification of 

change are useful for determining whether long-term compositional change has occurred, but 

they are less useful for determining what types of dynamics underlie that long-term signal 

(Bagchi et al. 2017). As a result, while we know that many communities are changing, our 

current approaches provide little insight into the nature of this change. 

To better document how communities are actually changing, what is required is a more 

sensitive approach that allows rapid changes in community composition – if they occur -- to be 

better visualized and quantified. Recently, a machine learning approach was introduced to 

ecology that is capable of quantifying the dynamics of species composition change across 

gradients (see Valle et al. 2014). Latent Dirichlet Allocation (LDA) was originally developed as 

an alternative to cluster analysis for summarizing documents based on the words they contain 

(Blei et al. 2003). Rather than assigning each document to a single cluster, LDA identifies the 

proportion of words in each document that belong to a given “topic.” For example, an LDA 

analysis of documents produced by NCEAS working groups assigned each document a vector 

of topic proportions describing how many words in a given document came from each of sixteen 

different topics including “Ecosystem Services,” “Population Dynamics,” “Evolution,” and “Forest 

Ecology” (Rebich-Hespanha et al. 2015). This method has recently been applied to ecological 

data as well, where it has been used to summarize species assemblages based on the 

proportion of analogous “topics,” such as “Coniferous Forest” and “Oak-dominated Forest,” 

found in each community across spatial gradients (Valle et al. 2014).  While Valle et al. (2014) 

demonstrated how this technique can be used with spatial data, it has not been widely adopted 

in ecology and has not been used to examine the temporal dynamics of a community 
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undergoing long-term compositional change. 

Here, we apply LDA to examine community change over time in a desert rodent 

community. Censused monthly from 1977 to 2015, this rodent community has undergone 

significant temporal turnover in response to shifts in habitat from an arid desertified grassland to 

a shrub-dominated system (Brown et al. 1997; Thibault et al. 2004; Ernest et al. 2008). Both 

rapid and gradual reorganization have been invoked to explain changes in rodent composition. 

Using linear approaches applied to annual or seasonal data (Fig. 1), temporal turnover was 

interpreted as indicative of gradual long-term temporal turnover in response to habitat shifts 

from open arid grassland to shrubland (Thibault et al. 2004; Ernest et al. 2008). Other studies, 

focused on shorter-term dynamics associated with climate events, have proposed that temporal 

turnover occurred rapidly during finite periods (Valone et al. 1995; Thibault and Brown 2008). 

Thus this is an ideal site for examining how using an approach that does not assume linear 

change through time can provide insight into the mechanisms driving long-term temporal 

turnover. 

 

Methods 

 We use a two-step process to model community dynamics from species count data 

collected at many time steps.  In the first step, we use Latent Dirichlet Allocation (LDA) to 

reduce species composition to a small number of “topics” (which we will hereafter refer to as 

community-types), and describe change over time at the site in terms of these community-types.  

In the second step, we apply a change-point model to the resulting timeseries of community-

types to identify specific points in time when the character of the community dynamics changed.  

To demonstrate the effectiveness as well as some limitations of our approach, we first test these 

methods on a set of simulated data before applying them to the observed rodent data.  We 

construct the simulation using the simple scenario of two community-types, consisting of two 

non-overlapping sets of species with evenly apportioned abundance across species (Fig. 2A).  
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We used these two communities to simulate three types of dynamics: a fast transition from one 

community-type to the other with stability before and after, a slow transition occurring over most 

of the time series, and constant proportions of the two community-types over time (Fig. 2 B-D). 

By multiplying the species composition matrix by the matrix of community dynamics over time, 

we obtain three simulated datasets of species counts at each time step. 

  

Quantifying community change using Latent Dirichlet Allocation 

  We use LDA to reduce complex species composition data to a small number of readily-

interpretable community-types (Fig. 3A) to describe changes in their relative contributions to the 

data (Fig. 3B).  LDA is easiest to understand as a generative model, moving from the top of 

Figure 3 to the bottom.  LDA postulates that species assemblages are composed of random 

samples from a relatively small number of community-types, which are defined in terms of 

relative species composition (Fig. 3A).  In this context, community-types (referred to as “topics” 

in most of the LDA literature), could represent guilds, clades, or other groups of species whose 

abundances tend to rise and fall together.  Assemblages (Fig. 3C) are generated by randomly 

drawing species from each of these community-types, with the relative frequency of each 

community-type determined by the proportions in Fig. 3B.  

Fitting an LDA model thus involves simultaneously determining two sets of numbers: one 

defining the community-types (Fig. 3A), and one describing the observed species assemblages 

in terms of those types (Fig. 3B). This requires working backwards from observed patterns to 

infer the parameters of a possible underlying process – i.e., moving in Figure 3 from panel D up 

to panels A and B [see Blei et al. (2003) for the mathematical details]. Due to the complex 

relationship between the way each community-type is defined (Fig. 3A) and its influence on 

individual assemblages (Fig. 3B), exact inference is not possible in this model. Here, we used 

Blei et al.’s variational approximation, which simplifies this relationship. As discussed in 

Wainwright & Jordan (2008), variational methods are optimal in the sense that they minimize the 
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approximation error (i.e. they minimize the KL divergence from the exact model).  This 

approximation allowed us to use Blei et al.’s (2003) iterative “variational expectation-

maximization” procedure for jointly optimizing both sets of parameters (specifically for 

maximizing a lower bound on the log-likelihood), as implemented in the `topicmodels` package 

(Hornik & Grün 2011) for R 3.3.2 (R Core Team 2016).  This gave us community-type 

compositions as well as estimates of the influence of each community-type on every 

assemblage observed in our data set (in our case, “assemblage” refers to each monthly census 

of the rodent community). 

Like many clustering and ordination methods, LDA requires the number of community-

types to be specified (i.e. it does not determine the number of community-types supported by 

the data). Unfortunately, perhaps the largest downside of LDA is that evaluating the predictive 

performance of a fitted model quantitatively (e.g. for choosing the optimal number of community-

types) is notoriously difficult (Wallach et al. 2009). The difficulty is compounded by the large 

number of local maxima on the likelihood surface that prevent researchers from finding the 

global maximum or from effectively sampling the model's posterior distribution. These issues 

prevented us from using traditional model comparison to choose the number of community-

types to include in the model. Instead, we used an approximate AIC procedure (based on a 

variational approximation to the full likelihood function) to inform the appropriate number of 

topics to include, regardless of the model’s initial conditions (Fig. S1, in Supplement). To 

confirm that our results did not depend heavily on the random seed used to initialize the model, 

we calculated the Hellinger distance between the best-fitting models and the 99 next-best fitting 

ones (see Fig. S2, in Supplement).   

 We applied the LDA model to the three simulated datasets (Fig. 2 E-G).  Our AIC 

procedure correctly predicted that two community-types was the best fit in all three cases.  The 

LDA model was able to accurately reproduce the community compositions and the dynamics of 

the community-types used to create the simulated data for two of the three datasets (Fig. 2 E,F), 
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but for the dataset which represents constant proportions of the communities over time, the 

model was not able to distinguish the two communities (Fig. 2G).   

 

Quantifying when change occurs using a change-point model 

While LDA simplifies multivariate species composition to better visualize community 

dynamics, its outputs are continuous: they do not tell us if (or when) a discrete change in 

community structure has occurred. We fit a change-point model (Western & Kleykamp 2004) to 

identify abrupt transitions in the time series of community-type prevalence generated by the 

LDA model. Change-point models break up a time series into intervals, with a different set of 

parameters to describe the time series during each interval. Between each pair of change-

points, we modeled each community-type’s prevalence as a sinusoid with a period of one year, 

to control for seasonal fluctuations. Each interval was modeled using a separate multinomial 

generalized linear model fit with the nnet package (Venables & Ripley 2002). This gave us a 

quasi-likelihood for each interval (McCullagh & Nelder 1989).  Since our quasi-likelihood did not 

inflate the variance, these quasi-likelihoods can be interpreted on the same scale as a 

conventional likelihood for purposes of model comparison (Anderson et al. 1994). The product 

of interval-level quasi-likelihoods yields the quasi-likelihood for the full data set; this value will be 

largest when the change-points break the time series into relatively stable intervals that can be 

explained well by the generalized linear model.  

The number of possible change-point locations was too large to evaluate all the 

possibilities exhaustively, so we used Markov chain Monte Carlo (MCMC) to collect a 

representative sample of change-point locations that are consistent with the data. Initial 

experiments with Metropolis sampling showed poor mixing, so we implemented a parallel 

tempering sampler (also called Metropolis-coupled MCMC and replica-exchange MCMC) to 

facilitate movement of the Markov chain between modes via exchanges with auxiliary Markov 

chains that rapidly explore the space of possible change-points (Earl & Deem 2005). We fit 
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change-point models with up to five change-points for the rodent data, and evaluated model 

performance by comparing the average log-likelihood to the number of model parameters (see 

Fig. S6; Gelman et al. 2014).   

We applied our change-point model to the LDA results for the simulations to determine 

where it identified changes in the community (Fig. 2 H-J).  The results of the change-point 

model differed by the type of change being estimated: the fast change resulted in a narrow peak 

in the distribution of change point estimates; the slow change resulted in a wider distribution 

with a peak centered at the midpoint of the slow change; and the uniform dynamics resulted in a 

uniform distribution.  In this way, the change-point model can provide information not only on the 

timing of community change, but also the rate of change.   

 

Application to real data: desert rodents in Arizona 

 We applied the above methods to a 38-year time series (1977-2015) of a desert rodent 

community.  Located on 20 hectares of Chihuahuan Desert near the town of Portal, Arizona, this 

site has undergone considerable habitat change: a 3-fold increase in woody vegetation between 

1977 and the mid-1990s transitioned this site from an open desert grassland with widely 

scattered woody shrubs to a desert shrubland (Fig. 1; Brown et al. 1997).  Small mammal data 

is collected at this site on 24 permanent 50m by 50m plots, censused at monthly intervals with 

no major changes in methodology since 1977.  The 24 plots are divided into three experimental 

treatments, though for this project we only use data from the 8 unmanipulated control plots 

which allow unrestricted access to all species from the regional pool (see Brown 1998 for 

details).  As input to the LDA model, we pooled capture data from the 8 control plots, obtaining a 

table of counts for each species for each month of the time series.  This amounted to 436 time 

steps and 21 species.  There has been considerable turnover in species composition through 

time, with only 2 species captured consistently at almost every census since 1977. 
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Results 

Over the nearly 40 years of the study, the dynamics of the rodent community are best 

described with four different community-types, with the majority of random seeds (75%) 

supporting four community-types for the best-fitting model (See Fig. S1, Supplement).  Although 

some seeds supported three or five community-types, the qualitative results we discuss are 

generally robust to this choice (see Fig. S3, Fig. S4, Fig. S5 in Supplement for comparison).  

We found that community-types had consistent species compositions across the different seed 

runs (the average Hellinger distance from the model presented here was 0.085, on a scale from 

0 to 1; see Fig. S2, Supplement), suggesting that the inferred community-types were also robust 

to the choice of random seed. The four community-types differ in the composition of both 

common and rare species (Fig. 4A).  The most abundant members of community-types 1 and 2 

are kangaroo rats from the genus Dipodomys: community-type 1 is co-dominated by D. 

spectabilis and D. merriami, while community-type 2 is dominated by D. merriami alone.  In 

contrast, the most abundant members of community-types 3 and 4 are pocket mice from the 

genus Chaetodipus; community-type 3 is dominated by C. baileyi and community-type 4 by C. 

penicillatus.  In Fig. 4A, the 21 species of small mammals are arranged on the x-axes in order of 

decreasing body size and grassland-affiliated species are denoted with bold outlines on their 

bars, to demonstrate that the four component communities differ not only in the identity of 

species making up the community, but also the distribution of body sizes and habitat 

preferences contained in the community.  

Through time, the different community-types vary in their prevalence and dynamics (Fig. 

4B). When the study began, the desert rodent community mainly consisted of community-type 1 

(Fig. 4, light blue). In the mid-1980s, the rodent community transitioned to community-type 2 

(Fig. 4, dark blue) and then transitioned again in the late 1990s to become a mix of community-

types 2, 3, and 4 (Fig. 4, dark blue, gold, and grey, respectively). Finally, around 2010, the 

community entered its current state which is seasonal oscillations between community-types 2 
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and 4 (Fig. 4, dark blue and grey).  These dynamics and community-types are consistent with 

previous studies that documented the decline of D. spectabilis (the co-dominant species of 

community-type 1) in the mid-1980s (Valone et al. 1995), the colonization and rise to dominance 

of  C. baileyi (the dominant species in community-type 3) in the late-1990s (Ernest & Brown 

2001), shifts in the body size structure of the community from large species to smaller species 

(White et al. 2004), and a general decline in grassland-affiliated species and an increase in 

shrubland-affiliated species (Ernest et al. 2008).  

Visually, the LDA results suggest that major shifts in community dynamics occurred 

multiple times over the study. Using our change-point approach, we found that four transition 

periods were best supported by the data (for comparison of models using 2, 3, 4, and 5 change-

points see Fig. S6 in supplement). Histograms showing the locations of these four change-

points are shown in Fig. 4C, with the distribution of each point shown in a different shade of 

gray.  Using these distributions, we located the 95% confidence interval for when each of these 

transitions occurred: December 1983-July 1984, October 1988-January 1996, September 1998-

December 1999, and June 2009-September 2010.  Fig. 4D shows the change-point model’s 

estimate of how the prevalence of the four community-types differs before and after each 

transition event, demonstrating that three of these events (1984, 1998-1999, 2009-2010) are 

driven by a shift in which community-type is most prevalent, marking a major shift in community 

structure. These three major shifts in community structure are separated from each other by 10-

15 years. Between the 1998-1999 change-point and the 2009-2010 change-point, the model did 

not detect any shifts in the average prevalence of the community-types (i.e. intercept) or in the 

phase/amplitude of the annual cycles.  The 1988-1996 transition differs from the other three 

major reorganization events. It has a broader change-point distribution, and there is no change 

in which community-type is dominant. However, this change-point indicates an increase in the 

variance (amplitude) of the dominant community-type through this period. Minor changes in 

community structure also occur as community-type 1 disappears and community-types 3 and 4 
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increase their prevalence. Together these dynamics suggest the 1988-1996 transition is not a 

rapid shift in community structure like the other events, but is instead either an increase in the 

variance of community structure and/or a signal of a very slow shift in species composition that 

was abruptly terminated with the major reorganization event of 1998-1999.  

 

Discussion 

Our results suggest that long-term composition change occurred primarily through three 

distinct reorganization events in 1984, 1999, and 2010. Our approach does not allow us to 

definitively determine how long each of these events lasted, but based on similarities to the 

simulation results, the three major reorganization events appear to have been relatively rapid. 

Our pattern of discrete and relatively rapid transitions is consistent with either intrinsic or 

extrinsic regime shifts. In an intrinsic regime shift, gradual changes in the environment 

eventually override intrinsic stabilizing mechanisms causing sudden reorganization events 

(Scheffer et al. 2001). Extrinsic regime shifts are generated either by rapid shifts in the 

environment which trigger bursts of niche-based reorganization as the community tracks the 

environment (Wirth et al. 2008), or by extreme events which can trigger alternative community 

assembly pathways (Chase 2003; Fukami et al. 2010). The shift in rodent composition from 

grassland- to shrubland-affiliated species (Ernest et al. 2008; Fig. 4A) suggests that the 

community is tracking an environmental change: the long-term shift in shrub cover. Thus, for the 

extrinsic niche-based scenario to occur, our site would need to have experienced multiple rapid 

bursts of shrub growth and establishment within the 38 years of this study. Unfortunately, 

without a relatively high frequency time series on shrub cover, we cannot distinguish between 

multiple intrinsic regime shifts in response to continual change in shrub cover and niche-based 

regime shifts in response to bursts in increasing shrub cover. However, given the slow dynamics 

of shrub growth relative to the observed dynamics of the rodent community (Goslee et al. 2003; 

Okin et al. 2009), we suspect that the latter scenario is unlikely.   
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We can use the history of the site to assess whether extreme events could be related to 

our transition events. Extreme climatic events have been documented to trigger reorganization 

of communities, but it is difficult to predict when an extreme event will cause reorganization 

versus when the community will simply return to its previous state (e.g. Arthur et al. 2006).  Over 

the nearly 40 years of this study, four unusual climate events (Fig. 5, gray bars) have been 

documented that happen to occur in close proximity to each of our transition events (Fig. 5, 

horizontal red lines): an intense tropical storm in October 1983 (Valone et al. 1995), a large 

flood event in August 1999 (Thibault & Brown 2008), and regional droughts in 1993-1994 and in 

2009-2010. Each of these correspond to known impacts on the abundance of rodents: either the 

abundance across all species (Thibault et al. 2004; Allington et al. 2013; Fig. 5), or of important 

species such as the dominant keystone D. spectabilis (Valone et al. 1995; Brown et al. 1997). 

While we cannot prove that these events are related to our transition events, the coincidence is 

striking. 

Extreme events are hypothesized to trigger reorganization events when they push the 

community past a threshold that allows a new species configuration to establish (Smith et al. 

2009). If extreme climate events are causing our reorganization events, our results suggest that 

part of this threshold could involve either major declines in the dominant species or by reducing 

the community overall to low total abundances. Many studies have empirically documented how 

removing or reducing dominant species restructures communities (e.g. Paine 1966; Smith & 

Knapp 2003; Sasaki & Lauenroth 2011). Alternatively, reducing a community to low total 

abundance can trigger reorganization events via various processes. At low community 

abundances, the role of stochasticity in determining competitive outcomes increases, allowing 

alternative community compositions to establish (Orrock & Fletcher 2005; Chase et al. 2009). 

During recovery from a low abundance event, the order of species recolonization can impact the 

trajectory of community assembly as early colonizing species preclude later species from 

colonizing (i.e. priority effects; Fukami et al. 2010). These established species then preempt 
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resources and space, impeding colonization and population growth of new species better suited 

to the environment (i.e. incumbency effects; Thibault & Brown 2008). Thus by decimating the 

dominant species or the entire community, an extreme climatic event may create a threshold 

event that allows regime shifts to occur. 

 While the low abundance of the dominant species or entire community may create the 

potential for reorganization events, it seems unlikely that stochastic processes alone explain the 

shift in our community from grassland- to shrubland-affiliated species. This niche-based change 

in the community suggests that the increase in woody vegetation is also playing a role in these 

reorganization events. We hypothesize that as the environment changed, incumbency effects 

prevented the rodent community composition from tracking those changes, leading to a larger 

and larger difference between the current state of the environment and the niche characteristics 

in the community. When this happens, extreme events may act as a reset button, by allowing 

the establishment and/or population growth of species better suited to the current conditions. 

However, as the environment continues to change, the difference between environment and 

community state grows again, until the next extreme climatic event resets the community. The 

increased variability in the dominant community-type during the 1988-1996 transition event 

could indicate erosion of stabilizing mechanisms as the current state of the system was no 

longer well-suited to the environment (i.e., leading variance before a regime shift; Carpenter & 

Brock 2006). If extreme events indeed trigger reorganization events by allowing communities to 

re-establish equilibrium with their environment, then this may also explain why it is difficult to 

predict when an extreme event will trigger community reorganization. It depends both on the 

magnitude of the impact on either dominant species or total community abundances, and 

whether the community is out of sync with current environmental conditions. If the niche 

characteristics of the species present were already in sync with the environment, no 

reorganization may occur even if the impact on abundances was large.  

Whether or not our reorganization events are being caused by extreme climatic events 
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or simply coincident with them, our results show that long-term community change did not occur 

continuously in a gradual fashion.  Although changes in rodent community composition appear 

to track changes in the environment at the multi-decadal scale, the fact that community change 

occurred in discrete jumps reveals that the system also contains mechanisms that resist change 

at small time scales (e.g. incumbency effects, priority effects).  Ignoring these resistance 

mechanisms, or assuming that community change must be a gradual process, will lead to 

inaccurate predictions of how a system will respond to future perturbations.  It is therefore 

critical to consider time scale when using past dynamics to infer mechanisms of change or to 

predict future dynamics.  These insights would not have been possible without the long-term, 

high frequency monitoring of this study system, emphasizing growing concerns (Lindenmayer et 

al. 2012; Hofmann et al. 2013; Hughes et al. 2017) that maintaining long-term studies will be 

critical for detecting, understanding, and predicting future changes in nature. 
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Figure 5 

 

 

 

 

 

Figure 1.  Example of a linear approach to calculating temporal trends in species composition, 

with data from a desert rodent community.  A. Euclidean distance between all possible pairs of 

years (1977-2015) as a function of time lag (after Thibault et al 2004). The monotonically 

increasing difference in community composition with increasing time lag corresponds to a 

significant increase in shrub cover; B. paired photographs showing same perspective of Plot 1 

in 1995 and 2015, demonstrating the increase in shrub cover during this time. 

 

Figure 2. Demonstrating LDA and change-point model using simulated data.  A. species 

composition of two community-types to be simulated; B. simulation of unchanging community 

dynamics; C. simulation of rapid transition from community-type 1 to community-type 2; D. 

simulation of gradual transition from community-type 1 to community-type 2; E-G. output of LDA 

model, trying to recover dynamics simulated in panel B-D; H-J. histograms showing the 

distribution of estimated change-point location. 
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Figure 3. Graphical representation of the LDA model.  A. Community-type definitions: the 

relative species composition of each community-type; B. Community-type proportions: the 

relative frequency of each community-type contributing to assemblages; C. Assemblages: 

generated by randomly drawing species from the community-type pools in A according to the 

proportions in B; D. Species composition of assemblages, as would be seen in actual 

community data. 

 

Figure 4. A. species composition of the four community-types produced by the LDA model, with 

species arranged on the x-axis by decreasing body size, and grassland-affiliate species 

emphasized by black boxes around the bars (see Table S1, Supplement); B. prevalence of the 

four community-types over time as estimated by the LDA model; C. histograms of four change-

points representing the greatest changes in the prevalence of community-types from B; and D. 

the change-point model’s estimate of how community-type prevalence changes before and after 

each transition point.  Species codes in panel A: NA = Neotoma albigula, DS = Dipodomys 

spectabilis, SH = Sigmodon hispidus, SF = Sigmodon fulviventer, SO = Sigmodon 

ochrognathus, DO = Dipodomys ordii, DM = Dipodomys merriami, PB = Chaetodipus baileyi, 

PH = Chaetodipus hispidus, OL = Onychomys leucogaster, OT = Onychomys torridus, PL = 

Peromyscus leucopus, PM = Peromyscus maniculatus, PE = Peromyscus eremicus, PP = 

Chaetodipus penicillatus, PI = Chaetodipus intermedius, RF = Reithrodontomys fulvescens, RM 

= Reithrodontomys megalotis, RO = Reithrodontomys montanus, BA = Baiomys taylori, PF = 

Perognathus flavus. 

 

Figure 5. Total rodent abundance per hectare over time.  Solid horizontal line shows long-term 

mean. Grey bars show duration of the four extreme events. Red bars show the 95% confidence 

interval for each of the community transition events. 
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