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bstract

Applied ecology is based on an assumption that a management action will result in a predicted outcome. Testing the prediction
ccuracy of ecological models is the most powerful way of evaluating the knowledge implicit in this cause-effect relationship,
owever, the prevalence of predictive modeling and prediction testing are spreading slowly in ecology. The challenge of
rediction testing is particularly acute for small-scale studies, because withholding data for prediction testing (e.g., via k-fold
ross validation) can reduce model precision. However, by necessity small-scale studies are common. We use one such study
hat explored small mammal abundance along an elevational gradient to test prediction accuracy of models with varying degrees
f information content. For each of three small mammal species, we conducted 5000 iterations of the following process:
1) randomly selected 75 % of the data to develop generalized linear models of species abundance that used detailed site
easurements as covariates, (2) used an information theoretic approach to compare the top model with detailed covariates

o habitat type-only and null models constructed with the same data, (3) tested those models’ ability to predict the 25 %
f the randomly withheld data, and (4) evaluated prediction accuracy with a quadratic loss function. Detailed models fit the
odel-evaluation data best but had greater expected prediction error when predicting out-of-sample data relative to the habitat

ype models. Relationships between species and detailed site variables may be evident only within the framework of explicitly
ierarchical analyses. We show that even with a small but relatively typical dataset (n = 28 sampling locations across 125 km
ver two years), researchers can effectively compare models with different information content and measure models’ predictive
ower, thus evaluating their own ecological understanding and defining the limits of their inferences. Identifying the appropriate

cope of inference through prediction testing is ecologically valuable and is attainable even with small datasets.

2020 Gesellschaft für Ökologie. Published by Elsevier GmbH. All rights reserved.
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icted outcome in another variable. When the ecological
nderstanding conceptualizing that cause-effect relationship
s incomplete, the outcome may differ from the prediction,
nd the consequences can be costly and even irreversible
Hiers, Jackson, Hobbs, Bernhardt, & Valentine, 2016), for
xample, as is illustrated by the history of deliberate intro-
uctions for pest control (Pearson & Callaway, 2003). In
he face of such consequences, quantifying the predictive
apacity and transferability of ecological research is pru-
ent (Evans, Norris, & Benton, 2012). Correct predictions
ased on theories demonstrate scientific understanding of
cause-effect relationship, however, systematically testing

nticipatory predictions is not yet widespread in ecology
Houlahan, McKinney, Anderson, & McGill, 2017).

The rarity of evaluating model predictions in ecology
eflects the prevalence of explanatory rather than predictive
odeling (e.g., Brudvig, 2017). Under the typical quantita-

ive framework, data are collected, models arefit to those data,
nd a top-ranked model is identified (Burnham & Anderson,
010). The result is an explanatory model that provides the
ost accurate description of the data possible. Competing

xplanatory models represent ecological hypotheses, so the
ccuracy of the predictions they make simply reflects support
or those hypotheses. In contrast, predictive models generate
nticipatory predictions about future states on the assump-
ion that underlying hypotheses are correct (Shmueli, 2010;

ouquet et al., 2015). Developing predictive models requires
artitioning data into model training and testing sets (i.e.,
-fold cross-validation), bootstrapping, or other methods of
esampling to evaluate models’ anticipatory predictive capac-
ty (Shmueli, 2010). This paradigm is particularly valuable
n the face of increasing ecological and climatic novelty,
ecause future states may lack contemporary analogs and
hus lie beyond the scope of explanatory modeling (Allen,
ontaine, Pope, & Garmestani, 2011; Evans et al., 2012;
radford, Betancourt, Butterfield, Munson, & Wood, 2018).
Yet withholding data during model training increases the

everage of outliers and potentially reduces precision and
tatistical power, while the logistical and financial con-
traints on data acquisition further discourage the exclusion
f hard-earned data. This problem is compounded by the fact
hat most ecological studies span short durations and lim-
ted spatial extents relative to salient ecological processes
Hastings, 2004), and withholding data from these “small”
atasets for model validation is generally an anathema. How-
ver, evaluating model predictions with data withheld during
he model training phase ultimately decreases uncertainty
hat creates risk and potentially leads to irreversible conse-
uences (Shmueli, 2010; Evans et al., 2012). For this reason,
valuating models’ predictive abilities is considered a crit-
cal aspect of structured decision making (Martin, Runge,
ichols, Lubow, & Kendall, 2009) and adaptive management
Allen et al., 2011; McFadden, Hiller, & Tyre, 2011).
We assessed an approach to prediction testing with a

mall-scale, short-term ecological field study that evaluated
ypotheses about the variation in small mammal abundance

u
(
a
T

d Ecology 43 (2020) 77–85

long elevational gradients in the northeastern United States.
ur objective was to conduct iterative k-fold validation on
small dataset (n = 28 points) to determine whether such an

pproach might be a viable method of rigorous prediction
esting for studies with small datasets (Fig. 1). Importantly,
e compared models with detailed ecological variables, a

imple categorical variable representing whole plant com-
unities, and null models to test the value of detailed site

ovariates in terms of increased prediction accuracy. We
redicted that the detailed models would have the greatest
rediction accuracy. This approach provided a framework
ith which to identify the limitations of our understanding
ithin our system while we explored systematic prediction

esting within the constraints of small-scale studies. This
pproach may help ecologists maximize the efficacy of their
esources and better gauge the extent of their ecological
nderstanding.

aterials and methods

tudy site and sampling

We conducted small mammal and vegetation surveys in
he Appalachian Mountains of the northeastern United States
approximately 44.65◦ N, 70.75◦ W) during June – August
f 2014 and 2015 (Fig. 2). Dominant plant communities
n the region were differentiated primarily by climatic fac-
ors associated with changes in elevation (Kupfer & Cairns,
996). Deciduous forest, predominantly sugar maple (Acer
accharum) and beech (Fagus grandifolia) was found at low
levations (0−600 m ASL). Coniferous forest, dominated by
ed spruce (Picea rubens) and balsam fir (Abies balsamea),
as found at intermediate elevations (200–1100 m ASL).
lpine tundra, characterized by grasses, black spruce (P.
ariana), and exposed rock, was found at high elevations

1100–1800 m ASL).
We focused on three species, the woodland jumping mouse

Napaeozapus insignis), the southern red-backed vole (Myo-
es gapperi), and the deer mouse (Peromyscus maniculatus),
ecause together they represented 89 % of the total indi-
iduals captured in the study (Wood, McKinney, & Loftin,
017).
We established ten transects that spanned the three dom-

nant plant communities and overall elevational range of
50−1460 m ASL (Fig. 2), and we randomly located a trap-
ing grid at 10 sites within both deciduous and coniferous
orest and at eight sites in alpine tundra (n = 28). Trapping
rids were 90 × 90 m with 10 rows of 10 Sherman Live
raps (Sherman Trap Co., Tallahassee, FL) spaced 10 m apart
nd baited with oats and peanuts and supplied with cotton
alls for nesting material. We checked traps on four consec-

tive mornings (7:00–10:00) and three consecutive evenings
16:30–19:00). We identified all individuals to species and
pplied a uniquely numbered ear tag (Kentucky Band and
ag Co., Newport, KY).
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Fig. 1. The primacy of explanatory modeling in ecology (A) has recently waned as prediction testing has recently experienced a Renaissance
in ecology (B, C), but predictive modeling has largely been confined to projects with large datasets. We propose that when time or resources
constrain data collection, iteratively testing the predictive power of models with different information contents still may allow researchers to
robustly evaluate the predictive power of their models (D).

Fig. 2. Transect locations in the northeastern United States used to sample small mammals and habitat characteristics in 2014 and 2015. Insets
s itat site
f trap
s
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how the overall study design with one transect spanning three hab
orest (2), and alpine tundra (3). Each site comprised a 90 × 90 m
ubplots.

We also established five 10 × 10 m habitat survey plots
ystematically located within trap grids, with four subplots at
he corners of each plot (Fig. 2). Subplot values were averaged
o create a plot-level score for each variable; these scores were
veraged to a site-level variable score; and, the site scores
ere independent variables in our models. The mean values
f each variable in each plant community type are listed in
able 1.

ata analysis
We conducted 5000 iterations of the following k-fold
alidation process of developing and testing competing gen-
ralized linear models of focal species’ abundance. The full
ataset (n = 28 sites) was randomly split into four equal

h
i
o

s in ascending order of elevation: deciduous forest (1), coniferous
grid, five 10 × 10 m habitat survey plots, and twenty 1.5 × 1.5 m

roups (k = 4) consisting of three model training groups that
ere used to build the models (ntotal = 21) and a fourth
odel testing group used to evaluate the models’ predictions

nk = 7). A preliminary sensitivity analysis indicated that dou-
ling the number of iterations incurred computational delays
ithout affecting results. In general, the number of iterations

hat is “sufficient” will depend on the size of the dataset and
he amount of environmental variation it encompasses.

We first developed and compared detailed models of
ocal species abundance (Minimum Number Alive (MNA);
ensu (Krebs, 1966)) with the model training data. For
ach species we identified four habitat variables that were

ighly correlated with its abundance, had a plausible biolog-
cal explanation, and minimized multicollinearity among the
ther variables (see Table 1 for descriptions). Variables in the
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Fig. 3. Structure of candidate detailed models of (A) Napaeozapus insignis, (B) Myodes gapperi, and (C) Peromyscus maniculatus abundance
sorted by the proportion of iterations of the random subsampling process (n = 5000) in which they were the top model (�AICc = 0). Variables
are described in Table 1. All N. insignis and P. maniculatus models included a year term.
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Table 1. Habitat variables measured in each of five plots (10 m × 10 m) and 20 subplots (1.5 m × 1.5 m) at each site, variable abbreviations,
measurement methods, and precision. Diameter at breast height (DBH, 1.37 m height; minimum DBH =2.5 cm) of deciduous (Dec) and
coniferous (Con) trees was used to calculate basal area (m2 ha−1); Dec and Con were limited to trees with a DBH ≥ 6 cm to represent
potentially mature (seed-producing) individuals during the modeling process. Subplot ground cover focused strictly on the ground; only the
estimated area of the stem at ground level of a widely branching plant was recorded. Plot-level means and standard errors are provided for all
applicable variables in each plant community types (deciduous forest, coniferous forest, and alpine tundra).

Plot metrics Abbreviation Description x (SE) (Decid.) x (SE) (Conif.) x (SE) (Alpine)

Tree species Diameter ≥ 0.025 m NA NA NA
Tree diameter at breast height Dec/Con/Tot ± 0.005 m Dec: 1.141 (0.13) Con: 1.52 (1.36) Tot: 0.17 (0.07)
Canopy cover CanCov Densiometer (±3 %) 93.02 (2.18) 87.40 (1.36) 10.07 (5.64)
Canopy height CanHt Hypsometer (±1.5 m) 19.14 (0.66) 11.55 (0.79) 0.82 (0.50)
Slope Slope Hypsometer (±2◦) 11.27 (1.80) 19.08 (1.86) 13.75 (2.54)
Aspect Asp GPS (±1◦) NA NA NA
Elevation El GPS (±3 m) 544.73 (21.92) 927.95 (31.39) 1220.64 (39.84)
Date Yr/Jul Year/Julian date NA NA NA
Plot ground structure
Large woody debris LWD Count; ø > 0.25 m 1.40 (0.34) 3.00 (0.60) 0.00 (0.00)
Coarse woody debris CWD Count; ø 0.10–0.25 m 7.24 (1.70) 11.50(1.59) 1.25 (0.53)
Fine woody debris FWD Count; ø 0.025–0.10 m 14.46 (1.48) 23.60 (2.47) 9.25 (2.67)
Subplot metrics
Woody stems at 1 m W.Stem1 Count 2.23 (0.20) 2.77 (0.54) 1.55 (0.56)
Woody stems at 0.25 m W.Stem25 Count 8.05 (0.72) 7.22 (1.42) 8.00 (1.63)
Herbaceous stems at 0.25 m H.Stem Count 3.80 (0.83) 1.63 (0.47) 0.03 (0.03)
Subplot ground cover
Leaf litter and FWD LL Ocular estimate ±3 % 85.29 (2.17) 65.93 (4.07) 15.19 (4.11)
Herbaceous plants Grass Ocular estimate ±3 % 2.00 (0.35) 1.16 (0.15) 1.35 (0.46)
Woody stems W.Stem0 Ocular estimate ±3 % 3.98 (0.72) 4.31 (0.75) 14.17 (4.95)
Moss and lichen Moss Ocular estimate ±3 % 6.20 (1.16) 25.01 (4.21) 41.69 (5.41)
Logs > 0.25 m Log Ocular estimate ±3 % 1.10 (0.31) 1.69 (0.19) 0.03 (0.03)
E e ±3 %
W e ±3 %
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ater Water Ocular estimat

etailed models for N. insignis were the proportion of ground
overed by moss, the basal area (m2 ha−1) of deciduous trees
ith a diameter at breast height (DBH) > 6 cm, the number
f coarse woody debris stems, and the number of herbaceous
tems ≥ 25 cm tall. The 6-cm threshold for DBH was used
s the approximate minimum diameter for a mature tree in
he study area. For M. gapperi we chose the variables basal
rea of coniferous trees with a DBH > 6 cm, the mean DBH
f deciduous trees, the number of fine woody debris stems,
nd the proportion of ground covered by rock. For P. manicu-
atus we chose the proportion of ground covered by moss, the
asal area of deciduous trees with a DBH > 6 cm, the number
f coarse woody debris stems, and the number of coniferous
rees with a DBH ≥ 2.5 cm. We constructed generalized lin-
ar models of each species’ abundance (minimum number
live; MNA) as a function of: (1) all first-order combina-
ions of the variables we selected (Fig. 3); (2) site elevation,
common proxy for climate; and, (3) the abundance of the
ther two focal species. All models, including plant com-
unity type (PCT) and null (described below), included an

ffset term to account for variation in trap effort among sites,

nd the N. insignis and P. maniculatus models included a
ear term to account for substantial interannual population
uctuation (Wood et al., 2017). We compared the detailed

d
r
e

1.63 (0.76) 0.59 (0.20) 27.02 (8.53)
0.37 (0.20) 0.12 (0.06) 0.02 (0.02)

odels (n = 18 per species) with the Akaike Information Cri-
erion with a correction for small sample size (AICc) and
anked them by subtracting the smallest score from all oth-
rs (�AICc), allowing us to identify the top-ranked detailed
odel for each species (i.e., the model with the most support

rom the data used to construct it) (Burnham & Anderson,
010).
Next, we compared the top detailed model to two simplified
odels of each species’ abundance representing successive

eductions in data complexity and effort required to gather
odel covariates relative to the detailed models. Plant com-
unity type models treated plant community type as a single

ategorical variable with three classes: deciduous forest,
oniferous forest, and alpine tundra. Null models contained
nly an intercept term equal to the average abundance of that
pecies. We ranked each species’ top detailed model, PCT
odel, and null model with �AICc.
We evaluated model performance by first recording which

f the 16 detailed model structures was most frequently best
t. Next, we calculated the proportion of the 5000 iterations

n which each class of model best fit the model-evaluation

ata �AICc = 0). Finally, we quantified prediction accu-
acy with a quadratic loss function (i.e., expected prediction
rror) by comparing predicted and observed abundance for
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ll seven withheld model testing data points. This approach
ncorporated a penalty for increased variance in predictions,
ather than being based solely on absolute accuracy (Shmueli,
010).
We used R version 3.0.3 (R Core Development Team,

014) and the packages MASS (Ripley et al., 2013), MuMIn
Bartoń, 2015), and ggplot (Wickham & Chang, 2016) for
hese analyses. See the Supplementary material for R code.

esults

rapping

Napaeozapus insignis abundance was greatest in decid-
ous forest in both years, with a substantial peak in 2014
Table 2). Myodes gapperi abundance was greatest in conif-
rous forest in both years (Table 2). In 2014, P. maniculatus
bundance was substantially greater in deciduous forest than
n coniferous forest and alpine tundra, however, in 2015,
bundance was similar among the three habitats (Table 2).
verall abundance of each species was greater in 2014 than
015. For all species, abundance patterns were driven more
y habitat differences than by spatial autocorrelation. See
upplementary material for complete trapping records of all
0 captured species.

op detailed models

The top detailed model of N. insignis abundance was most
requently [moss + number of herbaceous stems] (�AICc = 0
n 64 % of 5000 iterations); the next most frequent top

odel was [moss + coarse woody debris] (11 % of iterations;
ig. 3A). The top detailed model of M. gapperi abundance
as consistently [basal area of coniferous trees] (82 % of

terations); the next closest model was [DBH of deciduous
rees + fine woody debris] (8 % of iterations; Fig. 3B). The
op detailed model of P. maniculatus abundance was most
requently [moss] (49 % of iterations), although [basal area
f deciduous trees] and [number of conifer stems] also per-
ormed well (21 % and 12 % of iterations, respectively;
ig. 3C).

omparing model types

Several patterns were consistent across species. For exam-
le, the top detailed models almost always fit the training
ata better than the plant community type or null models
�AICc = 0 in 79–98%, 5000 iterations for all species). How-
ver, the top detailed models consistently had the greatest

xpected prediction error i.e., quadratic loss function, mean-
ng that they made the lowest prediction accuracy. The PCT

odels consistently had the lowest expected prediction error
.e., made the best anticipatory predictions and the null mod-

c
t
t
c

d Ecology 43 (2020) 77–85

ls preformed slightly worse but still made substantially
etter predictions than the top detailed models (Fig. 4).

iscussion

Making accurate predictions is perhaps the best method
f demonstrating scientific understanding (Houlahan et al.,
017), and predictive modeling is increasingly valuable for
onservation in the face of ecological and climatic novelty
Allen et al., 2011; Evans et al., 2012; Bradford et al., 2018).
owever, prediction testing can be particularly challenging
ith small datasets. We have demonstrated an approach to

esting models’ anticipatory predictions and subsequently
valuating knowledge gained using data collected in a study
hose small scale is well-represented in the contemporary

cological literature. We employed a novel approach to pre-
iction testing with limited data in which we iteratively
ssessed the relative model fit (with AICc) and predictive
ower (with a quadratic loss function) of models based on
etailed variables, categorical plant community type, and
verage abundance. Our results have implications for small
ammal community change in the northern Appalachian
ountains and demonstrate the value of rigorous predic-

ion testing in ecological studies conducted at similarly small
cales.

We used a modest ecological study, which entailed a sin-
le two-person crew surveying for 2.5 months across 125 km
uring two successive years, to explicitly measure the level
f understanding possible by testing our top models’ ability
o predict randomly selected out-of-sample data. We found
hat detailed models of small mammal abundance constructed
ith site-specific environmental variables requiring intensive

urvey effort (i.e., one quarter to one third of the working
ours) and that included bottom-up biotic interactions, inter-
pecific competition, and various aspects of habitat structure,
onsistently fit the observed data better. Counter to our pre-
iction, however, the plant community models made the best
nticipatory predictions (i.e., had the lowest expected predic-
ion error; Fig. 4). Reducing the information content of our
odels did not significantly reduce their predictive power,

uggesting that the resources expended to acquire the more
etailed information about habitat structure and biotic inter-
ctions did not necessarily improve our understanding of this
ystem.

In the context of structured decision making, this would
uggest that decision thresholds (Martin et al., 2009) in
anagement actions related to small mammals would not

equire detailed site covariates. Instead, the projected climate
hange-driven 71–100 % decrease in coniferous forest and
orresponding increase in deciduous forest in our study area
Tang & Beckage, 2010) would be a more salient ecologi-

al resolution. Our models indicate that M. gapperi is likely
o become less abundant while N. insignis and P. manicula-
us become more abundant, as the extents of their respective
ore habitats change. This could lead to increased instability
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Table 2. Small mammal abundance (minimum number alive) in each plant community type across years.

2014 2015

Deciduous forest Coniferous forest Alpine tundra Deciduous forest Coniferous forest Alpine tundra

Napaeozapus insignis 112 25 2 31 6 0
Myodes gapperi 24 87 24 27 99 3
Peromyscus maniculatus 97 20 26 22 17 12

Fig. 4. Quadratic loss between predicted and observed abundance (Minimum Number Alive) of (A) Napaeozapus insignis, (B) Myodes
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apperi, and (C) Peromyscus maniculatus based on 35,000 predictio
orse model performance. Bar width corresponds with the probabi
ashes, respectively.

i.e., population fluctuations) in the small mammal commu-
ity (Wood et al., 2017). If small mammal abundance in the
egion were monitored through time, these predictions could
e iteratively refined and, potentially, continually improved
Dietze et al., 2018), and management decision thresholds
evised accordingly (Allen et al., 2011).

Model evaluation can reveal the transferability of predic-
ions in space and time (Bahn & McGill, 2013; Sequeira
t al., 2016; Yates et al., 2018). However, it is important
o consider each step of the model validation process. First,
efine the purpose of the model, the performance criteria, and
he context. Second, examine the mathematical operation of
he models, their relationship to the relevant ecological the-
ry, and the assumptions and characteristics of the input data
Rykiel, 1996). If understanding the relationships between
ocal species and fine-scale, site-specific attributes (e.g.,
nterspecific competition or habitat structure) is an important
bjective, sampling within a single habitat type may min-
mize large-scale variation. Alternatively, if a study spans

ultiple habitat types, as ours did, the ecological importance
f highly detailed covariates for each site may be difficult to
iscern without a carefully designed hierarchical approach to
oth sampling and analysis. Implementation of model test-
ng largely has been confined to datasets with hundreds or
housands of points, yet, field studies that are limited in time
r space, such as ours, can nonetheless result in datasets that
re appropriate for rigorous prediction testing (Fig. 1D) to
ddress the essential question: what level of understanding
an we expect from such a study?
Using a quadratic loss function to thoroughly test expected
rediction error of anticipatory ecological models can reveal
patial and temporal constraints to the inferences supported

c
a
(

ut-of-sample data; greater expected prediction error values indicate
nsity; median and mean values are indicated with white and black

y a given dataset (Shmueli, 2010; Houlahan et al., 2017).
his is a critical aspect of model validation, because apply-

ng models beyond the bounds of their reliable transferability
ay produce spurious results (Sequeira et al., 2016). Identify-

ng the resolution of peak model performance may suggest the
cale at which animals perceive and interact with their envi-
onment (Kie, Bowyer, Nicholson, Boroski, & Loft, 2002;
uller & Harrison, 2010). For example, our finding that
icrohabitat variables such as plot-scale vegetation and sub-

trate characteristics were no more effective than larger-scale
ariables such as plant community type in predicting small
ammal abundance is consistent with existing literature

nd illustrates this effect of data resolution (Orrock, Pagels,
cShea, & Harper, 2000; Coppeto, Kelt, Vuren, Wilson,
Bigelow, 2006; Fauteux, Imbeau, Drapeau, & Mazerolle,

012). This phenomenon reinforces the importance of sam-
ling at the appropriate spatiotemporal scales and the value
f conducting both sampling and analyses in an explicitly
ierarchical framework when studying small mammal habi-
at use and community assembly (Kelt, Meserve, Patterson, &
ang, 1999; Williams, Marsh, & Winter, 2002). The resam-
ling process may also be sensitive to the amount of variation
n the dataset, and datasets containing greater environmental
ariation are likely to require more extensive resampling (i.e.,
ore iterations of random resampling) to ensure that the full

ange of environmental conditions has been tested.
We have shown that even with limited datasets it is possi-

le to quantify model uncertainty and thus measure the gain
n ecological understanding. Limitations of small datasets

an be quantified by iteratively comparing relative model fit
nd testing prediction accuracy of random subsets of the data
Fig. 1). Applying that process to models with different infor-
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ation content can identify the relevant data resolution for the
uestions of interest, which in turn can help optimize resource
llocation in subsequent studies. Small-scale studies will con-
inue to be important contributions to ecology; systematically
esting the predictions they generate will explicitly bound the
cope and depth of understanding they may yield.
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