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Abstract

Ecological forecasting is critical in understanding of ecological responses to climate change
and is increasingly used in climate mitigation plans. The forecasts from correlative models
can be challenged by novel environmental conditions and predictor collinearity that are
common during model extrapolation. However, there is still a lack of comprehensive
knowledge about how these factors interactively affect forecasting. We conducted modeling
experiments to mimic a wide range of extrapolation scenarios commonly seen under climate
change. We modeled three functional relationships using general linear model (GLM) and
Random Forests algorithm (RF). We assessed how predictor novelty, training collinearity,
collinearity shift, and model complexity interactively influenced model predictions. We found
that predictor novelty and collinearity shift were two major factors for inflated errors. The
prediction errors were doubled with moderate predictor novelty (predictors increased by 0.4)
or considerable collinearity shift (correlation coefficient r changed > 0.9). Interestingly, we
also found negative interactions between predictor novelty and collinearity shift. Model
predictions became more erroneous as model complexity increased. Calibrating models
using variables correlated with |r| < 0.7 has been a rule-of-thumb; building upon that, our
study further recommends a threshold of < 0.4 increased predictor novelty and/or < 0.9
collinearity shift for forecasting models to avoid a substantial loss of model performance.
GLM is a safer option than RF during forecasting because it is more tolerant to predictor
novelty and collinearity shift when true predictors are known. One will be cautious with
forecasting beyond our identified threshold regardless of modeling algorithm.
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Introduction

Under future climate change, ecologists inevitably have to forecast species range shifts,
invasion of non-native species, potential of vector-borne diseases, colonization and
extinction risks, and many other ecological responses to altered ecological stressors.
Correlative ecological models are widely used in forecasting ecological responses to various
global environmental drivers such as climate change, anthropogenic land use and land cover
change, and habitat fragmentation over time and space. Population models can be used for
assessing the dynamics of biological populations by modeling population growth or decline
(1, 2), planning and evaluating management actions by providing different conservation
scenarios (3), and understanding how demographic rates contribute to population dynamics
(4,5). Ecological niche models or species distribution models that relate ecological
responses to environments have been widely used in forecasting range shifts and changes
in species composition (6-8), species invasion (9-12), and risk of extinction (13-16).
Moreover, ecological niche models have incorporated the Quaternary fossil record to
forecast (or hindcast) species distributions and biodiversity over evolutionary time scales
(17-19). Among those extensive studies, more models were found for explanation and
prediction in the same time period and geographic region as those of calibration data rather
than for projecting models in the past or future and/or in different regions (20).

However, ecological forecasting based on correlative models is always associated with
varying errors and uncertainties (21-25). Projecting ecological models involves model
interpolation and extrapolation (26, 27). Interpolation is referred as to predicting the
response within the ranges of the environmental conditions used to calibrate a model while
extrapolation is projecting a model to the conditions exceeding the ranges of its calibration
conditions (21, 28-30). In most of cases, predicting ecological responses is not necessarily
limited to either interpolation or extrapolation since one can be intrinsically accompanied by
the other (31, 32), for example, predicting future species distributions, ecological patterns, or
biodiversity in new geographic areas under climate change (6, 20, 33-36), raising the
concerns about the reliability of model projections (37). Thus, it is of great significance to
identify which factors potentially affect the model projections onto new environments and
guantify the magnitude of these effects.

The ecological forecasting to future or new geographic regions under climate change is
mainly induced by climate novelty. The climate is not changing evenly across space (38),
neither over time. In the eastern United States, the last century has witnessed increased
mean annual temperatures in the Midwest and Northeast while the Southeast had areas with
not only increased but decreased temperature (8). In the meanwhile, climate shifts of more
than 100 km across the Northeast and Upper Midwest in terms of spatial velocity have been
observed (39). Most of this region experienced growing season temperatures during the
1971 to 2000 period that were cooler than those during the 1911 to 1940 period (40). As
climates continue to shift across time and space, exceeding the ranges of those experienced
in the past, no-analog climates are likely to exist in many regions across the globe (41, 42).
Given the future climate novelty, the ecological forecasting relying on correlative models is
prone to increased prediction errors and more uncertainties (6, 23, 28, 30, 42, 43).

The other major factor that contributes to forecasting error is collinearity. Collinearity usually
refers to the linear relationship among predictor variables in a statistical model (22).
Collinearity shift exists when a model is calibrated on data from one region or time, and
predicted to another region or time with different structure of collinearity among predictors.
The former could influence parameter estimation in correlative models while the latter may
affect the accuracy of model prediction. Model interpolation may be reliable as long as the
collinearity between variables remains constant (44), but models would become more
erroneous when predicting to the changed collinearity structures that are different from
calibration data (22, 43). Consequently, increased errors may emerge for ecological
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forecasting dependent on correlative models because the collinearity among the climatic
predictor variables may change under future climate change. When the change in collinearity
structure from calibration to testing data set (i.e. collinearity shift and hereafter) was small,
the degradation of model performance was not pronounced (22). Nonetheless, the model
performance moderately decreased as the collinearity slightly became less and further
exerted a considerable loss when collinearity shifted to very small degrees (22). Unlike the
negative impact induced by collinearity shifting to lower degrees on model performance,
Feng et al. (43) also found that significantly higher collinearity shifts (i.e. collinearity shifting
to higher degrees) led to decreased performance when models were projected to new
geographic regions that were different from calibration areas. Thus, the relationship between
collinearity shift and model performance needs more investigation.

Apart from predictor novelty and collinearity shift, some other factors have been suggested
to have an influence on model performance, such as training collinearity, model complexity,
and modeling algorithms. As for training collinearity, high training collinearity leads to poor
prediction accuracy mainly by affecting parameter estimation for traditional regression
models based on ordinary least squares, for example, the general linear model (GLM).
However, it might not be the case for machine learning algorithms that do not rely on
parametric approaches, for example, Random Forests (RF) can reduce the influence of
collinearity among predictors by randomly sampling part of the whole data set and randomly
selecting a subset of predictors at each node when building each regression or classification
tree during model fitting process (45). Dorman et al. (22) demonstrated that machine
learning methods such as RF, Boosted Regression Trees (46), and Multivariate Adaptive
Regression Splines (47) worked reasonably well under moderate collinearity. Feng et al. (43)
also found no correlation between model performance and training collinearity for another
machine learning algorithm, Maximum Entropy algorithm (48) due to regularization during its
model fitting process (48, 49). In spite of their tolerance to training collinearity, machine
learning algorithms generally have limited predictive ability in model extrapolation (50, 51).
Therefore, whether the training collinearity influences model performance may depend on
modeling algorithms (22). Even though some strategies, for example integrating penalized
parametric regression, for example Lasso, into Random Forests algorithm to allow for
effective prediction outside the range of the calibration data, the effect of those strategies on
model predictions remains quantitatively unknown under the conditions with changed
predictor novelty and collinearity shift. Regarding model complexity, simpler models may be
easier to be generalized and they work better than more sophisticated models when being
projected to different times or new regions. Taking regression models as an example, as
long as the parameter estimation has been affected by high training collinearity, larger
prediction errors can be made from maore sophisticated models rather than simpler models
because the former has more parameters to estimate. Despite the potential influence of all
the factors discussed above, there is still a lack of knowledge regarding how model
complexity, training collinearity, collinearity shift, predictor novelty, and modeling algorithm
affect predictive performance (i.e. prediction accuracy) of ecological model forecasting.
Thus, there is a need to assess their relative importance to model prediction. Many studies
focus mainly on how predictor novelty influences model performance in model extrapolation
(23, 28, 51). One of the most recent evidence has illustrated the weak correlation between
predictor novelty and collinearity by investigating the role of predictor novelty, collinearity
shift, and training collinearity when projecting models to new regions (43). By comparing the
explained variation of model performance, Watling et al. (52) found that modeling algorithm
was more important than collinearity among predictor variables. More interestingly, for
models with severe training collinearity, the influence of collinearity shift has been proved
greater than that of training collinearity in decreasing model performance (22), suggesting
that the influence of collinearity shift may be associated with the magnitude of training
collinearity. Overall, these evidence motivated our interest in conducting a comprehensive
assessment to disentangle the relative roles of each of the five factors including model
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complexity, training collinearity, collinearity shift, predictor novelty, and modeling algorithms
in affecting predictive abilities of ecological forecasting models.

Here, we designed a modeling experiment that mimics model extrapolation scenarios that
are common during ecological forecasting under climate change. We assessed model
prediction errors using simulated 3 levels of training collinearity, 19 levels of collinearity shift,
7 levels of predictor novelty, 3 levels of model complexity, and 2 different modeling
algorithms. We evaluated the robustness of ecological forecasting models to changed
environmental conditions induced by climate change and quantified how much change in
training collinearity and novelty the correlative models could tolerate for reliably projecting
ecological responses to future climate change. Specifically, we ask (1) how much magnitude
of changes in model performance could be induced by collinearity shift and increased
predictor novelty? (2) Would the influences of collinearity shift and predictor novelty be
dependent on model complexity, training collinearity, and modeling algorithms? (3) Would
there be any interactions between the influences of collinearity shift and predictor novelty?
By quantifying the prediction errors under different combinations of collinearity shift and
predictor novelty scenarios, we aim to derive the rules of thumb for making reliable forecasts
to different time and space with increased predictor novelty and changed correlations among
predictors. Our comprehensive assessment will provide important insights into projecting
correlative models to different times or new regions accompanied by collinearity shift and
predictor novelty by quantifying how much prediction errors will increase under different
simulated scenarios of collinearity shift and predictor novelty.

Results

Collinearity shift. We analyzed the Root Mean Squared Error (RMSE) of GLM and RF
models for model predictions along four gradients including model complexity, training
collinearity, collinearity shift, and predictor novelty.

The RMSE of GLM models increased when the correlation between Xi: and X> decreased or
when the sign of correlation changed (e.g. from positive to negative). The RMSE of GLM
models with high training collinearity were higher than those with medium and low training
collinearity when collinearity shift occurred. Moreover, the RMSE increased and became
much more variable along the gradients of model complexity from Linear to Product, training
collinearity from Low to High, and collinearity shift with the correlation changed from -0.9 to
0.9) (Fig. 1A). Thus, collinearity shift negatively influenced prediction accuracy when the
collinearity shifted to positive lower degrees or negative higher degrees. For GLM models
with medium and high training collinearity, larger errors were found when predictors became
more correlated.

Likewise, we detected the trends of increased RMSE for RF models along the gradients of
model complexity from Linear to Product, training collinearity from Low to High, and
collinearity shift with the correlation changed from -0.9 to 0.9) (SI Appendix, Fig. S2). When
the training collinearity was high, RMSE was found to be more variable and larger compared
to those of medium and low training collinearity (SI Appendix, Fig. S2). In contrast, for the
most complex model, the RMSE of GLM and RF models had different responses to the
collinearity shifted to positive higher degrees. The former did not change while the latter
became larger and more variable after the correlation became higher than that in training
data. Overall, RF models had relatively higher RMSE than GLM models across the gradients
of model complexity, training collinearity, and collinearity shift given that the underlying
relationship between response variable and predictor variables is multivariate linear
relationship (Fig. 3 and Sl Appendix, Fig. S2; see also Recommendations in the Discussion).

Predictor Novelty. Higher degrees of predictor novelty led to more variability and larger
magnitude of RMSE, and this pattern was consistent across the gradients of model
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complexity, training collinearity, and collinearity shift for both GLM and RF models (Fig.1B
and Sl Appendix, Fig. S2; see also Recommendations in the Discussion). Again, RF models
had relatively higher RMSE induced by the change in predictor novelty than GLM models for
all gradients of interest. Therefore, predictor novelty affects prediction accuracy negatively
under all testing scenarios for both GLM and RF models.

Variance partitioning. To quantify the contribution of training collinearity, collinearity shift,
predictor novelty, and the interactions between collinearity shift and predictor novelty to
RMSE, we ran ANOVAs to obtain the Type Ill Sum of Squares and then we calculated the
partial R-squared for each factor that may have an influence on model performance
measured by prediction accuracy (Fig. 2). Regardless of the modeling algorithms, the partial
R-squares of predictor novelty increased as more gradients of novelty were considered in
variation partitioning and predictor novelty had the higher partial R-squares than any other
factors when the larger gradients of predictor novelty were considered in variation
partitioning. For GLM models, when only accounting for two levels of predictor novelty
including 0 and 0.2 in variation partitioning, training collinearity had the highest partial R-
squared, followed by that of collinearity shift. In contrast, for RF models, predictor novelty
consistently had the highest partial R-squares regardless of model complexity and the levels
of novelty considered in variation partitioning. Collinearity shift had higher partial R-squares
than training collinearity for the models with quadratic and product terms while collinearity
shift had lower partial R-squares than training collinearity for the models with only multiple
linear terms.

Interaction between collinearity shift and predictor novelty. We further assessed
whether the effect of collinearity shift on prediction accuracy was dependent on predictor
novelty for GLM and RF models by comparing the single effect between two gradients of
collinearity shift along the gradient of predictor novelty. As Fig. 3 shows, there was a
consistent negative interaction between collinearity shift and predictor novelty across the
gradients of training collinearity when the degree of predictor novelty was less than 0.4 for
RF models, suggesting that predictor novelty reduced the influence of collinearity shift on
prediction errors. The similar trend was also found for GLM models under high and medium
training collinearity. When the degree of predictor novelty was higher than 0.4, the negative
interaction between collinearity shift and predictor novelty no longer existed for RF models
mainly because RF models predicted the response variable as the same value as long as
the values of predictors exceed their ranges in training data so that the prediction errors
were mainly driven by the values of response variable.

Discussion

Under future climate change, reliable forecasts of different ecological responses such as
species range shifts, invasion of non-native species, potential of vector-borne diseases,
colonization and extinction risks to different changed ecological stressors is crucial to climate
mitigation plans. We designed a simulated experiment to mimic the ecological forecasting
under climate change, and investigated the effect of model complexity, training collinearity,
collinearity shift, predictor novelty, and modeling algorithm on model predictive performance
in a combined framework. Both collinearity shift and predictor novelty resulted in degradation
of predictive performance of models in our simulation, suggesting that collinearity shift and
predictor novelty would increase the risk of projecting ecological responses to climate
change. When the testing became more novel than training data, predictor novelty caused
higher prediction errors than collinearity shift. Interestingly, the interaction between
collinearity shift and predictor novelty was negative because the effect of predictor novelty
reduced the effect of collinearity shift on model predictions. Our results still highlights that
GLM is robust to low and moderate collinearity and predictor novelty when the largest
correlation between predictors was less than the rule-of-thumb |r| < 0.7 and the predictor
novelty was less than 0.6. Machine learning models like RF were no more tolerant of
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collinearity shift than statistical models like GLM. The correlative models calibrated with low
and medium training collinearity are more robust to collinearity shift and predictor novelty.
Therefore, we encourage the choice of ecological forecasting models to avoid high
collinearity (e.g. |r] < 0.7) and with parsimonious statistical association if the models have to
be projected to the conditions with changed collinearity structure and predictor novelty.
However, when the predictor novelty exceeds 1.5 times as large as the ranges of predictors
in training data, the ecological forecasts based on correlative models will become unreliable
(e.g. RMSE is 3-fold as much as that of no shift; Fig. 4) with large variation in model
predictions regardless of the change in collinearity structure.

Extrapolation becomes problematic when ecological models are projected beyond the
geographic or environmental range of the training data (22), leading to increased prediction
errors especially for correlative models (57). This issue is mainly attributed to the change in
the collinearity structure (22), collinearity shift, and predictor novelty (43) that are assumed to
have negative influence on model predictions. Dormann et al. (22) also found the varying
responses of prediction errors to different levels of training collinearity and modeling
algorithms. Therefore, our study delved more into the investigation on the roles of different
factors including model complexity, training collinearity, collinearity shift, predictor novelty,
and modeling algorithms in affecting predictive performance of correlative models.
Compared to the previous comprehensive investigation on collinearity only considering
positive correlation among predictors (22, 58), we extended the gradient of collinearity shift
by introducing the testing scenarios with the correlation of predictors shifting from high
positive (r = 0.9) to high negative (r = -0.9), allowing us to identify not only the influence of
collinearity shift on prediction errors but also how the magnitude of collinearity shift and the
change in the signs of correlation between predictors affected prediction errors. In addition,
we separated the changes in predictor novelty from those in collinearity to assess their
effects on prediction errors, respectively. By simulating over one hundred testing scenarios
across the gradients of collinearity shift and predictor novelty, we illustrated whether the
interaction between these two factors existed under different degrees of training collinearity
and model complexity, to our knowledge, which is the first one testing their interaction in
simulation study.

Predicting species distributions or ecological communities using correlative models in new
geographic regions or changed climatic conditions have encountered more errors (23, 30,
33, 35, 51). Similarly, we found the increased prediction errors of models along the gradients
of collinearity shift and increased predictor novelty because the statistical relationship
captured by the models may not apply well to new conditions. This pattern was more
pronounced when the correlation of predictors shifted from positive to negative and the
ranges of predictors became much higher than those of training data, respectively. More
complex the models were and higher training collinearity the predictors had, the more
degraded the predictive performance became. Moreover, our results show that the influence
of predictor novelty was much greater than that of collinearity shift. This may be because
predictor novelty results in more data points beyond the ranges of training data. The pattern
of higher prediction errors due to increased predictor novelty rather than collinearity shift was
more pronounced for predictions derived from RF models, suggesting that RF models might
be more prone to errors when extrapolating ecological responses to new environmental
conditions. RF models could be over-fitted on training data (22), or the predictive ability of
RF models may be limited in linear extrapolation (50). Last but not the least, there was a
negative interaction between collinearity shift and predictor novelty, suggesting that the
influence of collinearity shift on prediction errors was reduced by increased predictor novelty.

Collinearity shift on model prediction. The negative influence of collinearity shift on
prediction errors varied among low, medium, and high training collinearity among predictors.
The highest prediction errors with the most variation induced by collinearity shift were found
for the models with the most complexity and high training collinearity. However, collinearity
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shift did not considerably increase the prediction errors for the less complex models with less
training collinearity (Fig.1A). Training collinearity is likely to result in imprecise parameter
estimates even if they are unbiased (58) because of the inflated standard errors of model
parameters (22). When the correlation among predictors were high, the estimates became
less precise and scattered more widely (58), which may lead to higher and more variant
prediction errors in the face of collinearity shift. In contrast, low correlations among
predictors had little effect on parameter estimates (58, 59). Therefore, the correlative models
with high training collinearity with |r] > 0.7 would be problematic when forecasting ecological
responses under collinearity shift, which commonly occurs during model forecasts across
space and time (54).

More interestingly, the prediction errors were dependent on the magnitude of collinearity shift
and the change in the signs of correlation among predictors. The more the collinearity
shifted, the higher the prediction errors became. This pattern is evident that, for example, in
our results, the prediction error substantially increased when the correlation between
predictors shifted from r = 0.9 to r = -0.9 (Fig.1A). Likewise, Dormann et al (22) found that
the prediction errors consistently inflated when the collinearity shifted from high to almost
zero regardless of modeling algorithms and the complexity of functional relationships,
supporting our findings. In the context of changes in collinearity structure including of
magnitude and sign of correlations, the correct parameter estimates might be not likely to be
identified, thus the substantial changes in collinearity structure would lead to a detrimental
effect on prediction accuracy (22). Accordingly, two highly correlated variables may not
necessarily encounter more correlation shift than a pair of less correlated variables because
the magnitude of collinearity shift depends not only the training collinearity but also the
collinearity in the test data set (43). However, for the same magnitude of collinearity shift or
shifting to the same collinearity structure, we expect higher prediction errors for the models
with high training collinearity rather than low one. Further, the prediction errors would
become increasingly larger if the sign of correlations among predictors change (i.e., positive
correlations shifting to negative correlations, or vice versa).

Predictor novelty on model prediction. Similarly, we found that predictor novelty
negatively affected predictive performance regardless of modeling algorithms and higher
degrees of predictor novelty resulted in larger prediction errors than lower degrees of
predictor novelty, illustrating that the increase in prediction errors depends on the magnitude
of predictor novelty. The negative effect of novelty on model performance has been
illustrated by previous studies modeling the relationship between species distributions or
assemblages to the changing environments (23, 30, 51).

The impact of collinearity shift was even worse than that of training collinearity (22). This is
well supported by our findings that the partial R-squares of collinearity shift was larger than
that of training collinearity (Fig. 2). This might only apply to the testing scenarios where not
much predictor novelty could be found because the prediction errors induced by predictor
novelty were much greater than those by training collinearity and collinearity shift. We also
found a negative interaction between the influence of predictor novelty and collinearity shift,
suggesting that the increased predictor novelty could reduce the effect of collinearity shift on
prediction errors and eventually masked its effect. Regardless of modeling algorithms, we
found consistent larger influence caused by increased predictor novelty on prediction errors
than that attributed to training collinearity and collinearity shift. Therefore, in the context of
climate change, ecological forecasting based on correlative models would become more
error-prone to increases in climate novelty rather than the changed correlation among
climatic variables.

Implications for future studies. Ecological forecasting will be accompanied by much

uncertainty because non-analog conditions are common under future climate (42), which
forces ecologists to extrapolate correlative models for predicting ecological patterns, such as
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projecting responses of species distributions climate, species invasions to novel
environment, and disease emergence in new areas. Some of the collinearity shift and
predictor novelty we simulated could possibly emerge under non-analog climate change. By
the end of 2090 CE, the range of future climate novelty is around 0.5 climatic distance
across North America (23), which would lead up to more than 3-fold prediction errors
inferred from our simulation (Fig. 1 and SI Appendix, Fig. S2). To mediate the negative
impact of collinearity shift and predictor novelty on the reliability of ecological forecasting,
one may consider not extrapolating further than 1/10 of the predictor range as a rule-of-
thumb (60). However, this rule may not offer practical and straightforward guidelines for
spatial planners and resources managers (61). Identifying the locations and time periods
where model extrapolation with departures from reference conditions will occur before
applying correlative models to ecological forecasting may make one aware of spatial and
temporal limits in model prediction (62), or identifying where models are extrapolating
outside of the training data by calculating the novelty (63). Another solution is to quantify
‘forecast horizon’ in terms of spatial, temporal, phylogenetic, and environmental dimensions
by defining a measure of prediction quality and a threshold for acceptable forecast
proficiency (64). Using mechanism models rather than correlative models for forecasting
future ecological responses is also encouraged whenever possible (23).

Concluding remarks. To obtain reliable predictions < 2-fold change of RMSE, we derive the
following recommendations for forecasting ecological models under climate change and
many other altered ecological stressors inducing different degrees of increased predictor
novelty and changed collinearity structure.

1) GLM models will be preferred rather than RF models for forecasting the models to novel
conditions and varied collinearity structures, if the true set of predictors and the type of each
relationship is known. For example, the net primary productivity (NPP) is only linearly
associated with temperature, precipitation, and squared precipitation. When forecasting NPP
under future climate, one may calibrate a GLM model because RF model may overfit on
training data and is less tolerant to model extrapolation.

2) RF models will be only safe for reliable forecasts under very restricted conditions. Even
with the true predictors correctly specified, RF models cannot make reliable forecasts when
novelty is > 0.2 (Fig. 4 and Sl Appendix, Fig. S2). However, when novelty is < 0.2 and
collinearity shift < 0.9, RF models can make acceptable predictions.

3) Under low or medium (i.e. |r| < 0.7) training collinearity, we encourage the use of GLM
models rather than RF models for model forecasting, because GLM models can stand more
predictor novelty and collinearity shift. The prediction errors of GLM models are < 2-fold
within 0.6 of predictor novelty across all gradients of correlation change. In contrast, RF
models will only produce the forecasts with < 2-fold errors when the predictor novelty does
not go beyond 0.3 with collinearity shift.

4) One should be cautious with forecasting regardless of modeling algorithms (GLM and RF)
when training collinearity is high (|r| 2 0.7), because most commonly used correlative models
will yield degraded predictions under change in collinearity structure (22). Moreover, higher
degrees of predictor novelty are expected to make model predictions more erroneous, for
example, leading to > 5-fold change in RMSE (Fig. 1 and 4 and SI Appendix, Fig. S2). In
order to produce reliable forecasts with < 2-fold errors, GLM models are only allowed for <
0.4 predictor novelty with collinearity shift (Fig. 4 and SI Appendix, Fig. S2). However, RF
models will be more restricted to the scenarios with < 0.2 predictor novelty and < 0.9
changed r.

Overall, our study agrees with the rule-of-thumb of using variables correlated with |r| < 0.7,
and provide a forward step by recommending a threshold of < 0.4 increased predictor
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novelty (increment > 0.4 of predictor range) and/or < 0.9 collinearity shift (correlation
coefficient r changed < 0.9) for forecasting models to avoid substantially distorted model
performance. Within the thresholds, while both GLM and RF models have acceptable
predictions, our recommendation is to use GLM models rather than RF models for model
forecasting. Because GLM models are more tolerant to predictor novelty and collinearity shift
during model extrapolation given that the true set of predictors and their relationship with the
response variable is known while RF models may fail in extrapolation ((50) Zhang, Nettleton,
& Zhu 2017). Otherwise, making predictions with > 0.4 increased predictor novelty
(increment > 0.4 of predictor range) or > 0.9 collinearity shift (correlation coefficient r
changed > 0.9 will always be risky regardless of modeling algorithms.

Materials and Methods

We conducted simulations to investigate how each factor including degree of training
collinearity, collinearity shift and predictor novelty affected predictive performance measured
by prediction accuracy in different prediction scenarios. Further, we also investigated if their
influences were associated with modeling contexts such as model complexity and modeling
algorithms. To do so, we first simulated ecological responses using three different functional
relationships associated with linear terms, linear and quadratic terms, and linear, quadratic,
and product terms, respectively. We fitted models using GLM and RF algorithms for the data
sets under 3 levels of training collinearity and calculated the prediction errors when
predicting the true responses under different collinearity shift and predictor novelty
scenarios. Using a variance patrtitioning approach, we ran an analysis of variance (ANOVA)
to assess the relationship between model performance and four different factors including
degree of training collinearity, collinearity shift, predictor novelty, and the interaction between
collinearity shift and predictor novelty. Last but not the least, based on the simulation results,
we derived the rules of thumb for making reliable forecasts to different time and space with
increased predictor novelty and changed correlations among predictors. We described more
details of our simulation in the following sections.

Modeling complexity. To conduct our simulation experiment, we created each training and
testing data set that included 1,000 data points from a data-generating model given by

Y =f(X) +¢ (1)

where Y is a continuous variable and X is a p-dimensional vector of predictors. The number
of dimensions is 3 for fi,, 4 for fquad and 6 for foae: (Se€ equations below). The independent
random errors € follow N (0, 0.5%). We considered three different functional relationships to
represent different model complexities:

1. fin (Linear): f (X) = 25 + 2X; + 1.5X; - 3X3, i.e. multiple linear terms

2. fquad (Quadratic): f (X) = 25 + 2X; -2X;? + 1.5X; - 3X3, i.e. multiple linear terms plus a
guadratic term

3. foraet (Product): f (X) = 25 + 2X; -2X32 + 1.5X; - 3X3 + 1.5X1X; , i.e. multiple linear,
guadratic and a product term of two different predictors, where all predictor variables Xi, Xa,
and X; follow multivariate normal distribution with zero mean and variance equal to one that
allowed for manipulating correlations among all predictor variables. To note, we specified the
three functional relationships with the coefficients at the same scale between 1.5 to 3 to
make sure the effects of the three predictor variables on the response variable were at
similar magnitude.

Training collinearity. To evaluate the influence of training collinearity on model
performance, we introduced three levels of training collinearity by drawing values of the
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three predictors from multivariate normal distributions with different variance-covariance
matrices. We defined the high training collinearity based on the widely used Pearson
correlation coefficient threshold r = |0.7| (22, 53) as the pairwise Pearson correlation
coefficients among the three predictors r = 0.9, 0.8, and 0.7, respectively. The medium
training collinearity was set as the pairwise correlation coefficients being equal to 0.6, 0.5,
and 0.4. We used a more restrictive threshold |r| = 0.4 (22) to define the low training
collinearity with r = 0.3, 0.2, 0.1 for the three predictors.

Collinearity shift and predictor novelty. We produced the gradients of collinearity shift to
mimic changes in collinearity structure when ecological forecasting models were projected
over different time and space (also see Fig. 1 of Dorman et al. (22) and APPENDIX | of
Jiménez-Valverde et al. (54)). To simply illustrate the influence of collinearity shift on
predictive performance, we assumed that collinearity shift was mainly induced by the
changes in the correlation between X; and X; throughout the simulations so that we set their
pairwise Peason correlation coefficient r ranging from -0.9 to 0.9 with 0.1 increment
simulating the gradient of collinearity shift in the testing data sets. As a result, collinearity
shift was denoted by the relative difference between these 19 levels of correlation coefficient
r in testing data and r of training data (SI Appendix, Fig. S1). The scenario in which r was the
same as that of training data was deemed as no collinearity shift.

Practically, the values of X; and Xs;were held constant while the values of X, were
resampled from N (0, 1?) in each testing data set to satisfy the given correlation coefficient
between X; and Xz. We expected that larger magnitude of collinearity shift induced greater
prediction errors for models. To account for the effect of predictor novelty on model
performance, we simultaneously increased the values of one predictor by 0.2, 0.4, 0.6, 2, 4,
6 multiplied by its original range in the training data set, resulting in a gradient of 7 levels in
total for predictor novelty with the original ranges being considered as no change. The
multiples of increased range was used to denote the level of novelty, for example, 0.4
novelty means that the values of one predictor increased by 0.4 timed by its original range.
Since we attempted to provide insights into ecological forecasting under climate change, we
chose such gradient of predictor novelty to mimic climatic novelty faced in the real world; for
example the climatic distance in North America with the maximum value around 0.6 (23),
and the Euclidean distance of dissimilarities between 20th- and 21st- century climates
across the globe with the maximum value around 6 (25). We assumed that higher predictor
novelty led to higher prediction errors.

Modeling algorithms. For each level of model complexity and training collinearity, we fitted
statistical models using general linear model (GLM) and Random Forests (RF; 45, 55)
algorithm to predict their true responses. We chose these two modeling algorithms in order
to compare the difference between a statistical method and a machine learning approach in
dealing with training collinearity, collinearity shift, and predictor novelty. Both GLM and RF
were useful in ecology for dealing with moderate collinearity (22). The parameter estimation
may be biased by training collinearity for GLM models while RF models can tolerate
correlations among predictors (45). Therefore, under severe training collinearity, machine
learning approaches, for example, RF outperformed GLM-like methods yielding lower-error
models (22). Nonetheless, GLM models may outperform RF models in linear extrapolation
because tree-based models like RF models cannot make accurate predictions when
predictor values are beyond their bounds in training data (50). Thus, we hypothesized that
the predictive abilities of GLM models and RF models would not be considerably influenced
by collinearity shift when training collinearity was low, but they would be affected by medium
to high training collinearity and high levels of predictor novelty.

Data simulation and analysis. We implemented a full combination of every experimental

dimensions: 3 levels of model complexity (fin, fquad, and foract), 3 levels of training collinearity
(high, medium, low), 19 levels of collinearity shift, 7 levels of predictor novelty (0, 0.2, 0.4,
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0.6, 2, 4, 6), and 2 modeling algorithms (GLM and RF). This led to a total of 2,394 different
experimental setups. We produced the training data sets for 3 levels of model complexity fin,
fquad, @and foraet by 3 levels of predictor novelty low, medium, and high training collinearity
using 1000 simulated data points to train general linear models (GLM) and Random Forests
(RF; 45, 55) models. To note, RF algorithm can intrinsically consider the interactions among
predictors due to its tree-based characteristic so that it is not necessary to specify the
guadratic and product terms in model statement, but we retained the same quadratic and
product terms in RF models as those in GLM models when training the models for fquad, and
foraet @llowing for a fair comparison. We then predicted the true response variable (Y ) on
2,394 testing data sets using these two models, each representing a unique combination of
levels of the three factors (3 levels of training collinearity x 19 levels of collinearity shift x 7
levels of predictor novelty x 3 model complexity x 2 modeling algorithms). Then the
prediction errors were calculated across all testing data sets with the

formula Root Mean Squared Error (RMSE) = /E(Y_Ty)z n = 1000. These were repeated

1000 times with random seeds to ensure robust prediction of response variable under each
testing scenario.

Variance partitioning. Using a variance partitioning approach, we ran an analysis of
variance (ANOVA) to assess the relationship between model performance and four different
factors including degree of training collinearity, collinearity shift, predictor novelty, and the
interaction between collinearity shift and predictor novelty. The ANOVA was performed at
each level of model complexity and modeling algorithms to test whether these relationships
were dependent on model complexity and modeling algorithm. All analyses were done in R
4.1.2 (56).
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694  Fig. 1. Root Mean Square Errors (RMSE) derived from the prediction using GLM models
695 across all simulations along the gradient of correlation between X; and X; (A) and predictor
696  novelty (B) grouped by the three different levels of training collinearity (High, Medium, and
697 Low) and model complexity (Product, Quadratic, and Linear). The collinearity shift was

698 denoted by the correlation between X; and X: in the testing data sets ranging from -0.9 to
699 0.9. The vertical dashed lines in each panel indicate the correlation between X1 and X in the
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700 training data sets. The y-axis was log-transformed. The predictor novelty was represented by
701 the magnitude of increased ranges of X5 in the testing data sets. The y-axis was log-

702  transformed in each panel.
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Fig. 2. Partial R-squares of each of four different factors including collinearity shift, training
collinearity, predictor novelty, and interaction between predictor novelty and collinearity shift
conditional on the rest of other three factors derived from Type-1ll Sum of Squares for GLM
models (A) and RF models (B) with three different levels of complexity (Linear, Quadratic,
and Product). A higher partial R-square suggests greater importance of a factor to Root
Mean Square Errors. X-values depict the highest degree of predictor novelty used in
variation partitioning through ANOVAs. That is, 0.2 on x-axis integrated 0 and 0.2 predictor
novelty in ANOVA while 6 included all levels of predictor novelty from 0O to 6.
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Fig. 3. Root Mean Square Errors (RMSE) derived from the predictions using GLM models
(A) and RF models (B) fitting Product functional relationship across High, Medium, and Low
training collinearity. The RMSE were compared along the four gradients of predictor novelty
(x-axis) between two degrees of collinearity shift with the correlation between X; and X;
shifted from 0.9 (red) to -0.9 (blue). The decreased difference in RMSE between two
degrees of collinearity shift along the gradients of predictor novelty indicates negative
interaction between predictor novelty and collinearity shift, suggesting that predictor novelty
reduces the influence of collinearity shift on prediction accuracy.
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and 0.6 while red dots depict those with collinearity shifted by -0.9 and -1.2).
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770 Fig. S2. Root Mean Square Errors (RMSE) derived from the prediction using RF models
771  across all simulations along the gradient of correlation between X1 and X, (A) and predictor
772  novelty (B) grouped by the three different levels of training collinearity (High, Medium, and
773  Low) and model complexity (Product, Quadratic, and Linear). The collinearity shift was

774  represented by the correlation between X; and X: in the testing data sets ranging from -0.9
775 10 0.9. The vertical dashed lines in each panel indicate the correlation between X1 and X in
776  the training data sets. The y-axis was log-transformed. The predictor novelty was
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777  represented by the magnitude of increased ranges of X; in the testing data sets. The y-axis
778  was log-transformed in each panel.
779
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