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Abstract—Resilience monitoring in population systems is
increasingly constrained by irregular sampling, seasonal forcing,
and the limited transferability of generic early-warning signals.
This study develops an information-theoretic and machine-
learning (IT–ML) framework that treats resilience assessment
as a prospective decline-risk problem rather than as an assertion
that every observed downturn is a bifurcation. The framework
integrates Fisher information, permutation entropy, and lag-
one mutual information with conventional rolling descriptors of
abundance dynamics, and evaluates their combined utility
under chronology-respecting validation. A reproducible
empirical benchmark was constructed from publicly available
Portal Project rodent records. The analysis retained six target
species, 186 census periods, and 1,116 effort-standardized
species–census observations from 1999 to 2015. A sharp-decline
outcome was defined prospectively as a mean abundance during
the next three censuses that was at most 55% of the preceding
six-census mean, conditional on a preceding mean of at least two
individuals. The held-out test period contained 246 evaluation
windows and 31 prospective decline events. A conventional
early-warning composite achieved a receiver operating
characteristic area under the curve (ROC-AUC) of 0.649. A
machine-learning model based on conventional temporal
statistics achieved ROC-AUC 0.703, whereas the IT–ML fusion
achieved ROC-AUC 0.648 and precision–recall area 0.178.
Species-block bootstrap intervals were broad, and the
information features did not add a stable aggregate gain beyond
autocorrelation and local trend. These results show that
information-theoretic descriptors can be incorporated
transparently into population-monitoring pipelines, but their
operational value is context dependent. The principal
contribution is therefore an auditable workflow that separates
resilience-relevant state description, prospective warning, and
causal claims about critical transitions.
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I. INTRODUCTION
Population dynamical systems frequently exhibit

pronounced fluctuations before management institutions can
establish whether a change is transient, seasonal, or a durable
loss of resilience. This distinction has direct consequences for
monitoring design because a reversible pulse may only require
intensified observation, whereas a loss of recovery capacity
can require timely intervention. In ecological theory,

resilience is not a single quantity: local return rates, basin
geometry, and resistance to perturbation describe related but
non-equivalent properties. The choice of a resilience indicator
must therefore be tied to a concrete decision problem and to
the type of transition that the data can support. [1] [2] [3]

Early-warning research has commonly examined rising
variance, autocorrelation, skewness, and changing trends as
symptoms of critical slowing down. These statistics are
attractive because they can be computed from a single
observed variable. Their empirical performance, however, is
strongly conditioned by the forcing mechanism, the sampling
protocol, detrending choices, and the prevalence of actual
transitions. A multi-lake assessment found that common
indicators often did not outperform chance, and a recent
review likewise emphasizes the gap between idealized
transitions and real-world monitoring records. The
appropriate objective is consequently not to declare a
transition from a single score, but to evaluate whether a score
improves prospective risk discrimination under an explicit
validation protocol. [3] [4] [5] [6]

Information theory offers a complementary language for
this task. Fisher information is sensitive to local changes in the
shape of an empirical state distribution, while entropy-based
measures quantify disorder in ordinal or spatial patterns and
mutual information captures statistical dependence. These
quantities may expose changes in state concentration,
temporal organization, or dependence that are not expressed
by a variance-only diagnostic. However, their interpretability
is conditional on window length, discretization, noise, and the
dimension of the observed system. A defensible application
should therefore treat information metrics as interpretable
features rather than as a universal scalar definition of
resilience. [7] [8] [9] [10] [11]

Machine-learning approaches have expanded early-
warning research by learning nonlinear combinations of
temporal features or representations. Deep classifiers can
perform well when their training and test processes share
relevant dynamical structure, but their generalization may
deteriorate across forcing regimes or under extrapolation. In a
data-limited field setting, a smaller and auditable model is
often preferable to a high-capacity system whose warnings
cannot be traced to observable descriptors. Chronology-
respecting partitioning is equally important: leakage across
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time can inflate apparent scientific performance even when a
conventional train–test split is reported. [12] [13] [14] [15] [16]
[17] [18] [19]

The present study addresses this gap by integrating three
information-theoretic descriptors with conventional early-
warning statistics in a prospective population-monitoring
benchmark. The study asks three questions: first, can an
auditable feature set distinguish forthcoming sharp declines in
an openly available population time series; second, do
information-theoretic descriptors improve held-out
discrimination beyond conventional rolling statistics; and
third, how sensitive are the conclusions to a reasonable change
in the operational decline definition? The scope is deliberately
limited. The analysis evaluates warning performance for
prospective abundance declines in a single long-term study
system; it does not infer causal mechanisms or claim that
every labelled decline is a critical transition. The remainder of
the paper reviews the relevant foundations, defines the
framework, reports the empirical results, and discusses
implications for resilience monitoring.

II. RELATED WORK

A. Resilience, critical transitions, and population early
warnings
The conceptual literature distinguishes resilience from

stability and from the observational signatures that may
accompany a loss of resilience. Local resilience concerns
recovery near an attractor, whereas ecological resilience
concerns the persistence of a system within a basin or regime.
Rate-induced transitions further complicate the picture
because a system may undergo a large qualitative change
before a static bifurcation threshold is reached. These
distinctions motivate a conservative interpretation of early-
warning scores: they are empirical descriptors of changing
dynamics, not a substitute for a mechanistic model of all
possible transitions. [1] [2] [5]

Population-level experiments provide a useful bridge
between theory and monitoring. In a seasonal Drosophila
system, trait-based information improved warning detection
for approaching collapse, yet the value of individual indicators
depended on the timing of stress. Population time-series
analyses also show pervasive density dependence at aggregate
scales, while individual series can be weakly informative.
Such findings justify an approach that pools evidence across
species while preserving the temporal structure within each
population and that reports uncertainty rather than a single
universal threshold. [6] [20] [21]

B. Information-theoretic descriptors of dynamical
organization
Information-based early-warning methods have developed

along several complementary lines. Entropy production,
nonequilibrium free energy, and time irreversibility have been
proposed as mechanistic descriptors in ecological models.
Spatial permutation entropy and spatial mutual information
have been used to detect changes in vegetation and spatially
extended systems. Network methods based on mutual-
information weighted entropy extend the same intuition to
biological state transitions. Collectively, these studies
motivate a multi-descriptor feature family, but they also
demonstrate that the signal depends on the system,
observation geometry, and preprocessing choices. [2] [7] [8]
[9] [10]

Fisher information occupies a distinctive position because
it describes the sharpness of an estimated distribution rather
than its global spread. An earlier logistic-model study used
Fisher information to relate periodic forcing, probability-
density structure, and sustainability. The present study retains
the sensitivity of Fisher information to local distributional
organization but shifts the application from analytically
controlled logistic dynamics to an empirical, effort-
standardized population-monitoring setting. The purpose is
not to reproduce a closed-form logistic analysis; it is to test
whether a finite-window Fisher descriptor contributes useful
prospective information when combined with other temporal
features. [11] [22]

C. Machine learning, model realism, and evaluation
discipline
Machine learning for critical transitions ranges from

generic neural classifiers trained on simulated bifurcations to
models trained on surrogates of historical observations. These
approaches show that nonlinear representations can recognize
patterns missed by a small set of generic indicators, but the
transportability question remains central. Training data
generated from simple models can transfer to some natural
systems, yet extrapolation across unobserved non-stationary
regimes remains difficult. A practical compromise is to use
flexible but interpretable learning on descriptors that retain a
clear dynamical meaning. [12] [13] [14] [15] [16] [23]

This design requires rigorous temporal evaluation.
Reviews of forecasting evaluation warn that random
resampling can provide misleading performance estimates for
non-stationary series. Distribution-free time-series
uncertainty methods, anomaly-detection taxonomies, and
change-point reviews further reinforce that the relevant object
is time-ordered evidence. The present benchmark therefore
uses a fixed chronological train–validation–test split, selects
classification thresholds only on validation data, and
quantifies test uncertainty with a species-block bootstrap.
These decisions do not eliminate all uncertainty; they make
the remaining uncertainty visible. [17] [18] [19] [24] [25] [26]

III. METHODS

A. Research design and operational target
The framework was designed as an observational,

prospective classification study. Its input is a univariate
abundance trajectory with known sampling effort. Its output is
a calibrated probability that the mean abundance over the next
three censuses will be substantially lower than the mean
abundance over the preceding six censuses. This
operationalization separates a measurable warning task from
the stronger causal claim that the system is approaching a
bifurcation. It is appropriate for monitoring programmes in
which the practical question is whether a trajectory warrants
review before a near-term decline, not whether the full
ecological state space has been observed(Figure 1).
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Fig. 1. Information–machine-learning resilience assessment pipeline. The
workflow preserves a separation between data quality control, state
description, temporal prediction, and post-alert audit.

B. Source data and census-level state reconstruction
The empirical benchmark used public capture records

from the Portal Project, a long-term Chihuahuan Desert study
near Portal, Arizona, USA. Rodent records are collected
approximately monthly, and the project documentation
provides capture history, plot identity, trapping effort, and
treatment information. The raw repository was cloned at
commit 7514fad88ff5946dcea00c9641319ea9c2fa02ff. The
analysis used only conventional non-negative census periods
between January 1999 and March 2015 and focused on eight
plots that were documented as control plots during the analysis
window. Capture counts were standardized to 49 traps within
each plot before aggregation, which prevents a short or partial
trapping effort from being interpreted as a biological decrease.

A census can span a calendar-month boundary while
retaining a single census-period identifier. The reconstruction
therefore aggregated all available month fragments to a single
species–period observation. Six target rodent species met the
coverage criteria of at least 150 census observations and a non-
zero occurrence fraction of at least 0.35. The final panel
comprised 186 census periods, six species, and 1,116 species–
period observations, with an average of 7.73 sampled focal
plots per aggregated census. The number of contributing plots
ranged from four to eight because some censuses straddled a
treatment or calendar boundary. Zeros were retained when a
plot had been sampled; no imputation was applied to the
abundance panel.

TABLE I. DESCRIPTIVE STATISTICS FOR THE EFFORT-STANDARDIZED
POPULATION PANEL.

Species n Mean ±
SD Median Range Non-zero

fraction
Chaetodipus
baileyi 186 12.96 ±

12.58 8.5 0–71 0.95

Chaetodipus
penicillatus 186 22.83 ±

23.09 16.5 0–116 0.90

Dipodomys
merriami 186 20.48 ±

10.63 18.0 2–52 1.00

Dipodomys
ordii 186 8.73 ±

7.44 7.0 0–36 0.93

Onychomys
torridus 186 4.61 ±

4.60 3.0 0–25 0.87

Peromyscus
eremicus 186 1.34 ±

1.83 0.0 0–8 0.49

The selected trajectories span markedly different
abundance levels and variabilities (Table I). The use of effort-
standardized counts is important because observation error
and process variation are not interchangeable in population
time series. Stochastic logistic and state-space studies have
shown that deterministic trajectory matching can obscure this
distinction, particularly at low abundance or when the

observation process is imperfect. The present feature set does
not attempt to identify a complete stochastic population model.
Instead, it evaluates whether descriptors extracted from the
observed, standardized state sequence assist prospective
warning under an explicitly limited target. [27] [28] [29] [30]

C. Feature construction
For each species and each eligible census period t, a

trailing 12-census window of log-transformed abundance, x_t
= log(1 + N_t), was constructed. Six conventional descriptors
were computed: mean log abundance, sample variance,
coefficient of variation on untransformed abundance, lag-one
autocorrelation, linear trend, and skewness. The three
information-theoretic descriptors were Fisher information,
normalized permutation entropy of ordinal patterns of order
three, and lag-one mutual information. All functions were
computed within the trailing window and therefore used no
future abundance values.

The discrete Fisher-information descriptor was computed
from a smoothed empirical histogram, F = Σᵢ (pᵢ₊₁ − pᵢ)² / [(pᵢ₊₁
+ pᵢ)/2], where pᵢ is the normalized frequency in the ith
adaptive quantile bin. Permutation entropy was Hₚ = −Σ ⱼq ⱼ
log(q ⱼ )/log(3!), where q ⱼ denotes the probability of each
length-three ordinal pattern. Lag-one mutual information was
I(Xₜ; Xₜ₊₁) = Σᵢⱼpᵢⱼ log[pᵢⱼ/(pᵢpⱼ)]. These finite-window estimates
are descriptive and were not interpreted as thermodynamic
state functions. To avoid undefined moments in degenerate
windows, only the feature matrix—not the raw abundance
observations—was median-imputed after replacing non-finite
values(Table II).

TABLE II. FEATURES AND THEIR INTENDED MONITORING
INTERPRETATION.

Feature family Descriptors Operational
interpretation

Conventional state
Mean, variance,
coefficient of
variation

Level and local
dispersion of
observed abundance

Conventional
temporal

Lag-one
autocorrelation, linear
trend, skewness

Memory,
directionality, and
asymmetry

Information-theoretic Fisher information
Local sharpness of the
empirical state
distribution

Information-theoretic
Permutation entropy;
lag-one mutual
information

Ordinal complexity
and adjacent-state
dependence

D. Prospective label and temporal evaluation
The primary label was a prospective sharp decline. For a

candidate index time t, B_t was the mean abundance in the six
preceding censuses and F_t was the mean abundance in the
next three censuses. A positive label was assigned when B_t
≥ 2 and F_t ≤ 0.55B_t. The basal abundance condition reduces
labels generated by low-count fluctuations near zero. It also
makes the target more relevant to a monitoring decision: an
alert should signal a decline from an observed, non-trivial
recent population level. The final feature table contained
1,002 windows because each label required both a 12-census
history and a three-census future horizon.

Temporal integrity was protected with a fixed
chronological partition. Windows ending on or before 31
December 2007 formed the training set (n = 558); windows
from 2008–2010 formed the validation set (n = 198); and
windows from 2011–2015 formed the locked test set (n = 246).
No test observation was used to estimate a feature scaler, fit a
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model, or choose a threshold. The decision threshold for each
method was selected to maximize validation F1 score. This
design follows the principle that the test period must emulate
an unknown future rather than a randomly withheld subset of
the historical record. [17] [18] [19]

E. Comparative models, uncertainty, and sensitivity
Three warning methods were compared. The conventional

early-warning baseline combined standardized variance, lag-
one autocorrelation, and negative linear trend through a
logistic transformation. The ML-statistics comparator was a
class-balanced random forest with 800 trees, maximum depth
five, and a minimum leaf size of four, trained on the six
conventional descriptors. The proposed IT–ML fusion was a
class-balanced histogram gradient-boosting classifier with
240 iterations, learning rate 0.055, 11 maximum leaf nodes,
and L2 regularization 0.7, trained on all nine descriptors. All
hyperparameters were fixed before inspecting the test results.

Performance was assessed using ROC-AUC, precision–
recall area (PR-AUC), Brier score, F1 score, sensitivity, and
specificity. Because windows are temporally dependent
within each species, 95% uncertainty intervals were calculated
using 1,000 species-block bootstrap resamples. A sensitivity
analysis re-estimated the proposed model using decline
fractions of 0.50, 0.55, and 0.60 while retaining all temporal
partitions. This analysis tested whether the qualitative
conclusion depended on the exact operational threshold for a
prospective decline.

IV. RESULTS

A. Population trajectories and operational decline labels
The reconstructed panel contained 162 observed zero-

abundance entries (14.5%) but no missing species–period
cells after the census-level aggregation. The six selected
species differed substantially in mean abundance, standard
deviation, and occupancy (Table I), providing a
heterogeneous but internally comparable test bed. The
primary outcome generated 31 positive sharp-decline
windows in the locked test set, corresponding to a prevalence
of 12.6%. This class imbalance makes PR-AUC and
threshold-specific error rates essential complements to ROC-
AUC.

Figure 2 illustrates a representative held-out trajectory for
the desert pocket mouse, Chaetodipus penicillatus. The
observed series contained repeated increases and declines
rather than a monotonic collapse. Downward triangles identify
the prospectively defined sharp-decline windows. The IT–ML
risk score changed over time and exceeded its validation-
selected threshold atmany dates, demonstrating that a warning
system can be sensitive to local structure without providing
evidence that the entire trajectory was approaching a single,
irreversible state boundary.

Fig. 2. Held-out abundance trajectory and IT–ML prospective decline
probabilities for Chaetodipus penicillatus. Downward triangles in the upper
panel indicate windows meeting the future three-census decline criterion.
The lower panel shows the probability estimated without test-period fitting
and the validation-selected decision threshold.

B. Information-state descriptors
The three information descriptors varied across the held-

out trajectory and did notmove in a common direction at every
labelled decline (Figure 3). Fisher information displayed
occasional short-lived peaks, permutation entropy changed
more gradually, and lag-one mutual information showed
pronounced local variation. This pattern is consistent with the
fact that the indicators quantify different aspects of a finite-
window state distribution. It also cautions against interpreting
an increase or decrease in a single information measure as an
invariant signature of resilience loss.

Fig. 3. Rolling information-theoretic descriptors for the held-out
Chaetodipus penicillatus trajectory. Red triangles mark prospective sharp-
decline windows. Each descriptor was computed from a preceding 12-census
window.

C. Held-out warning performance

TABLE III. LOCKED-TEST PERFORMANCE FOR PROSPECTIVE SHARP-
DECLINE WARNING (N = 246 WINDOWS; 31 EVENTS).

Method

RO
C-
AU
C

PR
-
AU
C

Bri
er F1 Sensiti

vity
Specifi
city

TP/FP/T
N/FN

Convent
ional
EWS

0.6
49

0.2
00

0.2
52

0.2
27 0.677 0.381 21/133/8

2/10

ML
statistics

0.7
03

0.2
04

0.1
83

0.3
01 0.903 0.409 28/127/8

8/3
IT–ML
fusion

0.6
48

0.1
78

0.2
01

0.2
76 0.806 0.419 25/125/9

0/6
The conventional early-warning composite achieved

ROC-AUC 0.649 and PR-AUC 0.200 (Table III). The ML-
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statistics comparator achieved the highest point ROC-AUC
(0.703) and the lowest Brier score (0.183). The IT–ML fusion
achieved ROC-AUC 0.648 and PR-AUC 0.178. At its
validation-selected threshold of 0.11, the fusion method
detected 25 of 31 events (sensitivity 0.806) but also issued 125
false positive alerts (specificity 0.419). Thus, the fusion model
did not demonstrate a stable aggregate improvement over a
model using conventional temporal statistics only.

Species-block bootstrap intervals were wide. For ROC-
AUC, the 95% intervals were 0.315–0.755 for the
conventional baseline, 0.499–0.858 for ML statistics, and
0.497–0.752 for IT–ML fusion. These overlapping intervals
are expected with six species and should prevent rank-order
claims based on small point-estimate differences. Figure 4
makes this uncertainty explicit: machine learning improved
point discrimination relative to the conventional composite,
but the information-theoretic extension did not produce a
statistically decisive advantage in this empirical setting.

Fig. 4. Held-out discrimination of the three warning methods. Bars show
locked-test ROC-AUC and PR-AUC; error bars show 95% species-block
bootstrap intervals based on 1,000 resamples.

D. Feature attribution and sensitivity
Permutation-based importance for the IT–ML fusion

ranked lag-one autocorrelation first (mean reduction in test
PR-AUC 0.027), followed by linear trend (0.013) and
permutation entropy (0.013). Fisher information and lag-one
mutual information showed negative mean importance in this
pooled test analysis. The result does not imply that Fisher
information is meaningless for every population. It indicates
that, under this particular label, window construction, and
empirical panel, its addition did not consistently improve out-
of-sample precision–recall discrimination beyond the other
features.

Fig. 5. Permutation importance for the IT–ML fusion model on the locked
test period. Orange bars identify information-theoretic descriptors and teal
bars identify conventional descriptors. Error bars show standard deviations
over 150 permutations.

TABLE IV. SENSITIVITY OF THE IT–ML FUSION TO THE PROSPECTIVE
DECLINE DEFINITION.

Future
mean
criterio

n

Event
s

ROC
-

AUC

PR-
AU
C

F1 Sensitivit
y

Specificit
y

≤ 50%
of
baseline

29 0.667 0.20
3

0.27
0 0.828 0.424

≤ 55%
of
baseline

31 0.648 0.17
8

0.27
6 0.806 0.419

≤ 60%
of
baseline

32 0.690 0.20
6

0.30
6 0.938 0.374

Changing the future-to-baseline criterion between 0.50
and 0.60 produced 29–32 events in the test period. IT–ML
ROC-AUC ranged from 0.648 to 0.690 and sensitivity ranged
from 0.806 to 0.938 (Table IV). The exact values varied with
the label definition, but the central conclusion was robust: the
framework retained prospective discrimination under
reasonable outcome perturbations, while the information-
theoretic extension did not clearly dominate the conventional-
statistics model.

V. DISCUSSION

This study demonstrates a deliberately conservative way
to fuse information theory and machine learning for
population resilience monitoring. Rather than treating an
observed abundance decline as evidence of a critical transition,
it turns the practical warning question into a prospective and
auditable classification task. The results show moderate held-
out discrimination for both the conventional-statistics model
and the IT–ML fusion, but the fusion did not improve
aggregate performance. This result is scientifically useful
because it prevents a feature-rich model from being presented
as superior merely because it is conceptually novel.

The importance analysis suggests why the fusion did not
dominate. Lag-one autocorrelation and local trend carried the
clearest out-of-sample information for the operational target,
whereas the information descriptors added limited or unstable
marginal value. This finding is compatible with a broader
literature that characterizes information-based indicators as
context sensitive. Entropy, mutual information, and Fisher
information may be informative when the monitored system
has an appropriate spatial structure, network representation, or
distributional change, but their performance need not transfer
unchanged to a noisy, seasonal, single-variable abundance
series. [2] [7] [8] [9] [10] [11]

The comparison with machine learning also clarifies the
role of model complexity. The random-forest comparator
achieved the strongest point ROC-AUC in the locked test
period using only conventional descriptors. This does not
invalidate information theory; it highlights the need for
incremental, not rhetorical, evaluation. A useful information-
theoretic feature should increase discrimination, improve
calibration, reduce false alerts, increase lead time, or provide
an independent mechanism-level interpretation. If it does not,
retaining it for a specific operational deployment should
require a stated scientific reason. This approach is alignedwith
recent work showing both the potential and the transfer
limitations of data-driven tipping-point methods. [12] [13] [14]
[15] [16]

Several methodological limitations are material. First, the
benchmark covers six species at one desert site and cannot
establish broad ecological generality. Second, the outcome
labels are constructed from observed abundance ratios and do
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not distinguish demographic decline, dispersal, detection
change, or a true regime shift. Third, the 12-census window
and histogram-based Fisher estimate embed scale choices.
Fourth, bootstrap uncertainty is necessarily broad because the
number of independent species blocks is small. Fifth, the
treatment-stable control restriction improves internal
comparability but limits the analysis of interventions and
community interactions. The model should therefore be used
as a monitoring prototype, not as a threshold rule for
conservation action without local review. [1] [4] [20] [21] [29]
[30]

These limitations indicate several concrete next steps. A
multi-site benchmark with pre-registered transition definitions
could test whether information descriptors add value when
climate covariates, detection models, or community
composition are available. Conformal prediction could attach
distribution-free warning intervals to risk scores, while state-
space models could separate latent abundance from capture
variability. Future work could also compare finite-window
information features with representations learned directly
from raw sequences and evaluate utility through a cost-
sensitive alert audit that counts lead time, false alerts, and
missed events together. [17] [18] [24] [25] [26] [29]

VI. CONCLUSION
This paper presented a reproducible IT–ML workflow for

resilience identification and critical-transition early warning
in population dynamical systems. The workflow integrates
effort-aware state reconstruction, conventional temporal
statistics, Fisher information, permutation entropy, lag-one
mutual information, chronological validation, and post-alert
audit. Applied to 1,116 effort-standardized observations from
six Portal Project rodent populations, it produced moderate
prospective decline discrimination but no stable aggregate
advantage of information-theoretic fusion over conventional
temporal statistics alone.

The principal contribution is methodological. Resilience-
relevant descriptors should be evaluated as candidates within
a transparent prediction and uncertainty framework, not
assumed to be valid solely because they have a plausible
theoretical interpretation. The resulting design is portable to
other monitored populations: retain an explicit outcome,
preserve time order, document the observation process, report
false alerts and uncertainty, and distinguish a useful warning
score from a demonstrated ecological critical transition.
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