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Abstract

Antimicrobial resistance (AMR) is a rapidly escalating global health crisis threatening
human, animal, and environmental well-being. While its spread is often linked to antibiotic
use, its environmental and socioeconomic drivers remain poorly understood. This study
investigates observational causal-discovery signals between AMR and climatic and
socioeconomic drivers across 49 U.S. states, using annual state-level data from 2011 to
2024. Resistance data for four Escherichia coli phenotypes (carbapenem-, multidrug-,
cephalosporin-, and fluoroquinolone-resistant) have been pooled as independent annual
realizations, increasing the effective sample size given the limited (14-year) depth of
state-level surveillance. Three complementary methods (PCMCI, CCM, and TE) have
been applied in parallel, with false-discovery-rate correction and cross-method
consensus used to assess robustness. Results reveal a heterogeneous landscape of
directional associations, with maximum and minimum temperature, precipitation, and per
capita income associated with AMR in a subset of states. After Benjamini-Hochberg
correction, no state—driver association has remained significant in more than one method
(FDR p < 0.05: PCMCI, 7 pairs; CCM, 1; TE, 0). The single association identified by all
three methods at the nominal level (maximum temperature in West Virginia) therefore
represents a candidate signal for follow-up rather than a confirmed finding, reflecting the
limited statistical power of short annual series. These findings nonetheless suggest that
climatic and socioeconomic conditions merit consideration alongside antimicrobial-use
factors, supporting phenotype-specific, regionally informed AMR surveillance within a
One Health framework.
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1. Introduction

Antimicrobial resistance (AMR) refers to the capacity of microorganisms, including
bacteria, viruses, or parasites, to withstand the effects of antibiotics, hence rendering
them ineffective. The health of people, animals, and ecosystems can be severely
impacted by bacteria that become persistent and spread when antibiotics employed in
treatments prove unsuccessful and infections endure.

The World Health Organization reports that bacterial AMR was directly responsible for
1.27 million deaths and associated with a further 4.95 million deaths worldwide in 2019
(Murray et al., 2022). More recent global burden estimates place the annual toll at 1.14
million attributable deaths in 2021, projected to rise to 1.91 million annually by 2050
(Naghavi et al., 2024).

According to the 2019 Antibiotic Resistance Threats Report by the Centers for Disease
Control and Prevention (CDC), over 2.8 million AMR infections occur annually in the US,
resulting in more than 35,000 deaths (CDC, 2019). Furthermore, the CDC indicates that
AMR incurs an additional $20 billion in direct healthcare expenses in the US, excluding
around $35 billion in annual productivity losses (Dadgostar, 2019). In consideration of the
facts, during the 79th United Nations General Assembly (UNGA) HLM on AMR in 2024,
global leaders pledged to decrease human fatalities from AMR by 10% by 2030 (United
Nations General Assembly, 2024). In summary, AMR poses a significant threat to global
health, necessitating study and mitigation initiatives. Despite the current surge in AMR
research, scant investigation has been undertaken, especially in low- and middle-income
nations, regarding the dynamic interplay of AMR with climate change and socioeconomic
factors (Kirby and Herbert, 2013; Booth and Wester, 2022; Li et al., 2025; Moon et al.,
2025).

Although there are studies investigating the correlation between AMR and meteorological,
environmental, social, and political factors, research focusing on causative links is notably
scarce. Zhao et al. (2024) used bioinformatics and Al to predict antibiotic resistance gene
traits. Causal-ARG, a CNN framework with Gaussian Mixture Model (GMM), stresses
gene causality, encompassing mechanism, phenotype, and antibiotic class. Using a
dataset from 70 middle- and high-income countries, Awasthi et al. (2022) analyzed AMR
determinants using Bayesian Network and counterfactual analysis. Structural changes in
countries with poor healthcare systems may lower resistance by 50%, according to their
research. Donaghy et al. (2019) examined how cleaning and disinfectants affect AMR.
The study compared laboratory trials with food processing facility field studies using
literature synthesis and scientific review. The authors noted that while bacteria can evolve
resistance to low doses of disinfectants in a lab, there is no compelling evidence that
disinfectants used at correct quantities contribute to the global AMR crisis. Martinez et al.
(2025) studied the dynamic interaction and temporal lag effects of AMR in primary care
and hospitals. Their approach included multivariable logistic regressions, vector
autoregressive models, and Granger (Granger, 1969) causality analyses. Resistance



rates in primary care and hospitals were positively correlated, showing that as community
resistance rises, so does hospital resistance. Hospital E. coli (Escherichia coli) resistance
was predicted by community resistance changes. To visualize how AMR works, Huebner
et al. (2025) used a Causal Loop Diagram to map the reinforcing and balancing
relationships between various elements. This study used questionnaires, semi-structured
interviews, and interactive workshops to obtain data. Environmental factors like
wastewater treatment plant-derived resistance genes and bacteria fertilizing soil and
groundwater were evaluated. Since each region has unique agricultural, health, and
environmental characteristics, the authors conclude that the global AMR crisis must be
tackled regionally.

Some of the methods employed in causality studies include Granger causality; transfer
entropy (TE) (Schreiber, 2000), which is grounded in information theory (Shannon, 1948;
Baydaroglu and Kocak, 2019); convergent cross mapping (CCM) (Sugihara et al., 2012),
based on Takens’ theorem (Takens, 2006; Baydaroglu et al., 2024; Baydaroglu, 2025);
and the stochastic framework for testing conditional independence known as PCMCI
(Peter and Clark Momentary Conditional Independence), originally introduced by Runge
et al. (2019b) and subsequently applied across environmental and hydroclimatic contexts
(Delforge, 2022; Yesilkdy et al., 2026). PCMClI is a two-stage procedure based on the PC
(Peter—Clark) algorithm (Spirtes and Glymour, 1991), followed by a momentary
conditional independence (MCI) test that controls for autocorrelation and indirect effects
(Runge et al., 2015, 2019b).

Adopting a One Health approach, this study investigates causal-discovery signals
between AMR in E. coli and key climatic drivers (maximum temperature, minimum
temperature, and precipitation) and socioeconomic factors (per capita personal income,
PCPI), using annual state-level data spanning 2011-2024 across the United States.
Resistance data from four E. coli phenotypes—carbapenem-resistant, multidrug (MDR)-
resistant, cephalosporin-resistant, and fluoroquinolone-resistant strains—have been
pooled as independent realizations of the same underlying process to increase the
effective sample size available for causal discovery. Three complementary causal-
discovery and information-theoretic methods, PCMCI, CCM, and TE, have been applied
in parallel to identify directional associations, with multiple testing correction and cross-
method agreement used to assess the robustness of findings. This multidisciplinary, data-
driven approach aims to inform regionally tailored strategies for addressing this critical
threat to human, animal, and ecosystem health.

2. Background

AMR is a global concern impacting the health of both humans and animals. Although
AMR predominantly arises from the excessive and improper use of antibiotics and
antimicrobials, compelling evidence indicates that the broader dissemination of
resistance is exacerbated by additional factors, including insufficient local sanitation
(Ljungquist et al., 2025), environmental contamination, agricultural applications (Csorba



et al., 2025), and climate change, with the natural environment serving as a crucial vector
in this phenomenon (Woolhouse et al., 2015; Graham et al., 2019; Al-Khalaifah et al.,
2025).

A growing body of large-scale observational work supports this view. Li et al. (2025),
drawing on 4502 AMR surveillance records from 101 countries, linked environmental and
social variables to AMR trajectories under diverse socioeconomic pathways, finding a
widening gap between high- and low/middle-income nations. Zambrano (2023) argued
that environmental contaminants, extreme weather, and land-use change accelerate the
anthropogenic spread of resistance genes through shared wildlife—human reservoirs and
waterway "highways."

Kalanxhi and Laxminarayan (2026) proposed three specific mechanisms linking climate
to AMR: temperature-driven increases in bacterial proliferation and horizontal gene
transfer; disaster-driven increases in infection burden and antibiotic use; and rainfall-
driven dissemination of resistance genes through wastewater and runoff. At the genomic
scale, Wang et al. (2025), analyzing 208233 Salmonella genomes from 148 countries,
identified socioeconomic indicators (GDP, healthcare expenditure, and education);
climate; pollution; and global trade and travel as critical determinants of resistance trends.
Consistent with these findings, a broader literature has linked ambient and air
temperature (Zeng et al., 2023; MacFadden et al., 2018; Rodriguez-Verdugo et al., 2020;
Meinen et al., 2023; Ching et al., 2025; Yang et al., 2026; Kou et al., 2025; Kalanxhi and
Laxminarayan, 2026), precipitation and extreme weather (Ching et al., 2025; Usman
Qamar and Aatika, 2023; Csorba et al., 2025), and agricultural, water, soil, and air
pollution pathways (Gao et al., 2024; Booth and Wester, 2022; Zhou et al., 2024; Diaz-
Zaragoza et al., 2025; Chayina et al., 2025; Yazdankhah et al., 2018; Kou et al., 2025;
Ozbek, 2026; Matijasevi¢, 2026) to the emergence and proliferation of AMR. Collectively,
these studies establish correlational or mechanistic associations between climatic,
environmental, and socioeconomic factors and AMR at global and regional scales, but
few apply formal causal-discovery frameworks capable of distinguishing directional,
temporally resolved dependence from simple co-occurrence or confounding.

E. coliis a leading cause of both community- and hospital-acquired infections, particularly
urinary tract and bloodstream infections, and resistant strains are associated with more
severe outcomes, reduced effectiveness of empirical treatment, and substantial
healthcare costs (MacKinnon et al., 2020). Untreated or insufficiently treated drinking
water is a major source of resistant E. coli; resistant strains further propagate through the
food chain via antibiotic-exposed livestock, agricultural runoff, and incomplete removal by
wastewater treatment, with precipitation acting as an additional transport pathway for
urban and agricultural contaminants into water bodies (Booth and Wester, 2022).

Prior work on E. coli specifically has examined complementary but narrower angles of
this problem. Rodriguez-Verdugo et al. (2020) showed experimentally that higher growth
temperatures accelerate the emergence of antibiotic-resistance mutations.



Leekitcharoenphon et al. (2021) documented widespread and variable AMR gene
dissemination across European livestock, identifying poultry as a particularly informative
indicator group. Kou et al. (2025) applied a spatial Durbin model to a decade of Chinese
surveillance data and found that resistance clusters spatially, with ambient temperature
and PMz2s pollution both contributing to elevated resistance in neighboring provinces. At
the governance level, Collignon et al. (2015) found that corruption and weak regulatory
enforcement predict cross-national AMR patterns more strongly than antibiotic
consumption itself. Together, these studies point to temperature, spatial clustering, and
governance as important correlates of E. coli resistance, yet none apply a multi-method
causal-discovery framework capable of jointly evaluating climatic and socioeconomic
drivers across multiple resistance phenotypes at sub-national (state) resolution. This gap
motivates the present study's use of PCMCI, CCM, and TE to assess directional
associations between climatic and socioeconomic conditions and E. coli resistance
across U.S. states, using resistance data pooled across four phenotypes to compensate
for the limited temporal depth of state-level AMR surveillance.

3. Materials and Methods
3.1 Study Area

The study covers 49 U.S. states, excluding Washington, D.C. and Wyoming, both of
which lacked CDC AMR surveillance records across the study period. Resistance data
for all four phenotypes have been pooled for 46 states; for the remaining three states
(Alaska, Delaware, and North Dakota), carbapenem-resistant E. coli data availability fell
below that of other states and has been excluded from pooling for that state, yielding a
correspondingly smaller number of pooled phenotype-year observations (n = 39, 42, and
31, respectively). Among the 46 states with complete four-phenotype pooling, the number
of pooled phenotype-year observations ranged from 51 to 56; values below the theoretical
maximum of 56 (14 years x 4 phenotypes) reflect the unavailability of 2011 data for a
subset of states in the CDC AMR surveillance program's inaugural year, and, for Vermont,
an additional missing year (2013) in the cephalosporin-resistant phenotype. Full state-
level details are provided in Table S1.

3.2 Data

This study utilizes state-level data spanning from 2011 to 2024, focusing on the dynamics
of AMR in E. coli, a key coliform bacterium. The dataset, provided by the CDC, comprises
state-level annual observations of the "percent resistant" metric for four E. coli resistance
phenotypes—carbapenem-resistant, multidrug (MDR)-resistant, cephalosporin-resistant,
and fluoroquinolone-resistant strains—which have been pooled as independent annual
realizations for each state in the causal-discovery analyses. "Percent resistant" has been
extracted for the CDC's "All Infectious Event Type Data" category, in which resistance
percentages are calculated across all reported clinical specimens and infection sources
combined, rather than restricted to a specific infection site or specimen type. Consistent
with CDC reporting conventions, percent-resistant values are not published by the CDC



when the underlying number of tested isolates for a given state-year-phenotype
combination falls below a minimum reliability threshold (n < 20); such state-years are
therefore absent from the source data rather than actively excluded.

The meteorological parameters utilized in this study consist of monthly maximum and
minimum temperatures (°F; °C = (°F — 32) x 5/9) and total monthly precipitation
(inches; 1inch =25.4mm), all sourced from the NOAA National Centers for
Environmental Information (NCEI). These monthly values were aggregated to the annual
scale for each state-year as follows: Annual maximum temperature (Tmax) was defined
as the highest of the twelve monthly maximum values; annual minimum temperature
(Tmin) was defined as the lowest of the twelve monthly minimum values; and annual
precipitation was defined as the sum of the twelve monthly total precipitation values. To
account for socioeconomic factors, annual per capita personal income (PCPI) data were
obtained directly at annual resolution from the U.S. Bureau of Economic Analysis (BEA).

All datasets have been integrated to investigate the drivers of AMR within a One Health
framework. Before turning to the causal-discovery analyses, This section first present a
descriptive overview of E. coli AMR trends across the study period. Figure 1 shows the
mean annual AMR rate across all four resistance phenotypes and all included states,
illustrating a general upward trend in resistance levels over 2011-2024, punctuated by
notable declines in 2012 and 2021 and a period of relative stagnation between 2017 and
2019. Because Figure 1 pools four phenotypes with different baseline prevalence and
resistance characteristics into a single mean trend, it is intended as a descriptive overview
of aggregate temporal patterns rather than as a basis for inference; the proposed
explanations for the 2012 and 2021 inflections below are offered as hypotheses
motivating future investigation. Figure 2 (a—d) presents the corresponding annual AMR
trends separately for each of the four resistance phenotypes.
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Figure 1. Mean AMR values for all phenotypes based on event years.

In Figure 1, the results show notable declines in E. coli AMR levels in 2012 and 2021.
The decline observed in 2012 coincides with the introduction of the FDA's Guidance for
Industry #209, which established a voluntary framework to limit the subtherapeutic use of
medically important antibiotics in livestock (FDA, 2012; Alvy, 2014; Deb et al., 2023); a



plausible but untested hypothesis is that this policy shift contributed to the observed
decline. Similarly, the 2021 decrease may plausibly reflect secondary effects of the
COVID-19 pandemic, during which unprecedented changes in hygiene practices, social
distancing, and healthcare utilization have been suggested to temporarily disrupt
transmission cycles of resistant bacteria (CDC, 2022).
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(d) Phenotype: Fluoroquinolone-resistant E. coli
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Figure 2. Between the years 2011 and 2024, AMR values for (a) Phenotype:
Carbapenem-resistant E. coli (b) Phenotype: MDR E. coli (c) Phenotype: Cephalosporin-
resistant E. coli (d) Phenotype: Fluoroquinolone-resistant E. coli.

The analysis of the alterations in resistance phenotypes of E. coli to four distinct antibiotic
classes over time reveals a rise in AMR rates for each phenotype (see Figure 2 (a-d)).
Figure 2 (a-d) indicates that the AMR rates of E. coli across all phenotypes demonstrate
an increasing trend over the years. The rise is more significant for MDR-resistant and
cephalosporin-resistant E. coli, but the AMR values for carbapenem-resistant and
fluoroquinolone-resistant E. coli exhibit fluctuation. The resistance percentages of MDR-
resistant and cephalosporin-resistant E. coli exhibit a steadily increasing trend.

As highlighted by Bartsev et al. (2021) and Bonotto et al. (2022), the presence of
underlying trends and seasonality in time-series data can lead to spurious causality. To
mitigate this risk, both the AMR series and each candidate driver (temperature,
precipitation, and PCPI) have been linearly detrended prior to analysis. Given that the
dataset consists of annual observations, seasonality has not been considered a factor
influencing the time-series characteristics.

3.3 Methods

This study employs a unified causal-discovery framework to examine the relationship
between AMR in E. coli and candidate climatic and socioeconomic drivers, comprising
climatic factors (precipitation, maximum temperature, and minimum temperature) and a
socioeconomic indicator (per capita personal income, PCPI). Rather than analyzing each
of the four resistance phenotypes independently—an approach constrained by the limited
length (14 years) of state-level annual AMR records—resistance data for the four
phenotypes have been pooled as independent annual realizations of the same underlying
process for each state, increasing the effective sample size available for causal discovery.

Three complementary methods have been applied: PCMCI, TE, and CCM. Both the AMR
series and each candidate driver have been linearly detrended prior to analysis for all
three methods. Pooling across phenotypes has been implemented in a manner
appropriate to each method: for PCMCI, the four phenotypes have been supplied as



independent realizations using a multiple-realization analysis mode, allowing conditional
independence tests to draw on observations from all phenotypes while respecting within-
phenotype temporal order; for TE, lagged joint-probability estimates have been pooled
across phenotypes without mixing observations across phenotype boundaries; and for
CCM, because the climatic and socioeconomic drivers are identical across phenotypes
within a given state-year, direct pooling into a single reconstructed manifold is not
statistically valid (see Section 3.3.3), and phenotype-level results have been instead
combined using Fisher's method for combining independent p-values (Fisher, 1932), in
which the test statistic —2 Y'¥_, In(p;) follows a chi-squared distribution with 2k degrees of
freedom under the null hypothesis of no association in any of the k pooled phenotypes.

Statistical significance has been assessed at the conventional threshold of p < 0.05,
where the p-value denotes the probability of observing an association as strong as, or
stronger than, the one detected if no true directional dependence existed between the
driver and AMR (i.e., under the null hypothesis). Given the exploratory nature of causal
discovery from short annual time series, associations in the range 0.05 < p < 0.1 are
additionally reported as suggestive/marginal signals, following standard practice for
distinguishing primary from exploratory findings. Both nominal (uncorrected) and
Benjamini-Hochberg false-discovery-rate (FDR)-adjusted (Benjamini and Hochberg,
1995) p-values have been reported for each threshold, given the large number of state-
driver comparisons conducted. The multiple-testing family differs by method. For PCMCI,
Benjamini-Hochberg correction has been applied within each state, across that state’s
candidate driver—lag tests (a state-specific family); for TE and CCM, it has been applied
across all 196 state—driver tests. Because the PCMCI family is considerably smaller, its
correction is less stringent than the global correction applied to TE and CCM, which partly
explains why more associations survive for PCMCI (7 at FDR p < 0.05) than for CCM
(1) or TE (0). As an additional robustness criterion, it has been highlighted that state-
driver associations for which at least two of the three methods (PCMCI, TE, and CCM)
independently indicated a significant association, since agreement across methods with
distinct underlying assumptions provides stronger evidence than reliance on any single
test. Pearson correlation coefficients have also been computed for descriptive purposes
and have not been presented as statistical validation of causal findings.

3.3.1 Peter and Clark Momentary Conditional Independence (PCMCI)

PCMCI (Runge et al., 2019) is an algorithm developed to uncover causal linkages within
multivariate time series data. This method is extensively utilized in the analysis of complex
systems, especially in earth (Runge et al., 2019; Muszynski et al., 2026) and climate
sciences (Krich et al., 2020; Docquier et al., 2024; Yesilkdy et al., 2026), and microbiome
(Ruiz-Perez et al., 2024; Kardish et al., 2025).

The main target of PCMCI is to ascertain whether one variable affects another by
eliminating spurious correlations and time-series-specific autocorrelation effects. PCMCI
employs conditional independence testing to eliminate these spurious correlations. It



constitutes a two-stage methodology. Initially, potential parental relationships are
determined by discarding superfluous links, including historical influences that do not
directly impact the target variable, can be elucidated through other variables, or may
induce misleading causation. In the subsequent stage, it establishes a significant causal
network by the execution of conditional independence tests.

PCMCI has been implemented using the Tigramite Python package (Runge et al., 2019),
with partial correlation (ParCorr) as the conditional independence test and a significance
threshold of pc_alpha = 0.05 at the condition-selection stage. Given the annual, 14-year
length of the underlying state-level series, the maximum time lag (t,,.) has been
evaluated over the range 0-10; because higher lags leave progressively fewer usable
year-to-year transitions per phenotype, t1,,., has been capped at the largest value
yielding non-degenerate conditional independence estimates, which in practice has been
Tmax < 6 for the pooled four-phenotype realizations.

3.3.2 Transfer Entropy (TE)

Based on the concepts of information theory, TE is a unique measure for measuring the
transfer of information (Shannon, 1948). According to the original idea, entropy originates
from the stationary probability of states, whereas the transition probabilities are used to
determine the entropy rate. Based on the second idea, regardless of the historical data
from Y, the transition probabilities of X stay unchanged when there is no information flow
from Y to X (Sironen, 2020). Schreiber (2000) proposed employing Markov processes to
approximate the two time series, X = x; and Y = y;, and thereafter calculating the
deviation from the generalized Markov condition as an indicator of causation, computed
as the expected Kullback-Leibler divergence (Kullback, 1951) between the joint and
conditionally independent probability distributions of the two series (Vicente et al., 2011).

TE has been implemented using a discretized (histogram-binned), plug-in entropy
estimator, with each series divided into three bins and a lag of one year. Statistical
significance has been assessed via a permutation-based surrogate test: the driver series
has been randomly shuffled 150 times, TE has been recalculated for each shuffled
realization to construct a null distribution, and the empirical p-value has been defined as
(1 + the number of surrogate TE values equal to or exceeding the observed value) divided
by (1 + the number of surrogates), following standard practice for avoiding zero p-values
in permutation tests. Because surrogate testing uses the same (plug-in) estimator to
construct both the observed and null distributions, systematic estimator bias is expected
to largely cancel in the resulting significance assessment. As with PCMCI, the four
resistance phenotypes have been pooled to increase the effective sample size: bin edges
have been computed from the pooled distribution across all four phenotypes, after which
lagged (present, own-history, driver-history) triplets have been extracted separately within
each phenotype's 14-year series—ensuring no triplet spanned the boundary between two
phenotypes—and combined into a single joint distribution for entropy estimation.



3.3.3 Convergent Cross Mapping (CCM)

CCM (Sugihara et al., 2012) is a nonlinear, state-space-based method (Baydaroglu et al.,
2025) for detecting causal coupling between time series, grounded in Takens' embedding
theorem (Takens, 1981). Unlike PCMCI and TE, which rely on conditional-probability or
information-theoretic dependence, CCM reconstructs the shadow manifold of a time
series through time-delay embedding and tests whether the historical states of one
variable can be recovered from the reconstructed manifold of another; convergence of
cross-map skill with increasing library (time-series) length is taken as evidence of causal
coupling, distinguishing it from mere correlation (Yesilkdy et al., 2026).

CCM has been implemented using the pyEDM Python package. For each phenotype, the
optimal embedding dimension (E, tested over 1-5) and time delay (7, tested over 1-7)
have first been determined via simplex projection, selecting the combination maximizing
self-prediction skill for the AMR series. The presence of nonlinearity, a prerequisite for
meaningful CCM application, has then been assessed using the S-map method: if
prediction skill has been maximized at a nonlinearity parameter of zero, the series has
been treated as linear and excluded from CCM for that phenotype (relying instead on the
PCMCI and TE results for that state-driver pair). Where nonlinearity has been confirmed,
CCM has been applied using each phenotype's optimal (E,t), with cross-map skill
evaluated across increasing library sizes to assess convergence, and statistical
significance assessed via a permutation-based surrogate test analogous to that used for
TE (150 shuffles of the driver series).

As detailed in Section 3.3, because the climatic and socioeconomic drivers are identical
across phenotypes within a given state-year, CCM cannot be validly pooled into a single
reconstructed manifold: doing so causes the algorithm to match a given year in one
phenotype to the identical year in another phenotype (owing to zero distance between
their driver values), yielding cross-map skill estimates that are independent of which driver
is tested. To address this while still leveraging information from all four phenotypes, CCM
has instead been applied separately to each phenotype exhibiting nonlinear AMR
dynamics, and the resulting (up to four) independent p-values have been combined using
Fisher's method (Fisher, 1932), consistent with the approach described in Section 3.3.

4. Results

In brief, across all three methods and significance criteria, this study identifies one robust,
three-method-consistent association (West Virginia—maximum temperature) and a further
twelve state—driver pairs supported by at least two of the three methods at the nominal
p < 0.1 level; no result survived FDR correction under cross-method agreement. The
sections below present the single-method and consensus results underlying this
summary in full detail.

Causal-discovery analyses have been conducted using the pooled four-phenotype
framework described in Section 3.3, applying PCMCI, TE, and CCM in parallel across all



49 study states. For each state-driver pair, significance has been assessed at both
thep < 0.05 and p < 0.1 levels, using both nominal (uncorrected) and Benjamini-
Hochberg FDR-adjusted p-values, yielding four significance criteria that are reported
jointly throughout this section. Results are presented as choropleth maps for each
method, in which the dominant driver for each state—defined as the significant driver with
the largest absolute effect size (partial correlation for PCMCI, information transfer for TE,
cross-map skill for CCM)—is distinguished by color: green for PCPI, turquoise for
precipitation, yellow for minimum temperature, and orange for maximum temperature.
States where more than one driver is simultaneously significant are marked with an
asterisk (*) next to their abbreviation. Full numerical results (effect sizes and
nominal/FDR-adjusted p-values for all three methods and all four significance criteria) are
given in Table 1. In addition, consensus maps are presented, highlighting state-driver
pairs for which at least two of the three methods (or, more restrictively, all three methods)
independently indicate significance, providing a cross-method robustness check as
described in Section 3.3. Diagnostic plots underlying the CCM analysis (simplex
projection, S-map nonlinearity tests, and cross-map convergence curves) are provided in
the Appendix (Figures S1-6) rather than in the main text.

The TE score is an absolute value quantified in entropy units (bits), originating from
information theory (Shannon, 1948), and assesses the directional flow and amount of
information between two time series; a TE value of zero signifies the absence of
information transfer, while a positive value implies information flow. The CCM cross-map
skill (p) ranges from -1 to 1, with values approaching 1 indicating strong, convergent
cross-map predictability consistent with causal coupling. For PCMCI, TE, and CCM alike,
a driver-AMR association is classified as significant based solely on its p-value (nominal
or FDR-adjusted) meeting the relevant threshold (p < 0.050rp < 0.1); N0 minimum
magnitude of the underlying partial correlation, TE, or p value is required. Where more
than one driver meets this significance criterion for a given state, the magnitude of the
effect size is used only secondarily, to select which driver is displayed as the map's
dominant color; all significant drivers, regardless of magnitude, are reported in full in
Supplementary Table S2-S5.

4.1 Combined Cross-Method Overview

At the nominal (p < 0.05) threshold, PCMCI has identified 32 significant state—driver
associations (of 196 possible; 49 states x 4 drivers), TE has identified 26, and CCM has
identified 9; Pearson correlation, reported descriptively rather than as causal evidence,
has identified 23. After FDR correction, the number of significant associations has fallen
sharply for all three methods (PCMCI: 7; TE: 0; CCM: 1), reflecting the large number of
comparisons conducted relative to the limited temporal depth of the underlying state-level
series. At the more permissive p < 0.1 threshold, nominal associations have increased
(PCMCI: 41; TE: 36; CCM: 17), while FDR-adjusted associations remained sparse
(PCMCI: 12; TE: 0; CCM: 1).



Given the attenuation of single-method findings under FDR correction, cross-method
agreement has been used as a complementary robustness criterion. At the stricter
nominal p < 0.05 threshold, five state—driver pairs have met the two-of-three-methods
consensus criterion: minimum temperature in Kansas (PCMCI+TE), Nebraska
(PCMCI+TE), and Hawaii (PCMCI+TE); income in New York (PCMCI+CCM); and
maximum temperature in West Virginia (TE+CCM) (Figure 3; Table 3); this set is a subset
of the broader consensus obtained at p < 0.1, described below. At p < 0.1, thirteen
state—driver pairs have been flagged as significant by at least two of the three methods
(Tables 2 and 4, Figure 4): minimum temperature in six states (Hawaii, lowa, Kansas,
Montana, Nebraska, and New Mexico), income in five states (Georgia, Kansas, New
York, Ohio, and Oklahoma), precipitation in Kansas, and maximum temperature in West
Virginia (uniquely supported by all three methods). Kansas is the only state at which three
distinct drivers—income, precipitation, and minimum temperature—each independently
met the two-of-three-method consensus criterion and is marked with an asterisk in Figure
4 accordingly. A single state—driver pair—West Virginia and maximum temperature—has
been independently identified as significant by all three methods (PCMCI, TE, and CCM)
atp < 0.1, representing the most robust finding of this study (Figure 5; Table 5). Notably,
none of the FDR-adjusted results showed cross-method agreement, underscoring that
even this consensus-based finding should be interpreted as a robust nominal signal rather
than one surviving the most conservative correction. Because TE relies on permutation-
based surrogate testing, associations near the significance boundary (e.g., several
minimum- and maximum-temperature associations in this section) showed minor
sensitivity to the stochastic surrogate draw across independent runs; the West Virginia—
maximum temperature consensus finding remained stable across runs.

The three methods probe different lag structures (PCMCI: lags 0 to t,,,,, here lag 4 for
West Virginia; TE: a fixed 1-year lag; CCM: embedding-based), so the three-method
consensus does not imply agreement on a common lag.

Table 1. Summary of significant state—driver associations by method and significance
criterion. Values indicate the number of significant state—driver pairs (out of 196 possible:
49 states x 4 drivers) for each method.

Significance Criterion PCMCI TE CCM Corr (descriptive)
Nominal, p < 0.05 32 26 9 23
FDR-adjusted, p < 0.05 7 0 1 1
Nominal, p < 0.1 41 36 17 43
FDR-adjusted, p < 0.1 12 0 1 2

Table 2. Cross-method consensus: state—driver associations independently identified as
significant (nominal p < 0.1) by two or more of the three causal-discovery methods. The
single pair identified by all three methods (West Virginia — Max. Temperature) is shown
in bold with yellow shading.



State Driver Agreeing Methods Agreement Level
Georgia PCPI TE + CCM Two of three methods
Kansas PCPI PCMCI + TE Two of three methods
New York PCPI PCMCI + CCM Two of three methods
Ohio PCPI TE + CCM Two of three methods
Oklahoma PCPI PCMCI + TE Two of three methods
Kansas Precipitation PCMCI + TE Two of three methods
Nebraska Min. Temperature PCMCI + TE Two of three methods
West Virginia Max. Temperature PCMCI + TE + CCM All three methods
Hawaii Min. Temperature PCMCI + TE Two of three methods
lowa Min. Temperature PCMCI + CCM Two of three methods
Kansas Min. Temperature PCMCI + TE Two of three methods
Montana Min. Temperature PCMCI + TE Two of three methods
New Mexico Min. Temperature PCMCI + TE Two of three methods
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Figure 3. States with at least two of three methods (PCMCI, TE, CCM) indicating a
significant driver—AMR association at nominal p < 0.05. Color denotes the agreed-upon
dominant driver.

Table 3. Driver-level PCMCI, TE, and CCM values for the five state—driver pairs meeting
the two-of-three-method consensus criterion at nominal p < 0.05 (Figure 3). Only PCMCI



values carry directional meaning (positive = positive partial correlation, negative =
negative/inverse partial correlation). TE values are non-negative by construction (Section
3.3.2) and indicate the magnitude of information transfer only, not its direction; CCM
values (p) indicate cross-map prediction skill and should not be interpreted as a signed
directional coefficient in the same sense as PCMClI's partial correlation.

Drivers PCPI Precipitation Max. Temperature Min. Temperature
Sg:gmds PCMCI | TE CCM | PCMCI | TE CCM | PCMCI | TE CCM | PCMCI | TE CCM
Hawaii X X X 0.57 X X X X X 0.58 0.32 X
Kansas 0.53 X X 0.61 X X X 0.38 X 0.46 0.41 X
Nebraska X X X X 0.21 X -0.59 X X -0.65 0.18 X
New York 0.59 X 0.37 X 0.25 X X X X X X X
West. x 038 x x |034| «x x |038]| 051 x |038] «x
Virginia
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Figure 4. States with at least two of three methods (PCMCI, TE, CCM) indicating a
significant driver—-AMR association at nominal p < 0.1. Color denotes the agreed-upon

dominant driver; an asterisk indicates more than one driver met this criterion in that state.

Table 4. Driver-level PCMCI, TE, and CCM values for the thirteen state—driver pairs
meeting the two-of-three-method consensus criterion at nominal p < 0.1 (Figure 4). Only
PCMCI values carry directional meaning (positive = positive partial correlation, negative
= negative/inverse partial correlation). TE values are non-negative by construction
(Section 3.3.2) and indicate the magnitude of information transfer only, not its direction;
CCM values (p) indicate cross-map prediction skill and should not be interpreted as a
signed directional coefficient in the same sense as PCMCI's partial correlation.




Drivers PCPI Precipitation Max. Temperature Min. Temperature

Methods | PCMCI | TE CCM | PCMCI | TE CCM PCM TE CCM | PCMCI | TE CCM
States Cl
Georgia X 0.19 | -0.06 X X X X X X X X X
Hawaii X X X 0.57 X X X X X 0.58 0.32 X
lowa -0.71 X X 0.63 X X X X X -0.68 X 0.10
Kansas 0.53 0.29 X 0.61 0.29 X X 0.38 X 0.46 0.41 X
Montana 0.54 X X X X X X X X -0.55 0.29 X
Nebraska X X X X 0.21 X -0.59 X X -0.65 0.18 X
New X X X X X X X X X 0.59 0.19 X
Mexico
New York 0.59 X 0.37 X 0.25 X X X X X X X
Ohio X 0.37 | -0.01 X X X 0.627 X X X X X
Oklahoma 0.41 0.31 X X X X X X X -0.39 X X
West. x |038] «x x |034]| x | 040 |038]| 051 x |038]| x
Virginia
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Figure 5. The single state—driver pair (West Virginia — maximum temperature)
independently identified as significant by all three methods (PCMCI, TE, and CCM) at
nominal p < 0.1, representing the most robust finding of this study.

Table 5. Driver-level PCMCI, TE, and CCM values for West Virginia, the sole state—driver

pair meeting the three-of-three-method consensus criterion (Figure 5).

Drivers PCPI Precipitation Max. Temperature Min. Temperature

Stg"t‘:tsh“s pcMcl | TE | com | pemel | TE | com | pemel | TE | com | pemet | TE | com
West X x | x X X X 040 |038| 051 X X X
Virginia

Full results for all 49 states (including those not meeting the two-of-three-method
consensus criterion) are provided in Tables S2—-S5.




4.2 PCMCI Results

Although PCMCI has been configured to evaluate lags up to t = 10 years, the maximum
lag actually tested per state has been adaptively capped at the largest value yielding non-
degenerate conditional-independence estimates; in practice this is t = 4 for 14 states,
t = 5 for 33 states, and t = 6 for 2 states, with 7,,;,, = 0 (contemporaneous) has
included in all cases.

Driver-level results for PCMCI are summarized in Table 1 (Section 4.1) and mapped in
Figures 6-9 (nominal p < 0.05, FDR p < 0.05, nominal p < 0.1, and FDR p < 0.1,
respectively). At the nominal p < 0.05 threshold, significant associations have been
broadly distributed across drivers, with maximum and minimum temperature each
accounting for 7 of the 32 significant state—driver pairs, PCPI for 5, and precipitation for
2 (21 states in total; Figure 6, Table 6).
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Figure 6. PCMCI dominant drivers by state at the nominal p < 0.05. Color denotes the
driver with the largest absolute partial correlation for each significant state; an asterisk
indicates more than one driver is significant in that state.

Table 6. PCMCI partial-correlation values by state and driver at the nominal p < 0.05
threshold (Figure 6).

Drivers el . Max. Min.
States PCPI Precipitation Temperature Temperature
Alabama 0.53
Colorado 0.65 -0.46
Connecticut 0.52
Florida -0.55
Hawaii 0.57 0.58




Illinois 0.88

Indiana -0.67
lowa -0.71 0.63 -0.68
Kansas 0.53 0.61 0.46
Louisiana 0.65

Maine 0.63
Maryland -0.67
Nebraska -0.59 -0.65
New

Hampshire -0.51 0.51
New Mexico 0.59
New York 0.59

Ohio 0.63

South Dakota -0.80 -0.65 0.73
Tennessee -0.52

Utah -0.72
Vermont 0.72 0.96

Under FDR correction, this reduced to 7 pairs across 5 states: maximum temperature in
Colorado, lllinois, and Vermont; minimum temperature in Nebraska; and, uniquely, three
concurrently significant drivers (precipitation, minimum temperature, and maximum
temperature) in South Dakota (Figure 7; Table 7). At the more permissive nominal p <
0.1 threshold, the pattern is similar but broader (41 pairs, 26 states; Figure 8, Table 8),
while FDR correction at this threshold has retained 12 pairs across 7 states (Figure 9;

Table 9).

I
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Figure 7. PCMCI dominant drivers by state, restricted to associations surviving FDR

correction atp < 0.05.
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Table 7. PCMCI partial-correlation values by state and driver surviving FDR correction at
p < 0.05 (Figure 7).

States privers PCPI Precipitation Tem“::::ture Temm;?éture
Colorado 0.65
lllinois 0.86
Nebraska -0.65
South Dakota -0.80 -0.65 0.73
Vermont 0.96
Driver
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Figure 8. PCMCI dominant drivers by state at the nominal p < 0.1 threshold.

Table 8. PCMCI partial-correlation values by state and driver at the nominal p < 0.1
threshold (Figure 8).

States privers PCPI Precipitation Temn:::(a;ture Tem:)ne"r;tu re
Alabama 0.53

Colorado 0.65 -0.46
Connecticut 0.52

Florida -0.55

Hawaii 0.57 0.58
lllinois 0.88

Indiana -0.67
lowa -0.71 0.63 -0.68
Kansas 0.53 0.61 0.46




Kentucky -0.48

Louisiana 0.65

Maine 0.63

Maryland -0.67

Mississippi 0.48

Montana 0.54 -0.55

Nebraska -0.59 -0.65

New Hampshire -0.51 -0.46 0.51

New Mexico 0.59

New York 0.59

Ohio 0.63

Oklahoma 0.41 -0.39

South Dakota -0.80 -0.65 0.73

Tennessee -0.52 -0.39

Utah -0.72

Vermont 0.72 0.96

West Virginia 0.40
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Figure 9. PCMCI dominant drivers by state, restricted to associations surviving FDR

correctionatp < 0.1.

Table 9. PCMCI partial-correlation values by state and driver surviving FDR correction at

p < 0.1 (Figure 9).

Drivers
States

PCPI

Precipitation

Max.
Temperature

Min.
Temperature




Colorado 0.65

lllinois 0.88

lowa -0.71 0.63 -0.68
Kansas 0.61

Nebraska -0.59 -0.65
South Dakota -0.80 -0.65 0.73
Vermont 0.96

The twelve state—driver pairs surviving FDR correction at p < 0.1 are listed in Table 10.
Ten of these twelve associations have occurred at a time lag of 0-2 years, with only one
(lowa—PCPI) at a longer lag (5 years), suggesting that where PCMCI detects a robust
signal, the climatic or economic driver tends to precede the observed change in AMR by
a relatively short interval. Across all associations significant at the nominal p < 0.05
threshold, the majority (26 of 32) has occurred at a non-zero lag (i.e., the driver has
preceded AMR by one or more years) rather than contemporaneously, consistent with a
delayed rather than instantaneous relationship between climatic/economic conditions and
resistance levels. Effect directions have been mixed: of the 32 nominally significant
associations, 19 have been positive and 13 have been negative, indicating that the sign
of the driver—AMR relationship is state- and driver-specific rather than uniform across the
study area.

The four significance criteria in Table 1 (nominal/FDR-adjusted, p < 0.05/0.1) represent
thresholds used to count associations meeting each level of evidence; Table 10 indicates
the underlying, continuously varying nominal and FDR-adjusted p-values for the twelve
associations meeting the most permissive of these criteria (FDR-adjusted p < 0.1).

Table 10. State—driver associations surviving FDR correction at nominal p < 0.1. Lag
denotes the number of years by which the driver precedes AMR. Positive PCMCI values
indicate a positive partial correlation; negative values indicate a negative (inverse)
association. Identical FDR-adjusted p-values across multiple rows for the same state
(e.g., lowa) arise from the monotonicity constraint of the Benjamini-Hochberg procedure,
under which adjusted p-values cannot decrease as raw p-value rank increases within the
state-specific test family.

State Driver Lag (years) | PCMCI Value Nominal p | FDR-adjusted p

lllinois Max. 2 0.88 <0.001 0.002
Temperature

South Dakota Precipitation 1 -0.80 <0.001 0.002

Min.

South Dakota 2 0.73 0.001 0.007
Temperature

South Dakota Max. 1 -0.65 0.003 0.017
Temperature




Vermont Max. 1 0.96 0.001 0.003
Temperature
Max.
Colorado 0 0.65 0.001 0.020
Temperature
Min.
Nebraska 1 -0.65 0.002 0.030
Temperature
Nebraska Max. 1 -0.59 0.006 0.059
Temperature
Kansas Precipitation 1 0.61 0.004 0.072
lowa Min. 0 -0.68 0.01 0.080
Temperature
lowa PCPI 5 -0.71 0.005 0.080
lowa Precipitation 2 0.63 0.022 0.080

For West Virginia—the state identified as significant across all three methods for
maximum temperature (Section 4.1)—the PCMCI association itself has been positive at
a lag of 4 years (nominal p = 0.077), meeting the p < 0.1 but not the p < 0.05 threshold,
and not surviving FDR correction (adjusted p = 0.945) when considered in isolation; its
significance in this study rests on the convergence of independent evidence from TE and
CCM rather than on the strength of the PCMCI result alone.

4.3 Transfer Entropy Results

TE results are summarized in Table 1 and mapped in Figures 10-11 (detailed in Tables
11-12) (nominal p < 0.05 and p < 0.1, respectively); no FDR-adjusted maps are
shown, as no state—driver pair survived FDR correction at either threshold (the lowest
FDR-adjusted p-value obtained across all 196 tests was 0.162). At the nominal p < 0.05
threshold, 26 significant state—driver pairs have been identified across 20 states, most
frequently involving precipitation (10 pairs), minimum temperature (7), PCPI (5), and
maximum temperature (4). At the more permissive nominal p < 0.1 threshold, this has
increased to 36 pairs across 25 states, with a similar ordering (precipitation: 15; minimum
temperature: 9; PCPI: 8; maximum temperature: 4). In contrast to PCMCI, which has
frequently identified maximum and minimum temperatures as the primary drivers, TE has
most often identified precipitation as a significant factor, suggesting that the two methods
are sensitive to different aspects of the driver—AMR relationship.
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Figure 10. TE dominant drivers by state at the nominal p < 0.05 threshold. Color denotes
the driver with the largest TE value meeting this threshold in each state; an asterisk
indicates more than one driver met this criterion in that state.

Table 11. TE values by state and driver at the nominal p < 0.05 threshold (Figure 10).

States privers PCPI Precipitation Tem“::;(a;ture Temr;?éture
Alabama 0.41

Alaska 0.42

Connecticut 0.30
Florida 0.27

Hawaii 0.32
Kansas 0.38 0.41
Louisiana 0.24

Massachusetts 0.34

Michigan 0.27
Minnesota 0.32 0.30

Montana 0.29
Nebraska 0.21 0.18
New York 0.25

North Carolina 0.20

Ohio 0.37

Oklahoma 0.31

Utah 0.24

Washington 0.32

West Virginia 0.38 0.34 0.38 0.38
Wisconsin 0.29
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Figure 11. TE dominant drivers by state at the nominal p < 0.1 threshold.

Table 12. TE values by state and driver at the nominal p < 0.1 threshold (Figure 11).

Drivers PCPI | Precipitation Max. Min.
States Temperature | Temperature
Alabama 0.41

Alaska 0.42

Arkansas 0.30

Connecticut 0.30
Delaware 0.25

Florida 0.27

Georgia 0.19

Hawaii 0.32
Idaho 0.26
Kansas 0.29 0.29 0.38 0.41
Louisiana 0.33 0.24

Massachusetts 0.34

Michigan 0.27
Minnesota 0.32 0.30

Montana 0.29
Nebraska 0.21 0.18
New Mexico 0.19
New York 0.25

North Carolina 0.20




Ohio 0.37

Oklahoma 0.31

Utah 0.22 0.24

Washington 0.32 0.31

West Virginia 0.38 0.34 0.38 0.38
Wisconsin 0.29

Because TE significance has been assessed via a permutation-based surrogate test with
150 shuffles, the smallest attainable p-value is bounded at 1/151 = 0.0066; eight state—
driver pairs reached this floor, including West Virginia—maximum temperature (TE =
0.379, p = 0.0066), consistent with, and reinforcing, its identification as the sole pair
significant across all three methods. West Virginia's PCPI and minimum-temperature
associations have also reached this floor, suggesting that AMR dynamics in this state are
informationally coupled with multiple climatic and socioeconomic drivers rather than
maximum temperature alone; this pattern is explored further in the Discussion.

As with PCMCI, the complete absence of FDR-surviving associations for TE—more
pronounced than for PCMCI or CCM (Table 1)—reflects the large number of comparisons
(196 per threshold) relative to the statistical power attainable from 14-year annual state-
level series, even after pooling across four phenotypes. This reinforces the interpretation,
developed in Section 4.1, that nominal-level TE associations should be treated as
candidate signals for further investigation rather than confirmed findings.

4.4 Convergent Cross Mapping Results

As described in Section 3.3.3, AMR nonlinearity has been assessed once per state—
phenotype combination via the S-map test (196 tests: 49 states x 4 phenotypes),
independent of the driver under consideration, since this property depends only on the
AMR series itself. For a given state, the same set of phenotypes confirmed as nonlinear
has been subsequently used in CCM testing against all four drivers. Across the 49 states,
all four phenotypes have been classified as nonlinear (and thus CCM-eligible—i.e.,
meeting both the minimum data-availability criterion described in Section 3.1 and the
confirmed-nonlinearity criterion applied here) in 25 states, three phenotypes in 19 states,
and two phenotypes in the remaining 5 states; no state has fewer than two CCM-eligible
phenotypes, indicating that nonlinear AMR dynamics are common rather than exceptional
across the dataset. For each state—driver pair, CCM has been then applied separately to
each CCM-eligible phenotype, with the resulting phenotype-level p-values combined via
Fisher's method.

Because the underlying annual series span 14 years, CCM library sizes are
correspondingly small (maximum library size = 14); convergence has been assessed by
examining the trend across the full range of tested library sizes (4—14) rather than at a
single value, following standard CCM practice, though the narrow range of library sizes
tested—an inherent constraint of the 14-year annual series—limits the resolving power of



this convergence assessment relative to typical CCM applications using substantially
longer libraries.

CCM results are summarized in Table 1 and mapped in Figures 12—-15 (nominal p <
0.05, FDR p < 0.05, nominal p < 0.1, and FDR p < 0.1, respectively). At the nominal
p < 0.05 threshold, 9 significant state—driver pairs have been identified across 8 states,
most frequently involving PCPI (6 pairs), maximum temperature (2), and minimum
temperature (1) (Figure 12; Table 13). At the nominal p < 0.1 threshold, this increased
to 17 pairs across 13 states, with PCPI remaining dominant (10 pairs), followed by
maximum temperature (4), minimum temperature (2), and precipitation (1) (Figure 14;
Table 15). Unlike PCMCI and TE, for which temperature-related drivers have most
frequently been implicated, CCM most often identified PCPI, a third point of divergence
across the three methods.

‘ AJ"
Driver
B Income
Tmax

Figure 12. CCM dominant drivers by state at the nominal p < 0.05 threshold. Color
denotes the driver with the largest mean cross-map skill meeting this threshold in each
state; an asterisk indicates more than one driver met this criterion in that state.
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Table 13. CCM cross-map skill (mean p) values by state and driver at the nominal p <
0.05 threshold (Figure 12).

States privers PCPI Precipitation Tem“:::';ture Tem“pn;?a.lture
Alaska 0.10

Arkansas 0.05

Mississippi 0.01

New York 0.37




Oregon 0.37 0.16
Rhode Island 0.26
West Virginia 0.51
Wisconsin 0.21
Driver
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Figure 13. CCM dominant drivers by state, restricted to associations surviving FDR
correction atp < 0.05.

Table 14. CCM cross-map skill (mean p) values by state and driver surviving FDR
correction atp < 0.05 (Figure 13).

Drivers T Max. Min.
States PCPI Precipitation Temperature Temperature
West Virginia 0.51

Only a single state—driver pair—West Virginia and maximum temperature—survived FDR
correction, at boththe p < 0.05and p < 0.1 thresholds alike (Figures 13 and 15; Tables
14 and 16), indicating that this result is not sensitive to the choice between the two
threshold levels. This association is also the strongest observed in the CCM analysis
(mean cross-map skill p = 0.509; Fisher-combined p < 0.001; FDR-adjusted p =
0.038) and is supported individually by all four resistance phenotypes (MDR: p = 0.635,
p = 0.007; carbapenem-resistant: p = 0.446, p = 0.013; cephalosporin-resistant: p =
0.383, p = 0.079; fluoroquinolone-resistant: p = 0.574, p = 0.040), each showing a
positive cross-map skill. This consistency across all four separetely tested phenotypes,
combined with the fact that this is the only CCM association to survive FDR correction on
its own—independent of the cross-method consensus criterion used in Section 4.1—



provides the strongest single piece of evidence in this study for a directional association
between maximum temperature and E. coli AMR, specific to West Virginia.
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Figure 14. CCM dominant drivers by state at the nominal p < 0.1 threshold.

Table 15. CCM cross-map skill (mean p) values by state and driver at the nominal p <
0.1 threshold (Figure 14).

States privers PCPI Precipitation Tem“::ra;ture Teml;\)nelréture
Alaska 0.10

Arkansas 0.05

Georgia -0.06

lowa 0.10
Mississippi 0.01 0.17

Nevada 0.22

New Jersey 0.11 -0.03

New York 0.37

Ohio -0.01

Oregon 0.37 0.16
Rhode Island 0.26 0.15

West Virginia 0.51

Wisconsin 0.21
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Figure 15. CCM dominant drivers by state, restricted to associations surviving FDR
correctionatp < 0.1.
Table 16. CCM cross-map skill (mean p) values by state and driver surviving FDR
correction atp < 0.1 (Figure 15).

Drivers TR Max. Min.
States PCPI | Precipitation Temperature | Temperature
West Virginia 0.51
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Figure 16. Cross-map skill as a function of library size for the West Virginia—maximum
temperature association, shown separately for each of the four resistance phenotypes.
All four phenotypes exhibit an increasing and converging cross-map skill as library size
increases, which is the classic signature of CCM convergence within the tested library-
size range, aligning with the Fisher-combined significance reported above.

Diagnostic plots underlying these CCM results (simplex projection and S-map nonlinearity
tests for each phenotype) are provided in the Appendix (Figures S1-S6); the cross-map
convergence summary for the West Virginia—maximum temperature association is shown
above (Figure 16), with representative non-significant and non-convergent examples
provided for comparison in the Appendix.

5. Discussions
5.1 Findings in the context of existing literature

The associations identified in this study are broadly consistent with, while adding spatial
and temporal specificity to, the existing literature linking climatic and socioeconomic
conditions to AMR. The positive association between maximum temperature and AMR
has been observed in West Virginia—the only association supported independently by all
three causal-discovery methods and the only CCM association surviving FDR
correction—aligns directionally with experimental evidence that elevated growth
temperatures accelerate the emergence of antibiotic-resistance mutations in E. coli



(Rodriguez-Verdugo et al., 2020) and with observational work linking ambient
temperature to elevated resistance at regional scale (Kou et al., 2025; Kalanxhi and
Laxminarayan, 2026). More broadly, minimum temperature and PCPI have been the
drivers most frequently implicated in the thirteen state—driver pairs meeting the two-of-
three-method consensus criterion at p < 0.1 (Section 4.1), a pattern consistent with
reports that both temperature extremes and socioeconomic conditions—rather than mean
climatic exposure alone—shape AMR dynamics (Ljungqvist et al., 2025; Wang et al.,
2025). The relatively frequent implication of precipitation by TE specifically (Section 4.3)
is also consistent with proposed pathways through which rainfall disseminates resistance
genes via wastewater and agricultural runoff (Kalanxhi and Laxminarayan, 2026; Booth
and Wester, 2022). At the same time, the present findings differ from this literature in an
important respect: whereas prior studies have generally reported associations as
established correlates or, in some cases, as causal mechanisms, the present results—
after correction for multiple testing—identify only a small number of associations meeting
a comparable standard of statistical robustness, underscoring that state-level annual
surveillance data of the kind available for this study offer considerably less statistical
power than the multi-country or high-resolution genomic datasets used in much of the
cited work.

For ease of reference, Table 2 is summarized graphically in Figure 4, which shows all
thirteen state—driver pairs meeting the two-of-three-method consensus criterion on a
single map; readers seeking single-method detail (e.g., which additional driver is
significant for a starred state) should consult Table 2 for the 22-method associations and
the full state-by-driver results (Table S2-S5) for single-method findings shown in Figures
6-15.

5.2 Why the three methods diverge in their most frequently implicated drivers

A notable pattern across Sections 4.2—4.4 is that the three causal-discovery methods,
while converging on a single association (West Virginia—maximum temperature),
diverged in which driver they most frequently implicated overall: temperature extremes
for PCMCI, precipitation for TE, and PCPI for CCM. This divergence has not been tested
directly, and offer the following as a plausible, untested hypothesis for future investigation
rather than a confirmed explanation. PCMCI, TE, and CCM differ fundamentally in the
statistical structure they are designed to detect—linear partial correlation conditional on
a fixed lag structure; information-theoretic transfer, which is sensitive to any statistical
dependence regardless of functional form; and nonlinear state-space reconstruction,
which specifically requires and exploits deterministic nonlinear dynamics. If the true
relationship between a given driver and AMR differs in functional form across drivers (for
example, if temperature effects are more linear and lagged, while precipitation effects are
more information-rich but less deterministic, and income effects are more strongly
nonlinear), each method would be expected to preferentially detect the driver whose
relationship with AMR best matches its own statistical assumptions. Under this



hypothesis, the three methods are not competing estimates of a single "true" dominant
driver but complementary probes of different aspects of a genuinely multivariate and
possibly multi-mechanism system—reinforcing the value of the multi-method, consensus-
based approach adopted here, rather than reliance on any single method.

5.3 Possible mechanisms underlying the West Virginia finding

The consistency of the West Virginia—maximum temperature association across all three
methods and all four resistance phenotypes (Section 4.4) makes it the most robust single
result of this study, but the present analysis has not been designed to, and does not,
identify the mechanism underlying it. The following untested hypotheses are offered that
could motivate future, state-specific investigation, rather than as explanations supported
by this study's data. West Virginia is characterized by a predominantly rural and
geographically dispersed population, with substantial disparities in access to healthcare
services, particularly across underserved rural communities. Geographic isolation, limited
healthcare infrastructure, and vulnerability to healthcare-facility closures further
contribute to unequal access to care across the state (Hong et al., 2023). These structural
and geographic disparities may influence healthcare utilization, diagnostic practices, and
antibiotic prescribing patterns, potentially contributing to spatial variation in antimicrobial
resistance. If diagnostic or prescribing practices in the state vary systematically with
seasonal temperature—for instance, through temperature-linked changes in infection
incidence or healthcare-seeking behavior—this could plausibly generate the observed
lagged association independently of, or in addition to, a direct thermal effect on bacterial
physiology of the kind demonstrated experimentally by Rodriguez-Verdugo et al. (2020).
Agricultural and livestock practices, which are not directly measured in this study, offer a
further plausible pathway (Usman Qamar and Aatika, 2023). It is emphasized that none
of these mechanisms have been tested here; the present study establishes a directional,
cross-method-consistent statistical association, not a validated causal pathway, and this
is flagged explicitly to avoid overstating what the data support.

5.4 Limitations

Several limitations qualify the interpretation of these findings. First, and most
fundamentally, this study's scope has been restricted to climatic (temperature,
precipitation) and one socioeconomic (PCPI) driver; it has not included antimicrobial
consumption, healthcare access, hospital capacity, diagnostic intensity, infection
prevention and control practices, population density, urbanization, or agricultural and
livestock antimicrobial use, each of which has been linked to AMR elsewhere in the
literature reviewed in Section 2. This is a deliberate scope restriction rather than an
oversight, but it means that any of the associations reported here could, in principle,
reflect the influence of an unmeasured confounder correlated with both the driver and
AMR. PCPI may act as a proxy for healthcare or testing infrastructure rather than, or in
addition to, a direct socioeconomic driver of resistance, and this distinction cannot be
resolved with the present data. In particular, outpatient antibiotic prescribing varies



substantially across U.S. states, and because antimicrobial use is the principal driver of
resistance, this heterogeneity is a major potential confounder that has not been modeled
here. Second, the AMR outcome itself is based on the CDC's aggregated "percent
resistant" metric (Section 3.2), which, despite the state-level minimum data-availability
criteria applied here (Section 3.1), remains subject to variation in testing intensity,
laboratory coverage, and reporting practices across states and over time that could not
be fully disentangled from genuine epidemiological signal. Third, and most
consequentially for statistical power, the underlying AMR series span only fourteen
annual observations per phenotype; even after pooling across four phenotypes to partially
offset this constraint (Section 3.3), the large majority of nominally significant associations
did not survive correction for multiple testing (Section 4.1); moreover, the phenotype-
pooling strategy rests on the assumption that the four phenotypes can be treated as
independent realizations of a common underlying process, an assumption that could not
be directly tested and is unlikely to hold strictly. The four phenotypes share the same
state-year climatic and socioeconomic series and the same surveillance system, and they
overlap biologically. The phenotype-level series are therefore positively dependent, so
the effective sample size is smaller than the pooled count suggests, and the PCMCI and
TE p-values, as well as the Fisher-combined CCM p-values (which assume
independence), are likely anti-conservative. The agreement of the four phenotypes in
West Virginia (Section 4.4) should accordingly not be read as four independent
confirmations. Phenotype-specific or leave-one-phenotype-out analyses are a priority for
future work. Fourth, CCM library sizes have been correspondingly small given the
fourteen-year annual series (maximum library size = 14; Section 4.4); despite this
constraint, CCM nonetheless detected a clear, monotonically converging cross-map skill
for the West Virginia—maximum temperature association across all four phenotypes
(Figure 16), indicating that the method remained informative even with a limited library
size. Finally, as with any causal-discovery method applied to observational data, PCMClI,
TE, and CCM identify directional, temporally resolved statistical dependence consistent
with a causal interpretation under stated assumptions (causal sufficiency, faithfulness,
and stationarity); they do not, by themselves, establish intervention-level causal effects,
and the associations reported here should accordingly be interpreted as candidate signals
warranting further, mechanistically grounded investigation rather than as confirmed
causal relationships.

5.5 Implications

Notwithstanding these limitations, the findings offer modest but concrete support for
incorporating climatic and socioeconomic monitoring alongside conventional
antimicrobial-use surveillance in AMR mitigation planning, consistent with the One Health
perspective advocated throughout the literature reviewed in Section 2 (Klimper et al.,
2022; Nguyen-Thanh et al., 2024; Huebner et al., 2025). Rather than supporting broad,
nationally uniform policy recommendations, the state- and driver-specific nature of the
associations identified here—most notably the temperature association in West Virginia



and the minimum-temperature and income associations distributed across a further
eleven states (Table 2)—points toward regionally tailored surveillance and intervention
strategies, prioritized toward the small set of state—driver associations supported by
convergent evidence from multiple independent methods, as a more defensible use of
the present results than any claim of a universal climatic or socioeconomic driver of AMR.

6. Conclusion

AMR is poised to become one of the most significant challenges of our future, impacting
not only public health but also the global economy. The existing literature makes it clear
that the drivers of AMR are incredibly diverse, demanding a truly comprehensive
approach. Understanding, predicting, and modeling AMR is a challenging task. Its drivers
are numerous and diverse, exhibiting nonlinear and, in some cases, chaotic behavior
across different temporal and spatial scales. Therefore, effectively grasping the dynamics
of AMR—and identifying directional, temporally resolved associations with its candidate
drivers—requires a holistic perspective. Planning the necessary interventions and
protective measures is only possible by integrating a wide array of factors. This includes
various climate variables and scenarios, climate—environment interactions, agricultural
and livestock activities, and the full spectrum of relevant demographic, social, and
economic perspectives.

Several eye-opening studies on AMR have illuminated the path forward, highlighting what
needs to be done. In their 2023 work, Usman Qamar and Aatika argue that a solution is
impossible if we focus solely on human health. They offer compelling examples: rising
temperatures cause stress in animals, lowering their resistance to disease. This, in turn,
leads to increased antibiotic use and a subsequent rise in drug-resistant bacteria
originating from livestock. Furthermore, they point out that soil and water act as vast
reservoirs for resistance genes. Climate change, they warn, is effectively opening up
pathways for this reservoir to "leak" into human and animal populations, threatening the
health of both.

In their 2022 report, Klimper et al. emphasize the critical importance of environmental
surveillance. They argue that current monitoring systems are predominantly focused on
clinical (human) and livestock settings, largely overlooking the environment. Given the
crucial role that water, soil, and waste play in the spread of resistant bacteria, they
advocate for establishing an international, standardized monitoring network. Echoing this
sentiment, Gao et al. (2024) similarly contend that managing AMR risk in rivers requires
moving beyond local measures. They call for the creation of integrated monitoring
systems that incorporate global microbiome data. Their work powerfully suggests that
rivers should be evaluated not just for their water quality, but for the "resistance load" they
carry.

Nguyen-Thanh et al. (2024) argue that simply restricting antibiotics is not enough. They
urge policymakers to treat AMR as a multi-sectoral crisis, stressing that the fight against
it must also include tackling poverty, protecting the environment, and ensuring good



governance. Similarly, Huebner et al. (2025) emphasize that while AMR is a global
problem, solutions must be tailored to regional dynamics, such as local agriculture and
healthcare systems. Their work shows AMR moving in a nonlinear cycle—for instance,
from livestock back to humans through the environment. They conclude that the
disconnect between medicine, veterinary science, and environmental science hinders
progress, and call for these sectors to work from a shared system map.

In their comprehensive review, Ljungqvist et al. (2025) note that low income and income
imbalance affect AMR. They underline that unregulated antibiotic access increases abuse
in low-GDP areas. Insufficient public awareness of antibiotic efficacy leads to
inappropriate use, underscoring that patient and provider education considerably alter
prescribing behaviors. The report proposes a "One Health" plan that unites human,
animal, and environmental health, supported by strong social policies and international
collaboration, to combat AMR.

In light of all this information, the drivers of AMR—which are the focus of this study—
clearly warrant further investigation. This work has explored observational causal-
discovery signals between AMR in four E. coli resistance phenotypes and a set of
meteorological variables (maximum temperature, minimum temperature, and
precipitation) and a socioeconomic factor (per capita personal income, PCPI) across 49
U.S. states, using three complementary causal-discovery methods—PCMCI, Transfer
Entropy, and Convergent Cross Mapping—applied to fourteen years (2011-2024) of
pooled, phenotype-replicated annual data. At the nominal p < 0.05 threshold, each
method identified a substantial number of candidate driver—AMR associations (32 for
PCMCI, 26 for TE, 9 for CCM), broadly distributed across states and drivers; after
Benjamini-Hochberg FDR correction for multiple testing, the number of associations
surviving fell sharply for all three methods, underscoring the exploratory nature of causal
discovery from short, annual, state-level series and reinforcing the need for cautious
interpretation of any single-method result. To address this limitation, cross-method
agreement has been used as an additional robustness criterion: thirteen state—driver pairs
have been flagged as significant by at least two of the three methods at p < 0.1, most
frequently involving minimum temperature and PCPI, while a single association—
between maximum temperature and AMR in West Virginia—has been independently
identified as significant by all three methods and, uniquely among all associations tested,
has survived FDR correction within the CCM analysis alone, supported consistently
across all four resistance phenotypes. This convergence of independent evidence
represents the most robust finding of this study and offers a concrete, testable target for
future mechanistic and surveillance-based investigation.

Beyond this headline result, the three methods also diverged informatively in which
drivers they most frequently implicated—temperature extremes for PCMCI, precipitation
for TE, and PCPI for CCM—suggesting that these complementary approaches, which
differ in their underlying assumptions (parametric conditional independence, information-



theoretic transfer, and nonlinear state-space reconstruction, respectively), are sensitive
to different aspects of the driver—AMR relationship rather than converging on a single
dominant mechanism. Where PCMCI detected robust, FDR-surviving associations, these
most often involved a short lag (0—2 years) between the driver and the observed change
in AMR, and the majority of all nominally significant PCMCI associations involved a non-
zero lag, consistent with a delayed rather than instantaneous relationship between
climatic and economic conditions and resistance levels. Taken together, these results
indicate that meteorological factors and income level are plausible, but state- and method-
specific, correlates of E. coli AMR dynamics in the United States, rather than uniform or
universally dominant drivers—a more measured conclusion than earlier framings of this
work, and one that better reflects the statistical power attainable from fourteen years of
annual, state-level surveillance data, even after pooling across resistance phenotypes.

Drawing from this study and the broader literature, several key conclusions about AMR
research can be made. First, data availability stands out as a primary obstacle. This issue
is rooted in legal and political barriers to data sharing among countries, the relatively short
time span of available AMR data (in the present study, fourteen years, and in general
roughly the last fifteen), and the low temporal and spatial resolution of this data; even
after pooling across four resistance phenotypes to partially offset this constraint, the
present analysis found that the great majority of candidate associations did not survive
correction for multiple testing, illustrating concretely how acutely statistical power is
constrained by short annual surveillance records. Compounding the problem is the
difficulty of accessing information from a single platform, as many nations use their own
disparate data portals.

Second, as previously highlighted, tackling AMR demands a remarkably comprehensive
approach. It must be multisectoral (integrating policy, economics, health, environment,
agriculture, livestock, and tourism), multivariate (including meteorological, environmental,
demographic, and socioeconomic drivers), and multistakeholder (involving all countries
and a wide range of professionals, from politicians, municipalities, and decision-makers
to health, environment, climate, water, agriculture, livestock, and tourism professionals).
This approach must be built on a foundation of shared data, following the FAIR (Findable,
Accessible, Interoperable, and Reusable) principles.

Furthermore, we must account for complex interactions such as cascading or compound
effects. The present findings offer direct empirical support for this point: where robust
associations have been detected, the driver most often preceded the observed change in
AMR by one or more years (typically 0—2 years among the FDR-surviving PCMCI
associations) rather than acting contemporaneously, indicating that a change in an
environmental or economic factor may influence AMR only after a delay, and that a
variable appearing insignificant in isolation could nonetheless interact with others over
time to produce a measurable effect. From the perspective of climatic drivers, this means
future work must investigate not only mean meteorological variables but also the causal



links between AMR and extreme or compound events such as floods, droughts, and
heatwaves (Yesilkdy, 2026a). This requires building multivariate causal networks that
explicitly incorporate such time lags, of the kind explored here. Finally, AMR data should
be collected and shared not just at the national level but at much finer spatial and temporal
scales than the annual, state-level resolution available for the present study.

To conclude, future work must be grounded in the One Health approach. AMR needs to
be studied holistically, with the full participation of all stakeholder domains. Data and
findings must be shared transparently to enable comprehensive planning that accounts
for all influential drivers, both for today and for the future. The present study, by combining
three complementary causal-discovery methods and an explicit, cross-method
robustness criterion, offers one step toward this goal—identifying a small set of specific,
well-supported state—driver associations, most notably the temperature—AMR coupling
observed in West Virginia, as priority candidates for the mechanistic and regionally
tailored investigation that this literature consistently calls for.
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6. Appendix

Table S1. State-level phenotype data availability and pooled sample size used in the
causal-discovery analyses (PCMCI, CCM, and TE).

Resistance data for four E. coli phenotypes (multidrug-resistant [MDR], carbapenem-
resistant, cephalosporin-resistant, and fluoroquinolone-resistant) have been pooled as
independent annual realizations for each state, subject to a minimum data-availability
requirement per phenotype. For most states with n < 56, the sole source of missing
observations was the unavailability of 2011 data (the first year of the CDC Antibiotic
Resistance surveillance program) across all phenotypes, reducing the available record to
13 years. Rows shaded in orange indicate the three states for which carbapenem-
resistant E. coli data availability fell below that of other states and was therefore excluded
from pooling for that phenotype.

Phenotypes Excluded

State Pooled (of 4)| Phenotype(s) Pooled n |Notes on Missing Annual Observations

Alabama 4/4 None 56 —
MDR missing [2011]; Cephalosporin

Alaska 3/4 Carbapenem 39 missing [2011]; Fluoroquinolone missing
[2011]

Arizona 4/4 None 56 —

Arkansas 4/4 None 56 —

California 4/4 None 56 —

Colorado 4/4 None 56 —



https://www.fda.gov/drugs/drug-safety-and-availability/fda-drug-safety-communi

State ::;:Zt{:fe:) Phlsezc;ltj::ed(s) Pooled n |Notes on Missing Annual Observations

2011 not available for any phenotype

Connecticut 4/4 None 52 (state did not yet report to CDC AR
surveillance in the program's first year)

Delaware 3/4 Carbapenem 42 —

Florida 4/4 None 56 —

Georgia 4/4 None 56 —

Hawaii 4/4 None 56 —
2011 not available for any phenotype

Idaho 4/4 None 52 (state did not yet report to CDC AR
surveillance in the program's first year)

llinois 4/4 None 56 —

Indiana 4/4 None 56 —

lowa 4/4 None 56 —

Kansas 4/4 None 56 —

Kentucky 4/4 None 56 —

Louisiana 4/4 None 56 —

Maine 4/4 None 56 —

Maryland 4/4 None 56 —

Massachusetts 4/4 None 56 —

Michigan 4/4 None 56 —

Minnesota 4/4 None 56 —

Mississippi 4/4 None 56 —

Missouri 4/4 None 55 Carbapenem missing [2011]

Montana 4/4 None 56 —

Nebraska 4/4 None 56 —

Nevada 4/4 None 56 —
2011 not available for any phenotype

New Hampshire 4/4 None 52 (state did not yet report to CDC AR
surveillance in the program's first year)

New Jersey 4/4 None 56 —




Phenotypes Excluded . .
State Pooled (of 4)| Phenotype(s) Pooled n |Notes on Missing Annual Observations

2011 not available for any phenotype

New Mexico 4/4 None 52 (state did not yet report to CDC AR
surveillance in the program's first year)

New York 4/4 None 56 —

North Carolina 4/4 None 56 —
MDR missing [2011, 2014, 2023];
Cephalosporin missing [2011, 2012,

el Raier 34 Carbapenem 31 2013, 2014, 2023]; Fluoroquinolone
missing [2011, 2014, 2023]

Ohio 4/4 None 56 —

Oklahoma 4/4 None 56 —

Oregon 4/4 None 56 —

Pennsylvania 4/4 None 56 —

Rhode Island 4/4 None 56 —

South Carolina 4/4 None 56 —
2011 not available for any phenotype

South Dakota 4/4 None 52 (state did not yet report to CDC AR
surveillance in the program's first year)

Tennessee 4/4 None 56 —

Texas 4/4 None 56 —
2011 not available for any phenotype

Utah 4/4 None 52 (state did not yet report to CDC AR
surveillance in the program's first year)
MDR missing [2011]; Carbapenem
missing [2011]; Cephalosporin missing

Vermont 44 None 51 [2011, 2013]; Fluoroquinolone missing
[2011]

Virginia 4/4 None 56 —

Washington 4/4 None 56 —

West Virginia 4/4 None 56 —

Wisconsin 4/4 None 56 —




Note: Washington, D.C. and Wyoming are not included in this table, as neither jurisdiction
had AMR surveillance records for any phenotype and were excluded from the study
entirely (see Section 3.1). States not listed in the Notes column had complete 2011-2024
records for all pooled phenotypes (n = 56).

CCM Diagnostic Plots

This section presents a representative selection of the diagnostic plots underlying the
CCM analysis (Section 4.4): simplex projection and S-map nonlinearity tests for the four
phenotypes contributing to the study's strongest finding (West Virginia maximum
temperature), together with two contrasting examples—a phenotype excluded from CCM
due to confirmed linearity and a non-significant, non-convergent association—illustrating
that the CCM-eligibility and significance criteria applied throughout this study are not
uniformly favorable. The complete set of diagnostic plots for all 196 state—driver
combinations (n = 1,055 figures) is available from the corresponding author upon request.
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Figure S1. Simplex projection (embedding selection) and S-map nonlinearity test for
MDR-resistant E. coli AMR in West Virginia. The S-map prediction skill is maximized at a
nonlinear parameter (theta) greater than zero, confirming nonlinear dynamics and CCM
eligibility.
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Figure S4. Simplex projection (embedding selection) and S-map nonlinearity test, for
fluoroquinolone-resistant E. coli AMR in West Virginia.
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Figure S5. Representative example of a phenotype excluded from CCM testing due to
confirmed linearity: MDR-resistant E. coli AMR in California. The S-map prediction skill is
maximized at a nonlinear parameter (theta) of zero, indicating linear dynamics; this
phenotype was therefore not CCM-eligible for California and was excluded from the
Fisher combination for all four drivers in this state, illustrating that the nonlinearity criterion
described in Section 3.3.3 is applied selectively rather than uniformly.
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Figure S6. Representative example of a non-significant, non-convergent CCM
association: Delaware—precipitation (Fisher-combined p = 0.998; mean p = -0.663). In
contrast to the West Virginia—maximum temperature association (Figure 16), cross-map
skill decreases or plateaus with increasing library size for all three CCM-eligible
phenotypes, consistent with the absence of CCM convergence..

Table S2. Full state—driver results across all three causal-discovery methods and
descriptive Pearson correlation, at the nominal p < 0.05 threshold. Note on sign
interpretation: PCMCI and Corr (Pearson correlation) values are directional (positive =
positive association, negative = inverse association). TE values are non-negative by
construction (Section 3.3.2) and reflect the magnitude of information transfer only, not its
direction. CCM values (p) reflect cross-map prediction skill; while p can range from -1 to
1, its sign should not be interpreted as a directional coefficient in the same sense as
PCMCI or Corr. Accordingly, apparent differences in sign between TE or CCM and
PCMCI/Corr for the same driver—state pair do not represent a contradiction.
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Table S3. Full state—driver results across all three causal-discovery methods and
descriptive Pearson correlation, restricted to associations surviving FDR correction at
p < 0.05. Note on sign interpretation: PCMCI and Corr (Pearson correlation) values are
directional (positive = positive association, negative = inverse association). TE values are
non-negative by construction (Section 3.3.2) and reflect the magnitude of information
transfer only, not its direction. CCM values (p) reflect cross-map prediction skill; while p
can range from -1 to 1, its sign should not be interpreted as a directional coefficient in
the same sense as PCMCI or Corr. Accordingly, apparent differences in sign between TE
or CCM and PCMCI/Corr for the same driver—state pair do not represent a contradiction.



PCPI Precipitation Maximum Temperature Minimum Temperature
Methods PCMCI TE CCM Corr PCMCI TE CCM Corr PCMCI TE CCM Corr PCMCI TE CCM Corr

States

Alabama X X X X X X X X X X X X X X X X
Alaska X X X X X X X X X X X X X X X X
Arizona X X X X X X X X X X X X X X X X
Arkansas X X X X X X X 0.482|x X X X X X X X
California X X X X X X X X X X X X X X X X
Colorado X X X X X X X X 0.652|x X X X X X X
Connecticut X X X X X X X X X X X X X X X X
Delaware X X X X X X X X X X X X X X X X
Florida X X X X X X X X X X X X X X X X
Georgia X X X X X X X X X X X X X X X X
Hawaii X X X X X X X X X X X X X X X X
Idaho X X X X X X X X X X X X X X X X
llinois X X X X X X X X 0.875|x X X X X X X
Indiana X X X X X X X X X X X X X X X X
lowa X X X X X X X X X X X X X X X X
Kansas X X X X X X X X X X X X X X X X
Kentucky X X X X X X X X X X X X X X X X
Louisiana X X X X X X X X X X X X X X X X
Maine X X X X X X X X X X X X X X X X
Maryland X X X X X X X X X X X X X X X X
Massachusetts |x X X X X X X X X X X X X X X X
Michigan X X X X X X X X X X X X X X X X
Minnesota X X X X X X X X X X X X X X X X
Mississippi X X X X X X X X X X X X X X X X
Missouri X X X X X X X X X X X X X X X X
Montana X X X X X X X X X X X X X X X X
Nebraska X X X X X X X X X X X X -0.647|x X X
Nevada X X X X X X X X X X X X X X X X
New Hampshire |x X X X X X X X X X X X X X X X
New Jersey X X X X X X X X X X X X X X X X
New Mexico X X X X X X X X X X X X X X X X
New York X X X X X X X X X X X X X X X X
North Carolina |x X X X X X X X X X X X X X X X
North Dakota  |x X X X X X X X X X X X X X X X
Ohio X X X X X X X X X X X X X X X X
Oklahoma X X X X X X X X X X X X X X X X
Oregon X X X X X X X X X X X X X X X X
Pennsylvania |x X X X X X X X X X X X X X X X
Rhode Island  |x X X X X X X X X X X X X X X X
South Carolina |x X X X X X X X X X X X X X X X
South Dakota  |x X X X -0.8|x X X -0.652|x X X 0.73|x X X
Tennessee X X X X X X X X X X X X X X X X
Texas X X X X X X X X X X X X X X X X
Utah X X X X X X X X X X X X X X X X
Vermont X X X X X X X X 0.962|x X X X X X X
Virginia X X X X X X X X X X X X X X X X
Washington X X X X X X X X X X X X X X X X
West Virginia | X X X X X X X X X 0.509(x X X X X
Wisconsin X X X X X X X X X X X X X X X X

Table S4. Full state—driver results

across all three causal-discovery methods and

descriptive Pearson correlation, at the nominal p < 0.1 threshold. Note on sign
interpretation: PCMCI and Corr (Pearson correlation) values are directional (positive =

positive association, negative =

inverse association). TE values are non-negative by

construction (Section 3.3.2) and reflect the magnitude of information transfer only, not its
direction. CCM values (p) reflect cross-map prediction skill; while p can range from -1 to
1, its sign should not be interpreted as a directional coefficient in the same sense as
PCMCI or Corr. Accordingly, apparent differences in sign between TE or CCM and
PCMCI/Corr for the same driver—state pair do not represent a contradiction.
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Table S5. Full state—driver

results

across all three causal-discovery methods and
descriptive Pearson correlation, restricted to associations surviving FDR correction at
p < 0.1. Note on sign interpretation: PCMCI and Corr (Pearson correlation) values are
directional (positive = positive association, negative = inverse association). TE values are
non-negative by construction (Section 3.3.2) and reflect the magnitude of information
transfer only, not its direction. CCM values (p) reflect cross-map prediction skill; while p
can range from -1 to 1, its sign should not be interpreted as a directional coefficient in
the same sense as PCMCI or Corr. Accordingly, apparent differences in sign between TE
or CCM and PCMCI/Corr for the same driver—state pair do not represent a contradiction.
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