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S1. Historical Perspectives on Enthalpy-Entropy Compensation (EEC)
Table S1. Historical Perspectives on Enthalpy-Entropy Compensation (EEC) & Isokinetic Relationship (IKR) [footnoteRef:1]† [1: † Note on EEC–IKR Context: The statistical critique of linear enthalpy-entropy correlations originated in chemical kinetics with the analysis of the Isokinetic Relationship (IKR, concerning activation parameters  and ). This work operates exclusively within the thermodynamic domain (EEC, concerning state functions  and ). The historical IKR debate is noted here to provide intellectual background for the reader where IKR implies nonequilibrium kinetics and EEC implies all thermodynamic domain.] 

	Era
	Key Contributors
	Primary Contribution
	Category and Perspective
	Approach/Domain of Analysis

	1960s–1970s
	Exner (1964–1970)1,2
	Developed statistical tests to distinguish genuine compensation from artifacts; warned of spurious correlations from limited data.
	Statistical/Artifact
	Statistical Analysis (IKR†)

	
	Lumry & Rajender (1970)3
	Proposed EEC as a ubiquitous property of aqueous systems due to water restructuring (“thermodynamic buffer”).
	Physical/Mechanistic
	Thermodynamic Theory (General EEC)

	
	Krug et al.  (1976)4
	Formalized the statistical test showing correlated ΔH/ΔS errors produce spurious linear EEC.
	Statistical/Artifact
	Statistical Analysis (IKR / EEC)

	1980s–1990s
	Yu & Karplus5
	Suggest that MD shows solvent–solvent/solute–solvent cancellation leads to compensation in solvation.
	Physical/Mechanistic
	MD Simulation (General EEC)

	
	Grunwald & Steel (1995)6
	“Subspecies redistribution” model: compensation arises from reorganization of states with zero net ΔG.
	Physical/Mechanistic
	Thermodynamic Model (General EEC)

	
	Dunitz (1995)7
	Used a vibrational oscillator model to show EEC is intrinsic to a single weak bond (e.g., H-bond), with near-complete cancellation at ~5 kcal/mol and 300 K.
	Physical/Mechanistic
	Thermodynamic Theory (General EEC)

	
	Gallicchio et al. (1998)8
	Showed via alkane simulation that ΔH–TΔS compensation stems from correlation between solute–solvent energy and entropy, not primarily from solvent reorganization.
	Synthetic/Integrative
	Computational Thermodynamics (General EEC)

	2000s
	Cooper et al. (2001)9
	Synthetic review: Acknowledges "free energy window" as artifactual source, but argues real EEC stems from solvation, ΔCp, cooperativity, & quantum confinement. Proposes "thermodynamic homeostasis".
	Synthetic/Integrative
	Critical Review & Theory (General EEC)

	
	Sharp (2001)10
	Analyzed protein data; concluded most EEC is an artifact of constrained ΔG ranges and measurement error.
	Statistical/Artifact
	Statistical Test (EEC Artifact)

	
	Liu & Guo (2001) 11
	Comprehensive review distinguishing EEC, IKR, and IER; cataloged physical theories.
	Synthetic/Integrative
	Review & Synthesis (IKR, EEC, IER)

	2010s–Present
	Olsson et al. (2011) 12
	Quantified the "window effect" – the narrow range of measurable ΔG – as a dominant source of apparent correlation.
	Statistical/Artifact
	Meta-analysis (EEC Artifact)

	
	Chodera & Mobley (2013)13
	Definitive skeptical review: EEC often arises from correlated errors, publication bias, and the "window effect."
	Statistical/Artifact
	Critical Data Analysis (EEC Artifact)

	
	Peccati & Jiménez-Osés (2021)14 
	Illustrate compensation arises from a case-specific balance of conformational entropy and solvation effects.
	Physical/Mechanistic — Gibbs Identity Is the primary focus
	Computational Chemistry (General EEC)

	
	Justanieah (2026)15 
	Predictive Thermodynamic Framework (PTF) establishing the geometric foundation of the (ΔS, ΔH) plane; 
	Thermodynamically Grounded Null-model
	Thermodynamics

	
	This Work (2026)
	Causal Verification Framework (CVF) delivering the causal resolution
	The EEC correlation for aggregate thermodynamic data is causally unstable—an echo of underlying thermodynamic identity
	Causal Verification



S2. Comparison with Existing Statistical Approaches
S2.1 Purpose 
This exercise is an illustration of the epistemological distinction between statistical methods and the CVF, summarized as follows:
	Aspect
	Statistical Methods (Rung 1)
	CVF (Rung 2)

	Question
	"Is this association statistically robust?"
	"Is this correlation a genuine autonomous law or a statistical phantom?"

	Method
	Covariate adjustment, hierarchical modeling, resampling
	Interventions: EII (Stability Principle), GCI (Autonomy Principle)

	Verdict
	"The correlation is statistically robust"
	"The correlation is structurally fragile (a phantom)"

	Reliance
	Data and modeling assumptions
	Known causal skeleton  (provided by physics)


The CVF is not a statistical method. It is a verification framework that leverages known causal skeletons to deliver structural verdicts. When deployed properly—even with modest datasets—it delivers powerful causal verdicts because its tests are structural (i.e. interventions Rung 2), not statistical.
S2.2 Notation and Model Formula Interpretation
Throughout this section, the following standard regression formula notation is used:
	Symbol
	Meaning
	Example

	
	"Is modeled as a function of"
	 means " is modeled as a function of "

	
	Include as a separate predictor (NOT addition)
	 means 

	
	Random intercept by Protein
	Each protein has its own baseline offset


Critical distinction: In formula syntax,  means " as a function of  AND  as separate predictors" — NOT  as a function of  as a single combined variable.
S2.3 Dataset
Six proteins (Ribonuclease A, Parvalbumin, Egg-white lysozyme, β-Trypsin, α-Chymotrypsin, Papain), each measured at six temperatures ( K). The dataset is constructed as described in the main text. For each observation, the entropy change (, kJ·mol⁻¹·K⁻¹) and enthalpy change (, kJ·mol⁻¹) are recorded. The dataset is structured hierarchically, with multiple observations nested within each protein..
S2.4 Hierarchical Regression
Hierarchical regression was performed to assess whether the global EEC correlation () survives controlling for temperature and protein identity. Models were built sequentially:
	Model
	Statistical Model
	Mathematical Form
	Description

	M1
	
	
	Simple OLS (baseline)

	M2
	
	
	Controlling for temperature

	M3
	
	
	Controlling for temperature and protein identity


Results
	Model
	 ()
	SE
	p-value
	
	AIC
	BIC

	M1
	338.50
	7.11
	
	0.985
	-11.51
	-8.34

	M2
	339.78
	7.16
	
	0.986
	-10.94
	-6.19

	M3
	345.11
	4.05
	
	0.996
	-48.22
	-35.55


Interpretation: The  coefficient remains highly significant () across all models. Adding temperature (M2) and protein identity (M3) does not eliminate the correlation. This demonstrates that the EEC correlation is not merely an artifact of temperature variation or protein-specific effects.
Note on Model M3: The warning in MATLAB script regarding rank deficiency arises because the intercept is aliased with the Protein dummy variables. This is normal for categorical variables with intercept. The estimates remain valid.
S2.5 Mixed-Effects Models
Mixed-effects models were fitted to account for the hierarchical structure of the data (observations nested within proteins):
	Model
	Statistical Model
	Mathematical Form
	Random Effects
	Description

	M4
	
	
	Random intercept by protein
	Baseline mixed model

	M5
	
	
	Random intercept by protein
	Controlling for temperature


Explanation of mixed-effects notation:
·  is a random intercept for protein 
· The fixed effects  are the "average" effects across all proteins
· The random effects allow each protein to deviate from the average
Models were fitted using maximum likelihood (ML) as implemented in MATLAB's fitlme function. ML estimation was chosen to permit valid AIC/BIC comparisons across models with different fixed effects specifications.
Results
	Model
	 ()
	SE
	p-value
	AIC
	BIC

	M4
	344.63
	3.97
	
	-33.49
	-27.16

	M5
	344.71
	3.98
	
	-31.88
	-23.96


Interpretation: The  coefficient remains highly significant () in both mixed-effects models. Adding temperature as a fixed effect (M5) does not meaningfully change the coefficient (344.63 → 344.71) and worsens model fit (AIC increases from -33.49 to -31.88; BIC from -27.16 to -23.96). Temperature itself is not a significant predictor ().
This illustrates a key limitation of Rung 1 statistical methods: adding more parameters and covariates does not eliminate the correlation. The correlation persists — yet the CVF's Rung 2 interventions (EII and GCI) reveal its structural fragility. Statistical models can be made arbitrarily complex while still confirming the correlation; they cannot adjudicate causal legitimacy.
Note: A more complex model with random slope () was attempted but did not converge properly (correlation parameter estimated at 1.0 with undefined confidence intervals), indicating overparameterization for the current dataset. As the key finding is established by Models M1–M5, this model was excluded from the final analysis.
S2.6 Model Selection
Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) were used to compare model fit across all models. Lower values indicate better fit.
	Model
	AIC
	BIC
	ΔAIC (vs M1)
	Interpretation

	M1
	-11.51
	-8.34
	0
	Baseline

	M2
	-10.94
	-6.19
	+0.57
	Temperature does not improve fit

	M3
	-48.22
	-35.55
	-36.71
	Best fit — Protein as fixed effect

	M4
	-33.49
	-27.16
	-21.98
	Random intercept improves fit

	M5
	-31.88
	-23.96
	-20.37
	Adding Temperature worsens fit vs M4


Interpretation: All models that include  as a predictor show significantly better fit than intercept-only models (not shown). Model M3 provides the best fit, but the key finding is that  remains significant across all specifications. Critically, adding temperature to the mixed model (M5) worsens model fit compared to M4 (AIC increases), reinforcing that the correlation is not an artifact of temperature.
S2.7 Leave-One-Protein-Out Analysis (LOO)
To assess the stability of the global correlation under sampling variation, a leave-one-protein-out analysis was performed. For each protein , the protein was removed from the dataset, and OLS regression () was refit on the remaining 30 observations. The slope (), coefficient of determination (), and -value were recorded.
	Removed Protein
	 ()
	
	p-value

	None (Full)
	338.50
	0.985
	

	RiA
	344.06
	0.988
	

	Par
	339.92
	0.985
	

	Ewl
	333.92
	0.989
	

	bTr
	337.18
	0.983
	

	aCh
	337.72
	0.985
	

	Pap
	339.84
	0.984
	


Summary Statistics:
·  range: 333.9 to 344.1
·  mean: 
·  range: 0.983 to 0.989
·  mean: 
Interpretation: Removal of any single protein results in minimal change to the OLS slope and . The slope remains within  of the full-model value (338.5), and  remains consistently high (). This confirms that the global EEC correlation is statistically stable under sampling variation and is not driven by any single protein.
S2.8 Partial Correlation
To assess whether the correlation between  and  is confounded by temperature, a partial correlation analysis was performed. The partial correlation coefficient  measures the correlation between  and  after removing the linear effect of temperature.
The partial correlation was computed using the standard formula:
where:
·  is the Pearson correlation between  and 
·  is the correlation between  and 
·  is the correlation between  and 
In our case:
· , , 
Results:
· Pearson correlation 
· Pearson correlation 
· Pearson correlation 
· Partial correlation 
Interpretation: The partial correlation controlling for temperature () is virtually identical to the Pearson correlation (). This confirms that the EEC correlation is not an artifact of temperature variation; it persists after accounting for the confounding effect of temperature.
S2.9 Summary of Statistical Findings
	Analysis
	Key Finding
	Pearl's Rung

	Hierarchical Regression (M1–M3)
	 remains significant () after controlling for Temperature and Protein
	Association (Rung 1)

	Mixed-Effects Models (M4–M5)
	 remains significant () with random intercepts; adding Temperature worsens fit
	Association (Rung 1)

	Model Selection
	Best model includes  (AIC = -48.22)
	Association (Rung 1)

	Leave-One-Out
	Correlation stable under removal of any protein
	Association (Rung 1)

	Partial Correlation
	 (controlling for Temperature)
	Association (Rung 1)


All statistical analyses confirm the correlation is statistically robust. Adding more parameters (M5) does not eliminate the correlation; it only worsens model fit. This illustrates the limitation of Rung 1 methods: they can be made arbitrarily complex while still confirming the correlation.
S2.10 The CVF's Verdict: Rung 2 Interventions
The statistical methods above (Rung 1) confirm the EEC correlation is robust. However, robustness does not imply causal legitimacy. The CVF's Rung 2 interventions reveal structural fragility:
	Intervention
	What It Tests
	Result
	Implication

	EII (Contextual)
	Invariance under compositional change
	Figure 4A: Same dataset yields EEC or AEEC depending on protein selection
	Correlation is context-dependent — not a universal law

	GCI (Structural)
	Invariance under parametric perturbation
	Figure 3: Correlation weakens and fails at  K
	Correlation is non-autonomous — tracks  deterministically


The CVF's verdict: The global EEC correlation is a statistical phantom — statistically robust yet structurally fragile.
S2.11 The Thermodynamic Context: PTF and the GCI
The GCI test is particularly powerful because the structural law  can be approximated with high fidelity ( for each subpopulation)15. This means the evolution of the slope under temperature perturbation can be detected with clarity. When the correlation disintegrates at  K, it is not a subtle effect requiring statistical thresholds — it is a stark structural transformation.
The PTF provides the causal skeleton  that enables the GCI. Without , the GCI would be just another empirical comparison. With , the GCI becomes a structural test of modularity: if the correlation tracks  deterministically, it lacks autonomous existence.
S2.12 Epistemological Conclusion
The comparison between Rung 1 statistical methods and the Rung 2 CVF illustrates a fundamental epistemological distinction:

	Finding
	Implication

	Statistical methods confirm the correlation is statistically robust — even when more parameters are added (M5)
	This is all Rung 1 methods can do

	The CVF reveals the correlation is structurally fragile (fails EII and GCI)
	This is what a Rung 2 method can do


The CVF does what statistical methods cannot: it adjudicates causal legitimacy by leveraging the known causal skeleton . 
When the CVF is deployed properly, even with modest datasets, it delivers powerful causal verdicts because its tests are structural, not statistical. Experimental error can be propagated through GCI tests, but the verdict — the existence or absence of modular autonomy — does not depend on arbitrary statistical thresholds.
S2.13 Software and Reproducibility
All analyses were performed using MATLAB R2026a (The MathWorks, Inc.). The complete dataset, and MATLAB analysis script can be supplied on request.
· Statistics and Machine Learning Toolbox (for fitlm and fitlme)
· MATLAB base (for correlation and summary statistics)
The following MATLAB functions were used:
	Function
	Purpose

	fitlm
	Fit linear regression models (M1, M2, M3, LOO)

	fitlme
	Fit linear mixed-effects models (M4, M5)

	corr
	Compute Pearson correlations

	fixedEffects
	Extract fixed effects from mixed models
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