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= A novel formula for determining organic compounds aqueous diffusion coefficients was discovered.

= The proposed formula achieved a higher accuracy compared to the currently available empirical equations.

= The insights from this study are shedding light on understanding of organic compounds diffusion in water.
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Aqueous diffusion coefficients of organic compounds are important
parameters for many studies in geosciences and relevant applications, in
particular, for modelling solute transport in groundwater. Accurately deter-
mining organic compounds aqueous diffusion coefficients still remains
challenging due to lack of high-quality experimental data as well as reliable
predictive tools. Based on symbolic regression incorporating theoretical
constraints derived from the Stokes-Einstein hydrodynamics and Wilke-
Chang theory, our study discovered a symbolic formula, which is mathe-
matically linking the diffusion coefficients with water temperature, molecular
weight, molecular volume and viscosity of water. The proposed formula
achieved a preferential accuracy for predicting different organic
compounds diffusion coefficients in water comparing with the currently
available empirical equations. The complex interplay of molecular weight,
molecular volume and water temperatures on aqueous diffusion coefficients
of organic compounds is substantiated by causal inference and controlled
test. The insights from this study are shedding light on better understanding
of organic compounds diffusion in water.

INTRODUCTION

Diffusion of organic compounds in water is one of the most important
processes in natural aquatic environments.'™ This process becomes the
dominant transport mechanism in low-permeability geologic media—such as
silts, clays, and fractured rock—where groundwater advection is negligible.’
Determination of organic compounds' aqueous diffusion coefficients has
become the subject of many studies in geoscience.”"" For instance, diffusion
coefficients serve as critical inputs for modelling the transport of organic
pollutants in groundwater systems, enabling accurate risk assessments and
reasonable remediation designs for contaminated sites. Additionally, diffu-
sion coefficients are critical parameters in predicting the uptake kinetics of
organic pollutants in passive samplers, which has become widely deployed
tools for monitoring trace organic contaminants across diverse water envi-
ronments, including sediments and porewaters.'”'* Despite the important role
of organic compounds' aqueous diffusion coefficients as well as the lack of
reliable experimental data, prediction of this parameter still remains challeng-
ing for organic compounds, due to the fact that diffusion processes involve
complex interplay between different molecular structures and properties, and
also substantially vary with water temperatures. These complexities notably
restrict the examination and understanding of structure-property relation-
ships of different organic compounds diffusion coefficients.

To determine diffusion coefficients of organic compounds in water, differ-
ent empirical equations have been proposed, directly correlating molecules
physical or chemical properties, including molecular weight, molar volume
and temperature, to their diffusion coefficients.'*”' However, the currently
available equations are proved only applicable for precise estimation of the
diffusion coefficients for a limited number of organic compounds, mainly
owing to the following shortcomings: (i) the reliable data on organic
compounds physical or chemical properties required for the empirical equa-
tions are often unavailable; (i) the available equations are derived based on a
limited number of experimental data, covering a narrow spectrum of organic
compounds.'“**** Notably, no empirical equations are simultaneously corre-
lating molecular weight, molecular volume and water temperatures with
organic compounds aqueous diffusion coefficients.

In recent years, artificial intelligence (Al) is being increasingly integrated
into scientific discovery to augment and accelerate novel findings.”” The
advances in Al make it possible to automatically discover laws of nature in
symbolic form.”* Specifically, symbolic regression provides a systematic
and interpretable method for identifying equations that optimally fit the
provided data.”**" This technique plays a crucial role in generating hypothe-
ses and discovering mathematical relationships.” For instance, by taking
advantage of symbolic regression, Al can re-discover Kepler's third law.”
Moreover, causality is essential to scientific investigation, forming the basis
for comprehending interactions among variables within physical systems.*
The causal inference enables the extraction of causal relationships, thereby
facilitating the evaluation of reliability of proposed hypotheses. We believe
that the above-mentioned approaches are posing a great potential to
discover a precise, physically interpretable, and causality-based symbolic law
to quantify diffusion coefficients of organic compounds in water.

Here, we combined experimental data, deep learning model, symbolic
regression, and causal inference to establish a general theory of organic
compounds diffusion coefficients in water. Specifically, a formula was devel-
oped by using a symbolic regression algorithm, expressing the mathematical
relationship between molecular weight, molecular volume and temperatures
with organic compounds diffusion coefficients in water. The proposed
formula achieved a higher accuracy compared with the results determined by
the currently available empirical equations. Furthermore, reliability of the
obtained equation was verified based on causal inference.

MATERIALS AND METHODS
Data preparation

The experimental diffusion coefficients were sourced from the Institute for
Scientific Information Web of Science, with datasets collected prior to 9 May
2023. An initial search yielded 7,285 literatures using the equation: topical
subject (TS) = Diffusion coefficient AND TS = organic AND TS = water. From
these, 64 studies were meticulously selected based on their adherence to
three criteria: (1) availability of the full text; (2) the solute being organic
compounds and the solvent being water; and (3) provision of the experimen-
tal temperature. Detailed information pertaining to these 64 studies is
presented in Table S1. From literature survey, we constructed an extensive
experimental dataset of 20,728 diffusion coefficients covering 6,913
compounds (Table S2). The SMILES codes for these compounds were
obtained from PubChem. Furthermore, a total of 3,007 MDs were computed
utilizing the alvaDesc software (Version 2.0.12). No conformer or tautomer
averaging was performed during descriptor calculation. Of the 6,913 unique
chemical structures, aliphatic compounds constituted the majority at 71.7%.
Furthermore, carbocycles and heterocycles were found in smaller fractions,
22.6% and 5.7%, respectively. In addition, the molecular weights of the
organic compounds in our dataset varied between 16 and 1,405 g mol™
(Figure ST), suggesting that our dataset predominantly consists of small to
medium-sized organic molecules. The whole dataset was randomly divided
into training set and test set with ratio of 9:1, according to their unique chem-
ical structures. Furthermore, previous studies have employed model-
predicted data combined with experimental data as training labels for
machine learning models and symbolic regression models.”"** However, the
effects of incorporating model-predicted or synthetic data on predictive
performance remain unclear. To expand the data volume and test impact of
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Figure 1. Overview for the approach A mathematical framework for the discovery of symbolic formula determining organic compounds diffusion in water, which combines deep
learning model, SHapley Additive exPlanations (SHAP) method, symbolic regression, and causal inference. Firstly, an experimental dataset and a mixed dataset (i.e. mixing exper-
imental data and synthetic data) was constructed. Secondly, the primary features were selected based on a deep learning model utilizing SHAP method. Thirdly, symbolic laws
were extracted through symbolic regression based on experimental dataset and mixed dataset, respectively. Lastly, causal inference was utilized to validate the optimal equation.

incorporating synthetic data on model performance, we constructed a mixed
dataset using our deep learning model.” Specifically, the deep learning model
was utilized to interpolate diffusion coefficients at different temperatures and
combined with the experimental training dataset to construct the mixed
dataset.”” The resulting mixed dataset contained about 110,000 data points.
The detailed description of the deep learning model was presented in Text ST.
Inorder to further assess the impact of synthetic data on model perfor-
mance, sensitivity analyses were conducted by progressively increasing the
proportion of model-generated data (0%, 25%, 50%, 75%, and 100%) incorpo-
rated into the experimental training dataset.

Symbolic law extraction

To obtain governing equations to quantify diffusion coefficients, we
employed two strategies: a completely data-driven symbolic regression
approach and a physics-informed hybrid model. For the data-driven
approach, the candidate variables of symbolic models were selected before
fitting with symbolic regression.*® As a typical combination optimization
problem, symbolic regression follows a brute force procedure. Therefore, the
search space of the symbolic equation grows exponentially with the increas-
ing number of variables. As mentioned before, the optimal features of the
deep learning model showed a high dimensionality with counts of 198. To
reduce the search space of symbolic models, we utilized the top 20 impor-
tant features identified by SHapley Additive exPlanation (SHAP) method as
the candidate variables of symbolic models. Details of descriptor computa-
tion and feature selection were provided in Text S2 and Table S3. Finally,
symbolic regression was used to fit analytical expressions based on the
datasets and chosen candidate variables (Figure 1). In @ manner analogous
to Occam's razor, the "fitness" of each expression is determined by its

simplicity and accuracy. Initially, a variety of candidate analytical expressions
are presented at varying complexity levels. In this context, complexity is
quantified as the sum of operators, constants, and input variables. The
simplicity and accuracy of each equation is assessed using complexity and
mean square error (MSE), respectively. The equations with lower MSE and
complexities are selected as the optimal equations. The symbolic models
were fitted using a fixed set of operators, including "+", "x", "pow", "exp" and
"inv(x) = 1/x". In order to enhance the interpretability of equations, the opera-
tors beside"+" and "x" are prohibited from being nested.”

To strengthen the physical insight of symbolic laws, we developed a hybrid
model by integrating the theoretical core of the Wilke-Chang equation (W = T/
(VOen)) as a predefined feature within the symbolic regression framework.
This term explicitly encodes the Stokes-Einstein relationship between diffu-
sion, temperature, molecular size, and solvent viscosity (), while allowing
data-driven refinement through nonlinear extensions. The regression process
retained the same operator constraints but introduced W as a fixed input
variable alongside SHAP-selected features like molecular weight (M),
enabling the discovery of corrective terms that augment the physical founda-
tion with empirically observed nonlinearities. It is noted that the molecular
volume used in W is McGowan volume.”” The detailed information about
McGowan volume was presented in Text S2.

The two aforementioned strategies were applied to construct symbolic
models using experimental and mixed datasets, respectively. Model predic-
tion quality was evaluated through comparison with experimental data using
the following metrics: squared Pearson correlation coefficient (R?), root-mean-
square error (RMSE), mean absolute error (MAE) and mean square error
(MSE). The detailed description of these metrics was provided in Text S3. In
order to verify the effectiveness of the obtained equations, causal inference
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Figure 2. Training and test mean square error (MSE) against the feature complexity for the data-driven models based on mixed dataset (A) and experimental dataset (B).
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Figure 3. Training and test mean square error (MSE) against the feature complexity for the hybrid models based on mixed dataset (A) and experimental dataset (B).

was performed to identify the causal relationships between the experimental
diffusion coefficients and the variables in the proposed symbolic equation
(Text S4).

Programming and computational approaches

All models were programmed using Python 3.8.8. The deep learning
models were established using Pytorch package. The SHAP package was
used to select the important features.™ The package PySR was utilized to
discover symbolic laws of diffusion coefficient.”” The causal inference was
implemented by using EconML 0.13.1 package and DoWhy 0.7.1 package.”
The symbolic law extraction and causal inference were accomplished using a
Tianhe-2 Supercomputer.

RESULTS

Figure 2A shows the performance of data-driven symbolic models trained
on mixed dataset. Further increasing the complexity would slightly enhance
training accuracy, but at the cost of interpretability and generalizability (see
Figure 2A). Specifically, the optimal model exhibited excellent performance
(R? = 0.967) on the test set (see Table S4). Interestingly, the optimal model
has the temperature, molecular weight and molecular volume naturally
emerge as terms, with the models' form as:

1
D= —_ Q)
(622758593-s 09957627 0.061041337- M) . (\/+ 3809467)

where D (cm?s™) is the diffusion coefficient, T (K) is the temperature, M
(g'mol™) is the molecular weight of diffusing compound and V (cm®*mol™) is
the molecular volume (McGowan volume) of diffusing compound.

In addition, data-driven models were trained using only the experimental
dataset (Figure 2B & Table S5). The optimal model obtained from the experi-
mental dataset demonstrated a slightly better performance (R* = 0.969)
compared to its mixed-dataset counterpart (R* = 0.967), with a functional
form characterized by:

D= (EWLW025 +T—0.18765856)-1.56495097-10"—4.5314013-10° (2)

where D (cm?s™) is the diffusion coefficient, T (K) is the temperature and V/

(cm*mol™) is the molecular volume (McGowan volume) of diffusing
compound.

Furthermore, the hybrid model was trained using the mixed dataset, and
the optimal formula was selected based on complexity and accuracy (see
Figure 3A and Table S6). When the complexity of equation exceeds 9, the
MSE on the training set decreases while the MSE on the test set increases.
This indicates that overfitting begins when the complexity of formula exceeds 9.
Therefore, the formula with a complexity of 9 is chosen as the optimal
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formula:
D=1.3578-10"-(W-(W+T)+M) (3a)
T
= Ve (3b)

where D (cm?s™) is the diffusion coefficient, T (K) is the temperature, M
(g'mol™) is the molecular weight of diffusing compound, n (kg-ms™) refers to
the dynamic viscosity of the solvent and V (cm®*mol™) is the molecular
volume (McGowan volume) of diffusing compound.

Concerning the hybrid models trained exclusively using experimental data,
we found that the model with a feature complexity of 15 is optimal by
approaching the trade-off between predictive accuracy and model complexity
(see Figure 3B and Table S7). The corresponding equation demonstrated
superior performance (R* = 0.976) on the test set and is mathematically
expressed as:

2.884-10"°-W

D=5 +5.2329-107 | - W (4a)
+7+0.2028
;
= \/“Tr; (4b)

with identical variable definitions as eq. 3.

Figure 4 compares the performance of optimal models developed under
different construction strategies and training datasets. Specifically, the hybrid
model trained on experimental dataset (eq. 4) performed the best (R? = 0.976,
RMSE = 2.94 x 107 and MAE = 1.32 x 107, whereas the data-driven model
trained on mixed dataset (eq. 1) exhibited the lowest accuracy (R? = 0.967,
RMSE = 3.49 x 10 and MAE = 2.32 x 107). The sensitivity analysis of the
optimal hybrid approach revealed progressive performance degradation (R?
decreasing from 0.976 to 0.972) with increasing synthetic data (see Figures
S$2-S4 & 5). These findings confirm that eq. 4 achieved the highest predictive
accuracy among all the models and thus is optimal. The performance of this
selected equation was further compared with that of different empirical
equations, including Wilke and Chang (eq. 5), Scheibel (eq. 6) , Hayduk and
Laudie (eq. 7), Worch (eq. 8) and SEGWE (eq. 9).'"*" The mathematical
expressions of these equations are given:

p _ T4x 10 (xMs)* T

’ n*Vpe ©
8.2.10°°T 3V, \ 7
D':W T+ v (6)
13.36-10°
D= e ()
3.595-10'T
Di= W ()
() o
b_ 2 "T+a ©03)
61, 3m,
4np.N,
_ s/ Ms
a= m (9b)

where D, (cm*s™) is the diffusion coefficient of diffusing compound j x is the
empirical association parameter of the solvent, M is the molecular mass of
solvent, T (K) is the temperature, n (kg:-ms™) refers to the dynamic viscosity
of the solvent, m; (g:mol™) is the molecular mass of diffusing compound J, V,
(cm*mol™) is the molar volume of diffusing compound j V. (cm®*mol™) is the
molar volume of solvent, k, (J-K™) is the Boltzmann's constant, N, is the

Avogadro number, p,, (619 kg'm™) is the effective density. Comparing with
the equation proposed in this study, the equations defined by Wilke and
Chang, Scheibel, Hayduk and Laudie, Worch and SEGWE returned the lower
R? values of 0.912, 0.878, 0.920, 0.938 and 0.809 on the test set, respectively.
Additionally, the RMSE (> 4.75 x 10 and MAE (> 2.48 x 10°°) values of the
above equations were higher than the ones of our proposed equation (2.94 x
107 and 1.32 x 107%). This suggested that the proposed equation is more
accurate for predicting organic compounds diffusion coefficients in water.

DISCUSSION
Comparison of data-driven model and hybrid model

The purely data-driven equation, derived via symbolic regression without
prior physical constraints, demonstrated robust predictive accuracy across
the test datasets (R* = 0.967-0.969). But the use of mathematically complex
functions (such as nested exponentials in temperature term) and empirically
adjusted coefficients makes it physically uninterpretable. While such equa-
tion works well for interpolation within the training domain, it lacks a clear
connection to the established diffusion theory (e.g., Arrhenius-type tempera-
ture dependence or Stokes-Einstein hydrodynamics), limiting its interpretabil-
ity and broader applicability. In contrast, the hybrid model not only retains
physical transparency through explicit encoding of Stokes-Einstein hydrody-
namics (via W) but also outperforms the data-driven model. This enhance-
ment arises from the incorporation of domain-specific knowledge. By intro-
ducing the Wilke-Chang term, the model is better equipped to accurately
capture the temperature dependency of diffusion coefficients. Significantly,
the hybrid framework illustrates that the incorporation of physical priors does
not need to compromise empirical accuracy. Instead, it can augment it by
constraining the symbolic search space to physiochemically meaningful rela-
tionships.

Experimental data versus synthetic data

In comparison, symbolic models trained exclusively on experimental data
demonstrated marginally superior performance. Specifically, both data-driven
and hybrid methods achieved slightly higher accuracy using experimental
datasets (eq. 2: R* = 0.969; eq. 4: R* = 0.976) than mixed datasets (eq. 1: R? =
0.967; eq. 3: R* = 0.972). Furthermore, sensitivity analysis of the hybrid model
revealed gradual performance degradation with increasing synthetic data.
The performance degradation likely stemmed from two mechanisms: ampli-
fication of inherited parent model bias during training, and distortion of
descriptor-target associations caused by noise in synthetic data. These find-
ings indicated that data quality may hold greater significance than data quan-
tity in model development. Therefore, high-quality experimental data should
be prioritized for model training and testing.

Analysis of model structure uncertainty

To quantify the model-form uncertainty and verify the reliability of the opti-
mal model, expressions and performance metrics of top-performing models
across diverse construction strategies and training datasets were compared
(Table S8). In general, these models exhibited consistent structural patterns.
Specifically, six out of seven models consistently include temperature, molec-
ular volume, molecular weight, and viscosity as predictive variables. In these
six models, temperature and molecular weight demonstrated positive corre-
lations with diffusion coefficients, whereas molecular volume and viscosity
showed negative impacts. To further assess the robustness of relationships
derived from eq. 4, we analysed the top-five hybrid models trained exclu-
sively on experimental datasets (Table S7). Notably, four of these five models
included the identical descriptors (temperature, molecular volume, molecular
weight, and viscosity), with functional forms maintaining the relationships
observed in the optimal model. This consistency across multiple high-
performing models confirms the structural stability of the inferred physico-
chemical relationships in the optimal model.

Nature of organic compounds aqueous diffusion coefficients

Similar to the above-mentioned empirical equations, the temperature and
molecular volume were positively and negatively related to diffusion coeffi-
cient in our equation, respectively. Specifically, temperature governs diffusion
through dual mechanisms: (1) direct thermal activation, where higher
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Figure 4. Test accuracy of optimal models (A) Data-driven model trained on mixed dataset (eq. 1), (B) Data-driven model trained on experimental dataset (eq. 2), (C) Hybrid
model trained on mixed dataset (eq. 3), (D) Hybrid model trained on experimental dataset (eq. 4).

temperature accelerates molecular motion, reflected in the linear temperature-
dependence of the Wilke-Chang term; and (2) indirect viscosity (n) modula-
tion, as n decreases exponentially with temperature, amplifying diffusion
coefficients. Molecular volume primarily imposes hydrodynamic drag, with
the V8 term in W aligning with Stokes-Einstein scaling to describe size-
dependent retardation. Nevertheless, there are two differences between our

equation and the previous empirical equations. Firstly, the molecular-related
term in previous equations usually only included molecular weight or molec-
ular volume of diffusing compounds (Table 1 and eq. 5-9). For instance,
molecular-related terms in the equation of Worch and SEGWE only included
molecular weight (eq. 8-9), and the empirical equations of Wilke and Chang,
Scheibel and Hayduk and Laudie only consider molecular volume (eq. 5-7).
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Figure 5. Sensitivity analysis of hybrid model performance to progressive synthetic
data integration.

Table 1. Comparison of prediction performance for organic compounds aqueous
diffusion coefficients using different equations.

Equation *Variables °R? °RMSE IMAE

This study M,V, T, n 0.976 2.94x10°° 1.32x10°®
Wilke and Chang V,T.n 0912 564x10° 275x10°
Scheibel V,T,n 0.878 6.67x10°° 3.41x10°
Hayduk and Laudie V,n 0920 5.40x10° 2.48x10°
Worch M, T,n 0.938 4.75x10° 2.75x10°
SEGWE M, T, n 0.809 8.325x10°® 4.79x10°

M (g-mol™) is the molecular weight of diffusing compound; V (cm®*mol™) is
the molecular volume of diffusing compound, T (K) is the temperature and
n (kg-ms™) refers to the dynamic viscosity of the solvent. °R? is squared
Pearson correlation coefficient. ‘RMSE is root-mean-square error. °MAE is
mean absolute error.

However, the molecule-related term in our optimal equation consisted of both
molecular weight and molecular volume. Given the diversity of molecular
structures, individual variable either molecular weight or molecular volume
along might be insufficient to provide a detailed description of the molecular
structures and properties. As depicted in Figure 6B, the compounds with the
same molecular weight but different molecular volumes have different aque-
ous diffusion coefficients. For instance, the diffusion coefficients of cyclic
molecules are usually greater than the ones of aliphatic molecules with the
same molecular weight.”' Based on our dataset, 125 pairs of cyclic molecules
and aliphatic molecules of the same molecular weight were compared
(Table S9). The results indicated that the differences on diffusion coefficients
between the cyclic molecules and the aliphatic molecules could be induced
by different molecular volume. Additionally, given the compounds with the
identical molecular volume but different molecular weight has distinctive
diffusion coefficients (Figure 6B), it is necessary to combine molecular weight
and molecular volume to describe the structural information of organic
compounds in the governing equation for calculation of diffusion coefficients.
Secondly, molecular weight is usually negatively correlated to diffusion coef-
ficients in the empirical equations (eq. 6 & 7). In contrast, a positive correla-
tion between molecular weight and the diffusion coefficients was obtained in
our equation (eq. 4), which contradicts the results revealed by SHAP analysis
(Figure S5). The fact is that the SHAP method is good at identifying correla-
tions, rather than capturing causal relationships.* In fact, the identified corre-
lations might be inequivalent with causality due to mediation or confounding
effects.* In order to eliminate pseudo-correlation and verify the effectiveness

of our equation, causal inference was performed to identify the causal rela-
tionships between the diffusion coefficients and the variables in the proposed
symbolic equation.” Utilizing the experimental dataset, we constructed a
weighted causal diagram to illustrate the outcomes of causal effect estima-
tions, depicted in Figure 6A. The detailed causal estimation and validation
results are given in Table S10. The causal diagram showed that the causal
effects of temperature, molecular volume and molecular weight on diffusion
coefficient were 3.3 x 107, -2 x 10 and 2.1 x 107, respectively (Figure 6A),
indicating that the water temperature and the molecular weight are positively
contributing to the diffusion coefficients, but the molecular volume negatively
influenced the diffusion coefficients. Moreover, the influence of temperature,
molecular volume, and molecular weights on the diffusion coefficients fell in
turn. The observed trends aligned with the proposed equation. As mentioned
above, molecular volume could affect both molecular weight and diffusion
coefficients, thereby acting as a confounding factor for these two variables
(Figure 6A). Specifically, molecular volume induced a positive impact on
molecular weight and a negative impact on diffusion coefficients, and thus
resulting in a spurious negative relationship between molecular weight and
diffusion coefficients (blue broken line in Figure 6A). Therefore, a causal rela-
tionship between molecular weight and diffusion coefficients could be
resolved once the confounding impact of molecular volume was eliminated.
These results suggested that the proposed equation successfully identified
the causal relationship between the diffusion coefficients and molecular
weight and molecular volume.

To further confirm the reliability of the proposed equation, a controlled test
was performed. Concerning water temperature, diffusion coefficients of the
organic compounds at different water temperatures were compared. For all
the compounds in the experimental dataset, the diffusion coefficients
increased at increasing water temperatures. For instance, the diffusion coef-
ficient of Cyanogen chloride at 298.15 K is higher than the one at 274 K
(Figure 6B). Also, we compared the diffusion coefficients of the organic
compounds with identical molecular weight but different molecular volume at
same temperature. A negative correlation between the molecular volume and
diffusion coefficients was observed (Figure 6B). Moreover, at the same
molecular volume and water temperature, molecules of larger molecular
weight typically exhibit the higher diffusion coefficients than the ones with
smaller molecular weights (Table S11). For instance, the molecular weight
and diffusion coefficients of 3-iodo-1-propene are higher than the ones of
butyric acid at the same water temperature as shown in Figure 6B. These
results further demonstrated the validity of the proposed equation.

Limitations, Outlook and Geoscientific Applicability

Despite its advancements, the hybrid model faces several limitations that
warrant consideration. While the selected molecular descriptors (V, M)
capture dominant diffusion controls, they incompletely represent illustrate all
the factors affecting the physical properties of a molecule. In addition, the
dataset in this work compiles diffusion coefficients measured by different
sources and techniques, which may introduce systematic offsets.

To address these gaps, future work could pursue the following intercon-
nected directions: (1) integrating quantum-chemical descriptors to resolve
electronic effects beyond V and M; (2) implementing group-aware data
handling by treating measurement techniques as grouping variables during
cross-validation to address dataset heterogeneity and method bias;
(8) employing extreme learning machine (ELM) ensembles separately on
experimental and mixed datasets to detect model-predicted data propaga-
tion;"® (4) testing descriptor reproducibility by grouping based on descriptor
calculation methods and assessing stability across definitions; and (5)
extending the HYDRUS-ML framework to generate synthetic diffusion
datasets under varying conditions (porosity, tortuosity, adsorption, pH, ionic
strength, and DOM) for symbolic regression mapping to effective diffusion
coefficients.”

Nevertheless, within the applicability domain, the equation offers signifi-
cant utility for geoscientific applications. One practical application of our
equation is the design of passive samplers, including the widely-used diffu-
sive gradients in thin-films (DGT). The precise diffusion coefficients predicted
by our equation are crucial for accurate determination of pollutants' aqueous
concentrations. Furthermore, the equation developed in this study could be
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Figure 6. The validation of symbolic formula (A) A causal graph with the weighted edge that indicates the estimated causal effect of different causal links. (B) Comparison of

diffusion coefficients for different compounds under diffusion temperatures.

utilized to calculate the diffusion coefficients of newly identified organic
pollutants, which provides essential input parameters for modelling ground-
water transport of these emerging contaminants as well as for risk assess-
ment of groundwater contamination.

CONCLUSIONS

By symbolic regression with experimental data, we developed a general
theory for diffusion coefficients that can be applied to a wide range of organic
compounds at varying temperatures. A concise equation comprising molecular
weight, molecular volume, temperature and viscosity is developed to calcu-
late the organic compounds aqueous diffusion coefficients at varying
temperatures. Notably, the proposed equation led to more accuracy prediction
of the diffusion coefficients compared with the ones determined by using the
currently available empirical equations. Besides, the sensitivity test reveals
that high-quality experimental data should be prioritized for model construction.
Remarkably, the results revealed by causal inference suggested that the
proposed equation successfully captures the causal relationship between
organic compounds diffusion coefficients and the above-mentioned vari-
ables. These results highlight the importance of transparent data-driven
theory in discovery of symbolic laws determining organic compounds diffusion
coefficients in water. The equation developed in our study will serve as a
valuable tool to predict accurate aqueous diffusion coefficients of organic
compounds for different practices and applications in geosciences.
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