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Abstract

Artificial intelligence (Al) has been increasingly used in environmental health research to
predict pollutant concentrations, human exposure levels, and disease risks. However, the
evaluation of predictive models depends largely on traditional metrics such as the coefficient
of determination (R?) or predicted R?, which is frequently misinterpreted in predictive
modeling contexts. In many studies, R? is used interchangeably with predictive performance
metrics, potentially leading to overestimation of model reliability. Moreover, conventional
evaluation indicators primarily quantify correlation or error magnitude and may fail to detect
systematic prediction bias across exposure gradients. As a result, models with high apparent
accuracy can still exhibit discriminatory prediction patterns, such as consistent
overestimation or underestimation across the prediction range. Here, we clarify the
distinction between the R? and predictive squared correlation coefficient (Q?), and highlight
the overlooked issue of prediction discrimination in Al-based environmental modeling. To
address this limitation, we propose an integrated evaluation metric, W2, which combines
predictive accuracy with a penalty for systematic deviation from the 1:1 prediction line, as
demonstrated with real environmental health data. This provides an auxiliary tool for
assessing predictive reliability and improving the methodological rigor of Al-driven
environmental health studies.
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Highlights

+ Rapid integration of Al into environmental health research holds transformative potential.

* Predictive R? is usually misused in previously published Al studies.
+ We proposed that W? and F values as the auxiliary perspective to differentiate model prediction accuracy and discrimination.

Artificial intelligence (Al) is rapidly transforming environmental health
science by enabling large-scale predictions of pollutant concentrations,
human exposure levels, and disease risks!'l. Al models have been
increasingly used to reconstruct high-resolution air pollution fields,
estimate chemical exposure in biomonitoring studies, and prioritize
hazardous chemicals for regulatory decision-making®?. As environ-
mental health research moves toward data-intensive modeling fra-
meworks, the evaluation of predictive performance has become a cen-
tral methodological challenge. Among commonly used performance
metrics, the coefficient of determination (R?) or predicted R?, remains
one of the most widely reported indicators for regression-based

prediction models®. However, R? is often misinterpreted or misapplied
in the context of predictive modeling. In parallel, increasing application
of Al models in environmental health has introduced additional
methodological concerns. Environmental exposure data often span
multiple orders of magnitude, exhibit strong spatial heterogeneity, and
involve nonlinear relationships between environmental factors and
health outcomes. For example, in the "HExpPredict" Al model, which
predicts human blood exposome for chemical risk prioritization,
chemical concentrations span eight orders of magnitudel'l. Under
these conditions, conventional evaluation metrics may fail to capture
systematic deviations between predicted and observed values. In
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particular, models with high R? values may still produce biased
predictions across exposure gradients or population groups. These
issues raise an important methodological question that how should
predictive performance be evaluated in Al-based environmental health
models to ensure both prediction accuracy and balance of the
prediction discrimination? In this study, we clarify the distinction
between the R? and the predictive squared correlation coefficient (Q?),
which are frequently conflated in the literature. We then highlight a
less recognized limitation of conventional evaluation metrics, the
inability to capture prediction discrimination, defined as systematic
deviation between predicted and observed values. Finally, we propose
an integrated evaluation metric, W?, which combines predictive
accuracy with a penalty for systematic prediction bias. This approach
aims to improve the reliability and interpretability of Al-based
environmental health predictions.

Misinterpretation of R? in predictive
modeling

R? is traditionally used to evaluate how well a regression model fits
observed data. Mathematically, R? quantifies the proportion of variance
in the response variable that is explained by the model. In classical
statistical modeling, this metric serves as an indicator of model
goodness-of-fit within the dataset used to construct the regression
model. However, predictive modeling requires a different evaluation
perspective. When models are applied to new, unseen data, the
primary concern is not how well the model fits the training dataset, but
how accurately it predicts external observations. In this context, the Q?
provides a more appropriate evaluation on predictive performance by
comparing predicted values with observed values in a validation
dataset. Our previously published mathematical proof and empirical
calculations revealed that using the training dataset activity mean for
computing Q? introduces systematic bias into the results, leading to an
overestimation of a model’s predictive power!®. Thus, the validation
dataset activity mean should be used as the reference as Eq. (1):
_PRESS _ . ZOpeayors)®
§S Z(Vobs ¥’

where PRESS denotes predictive sum of the squared differences
between predicted and observed values; SS denotes the sum of
squares of the differences between observed values and their mean
(). Hence, @ reflects the degree of aggregation of the predicted
values and the observed values around the 1:1 line ranging (-0, 1] for
evaluating the predictive power of a model (in red, Figure 1a). We
emphasized that y should come from the corresponding validation set
(i.e., new, unseen data). For example, this approach helps ensure that
quantitative structure-activity relationship (QSAR) models maintain
scientific credibility and reliability, and was used to reshape the
guidance document of Organization for Economic Co-operation and
Development (OECD) for toxicity prediction®. For convenience,
researchers tend to refer to Q2 as R? to measure the predicting ability,
which can be calculated by functions from the most popular software,
e.g., "r2_score()" in the package "scikit-learn" (Python software) and
"R2()" in the package "caret" (R software).

However, a key issue is that some studies do not clearly distin-
guish Q2 in Eqg. (1) from the R? (coefficient of determination) as
defined in Eq. (2):
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where yg is the (possibly newly) fitted value of the target property
using the training data, as opposed to the (unmodified) predicted

value of the model y,..q, when employing the validation data to
calculate Q? (Eq. 1); SSE denotes sum of squared error; and SST denotes
sum of squares total. R? is used for evaluating the "goodness-of-fit" of a
regression model with the range of [0, 1]. In this case, y refers to the
data set under investigation for deriving the model (or training), not for
the validation (or test) data set. For the training dataset, the values of y
for Eq. (1) and Eq. (2) are equal, and yeq = ysie, resulting in Q* = R2 Still,
misuse of these terms is common. For example, a study introduced R?
as the "coefficient of determination” and used this term for both
training and validation data setsP. This practice is inappropriate
according to our previous explanation that R? for the validation data
set should be "predictive squared correlation coefficient" ™. Another
study fitted the predictive and observed values using Eq. (2) to obtain
the correlation coefficient (v/g2) for both training and validation data
sets!%, analogous to the model fitting line (in blue) in Figure 1a. These
examples highlight the importance of clearly differentiating R? from Q?
to ensure accurate model evaluation. Therefore, clarifying the
conceptual differences between R? and Q? is an important step toward
improving the methodological rigor of Al-based environmental health
studies.

Prediction discrimination in
environmental health models

Beyond the distinction between R? and Q?, prediction discrimination of
conventional evaluation metrics has received relatively little attention.
It refers to systematic deviations between predicted and observed
values that remain hidden when models are evaluated solely based on
correlation-based metrics. For example, a model may consistently
overestimate low concentrations while underestimating high
concentrations. In such cases, predicted values may still correlate
strongly with observed values, resulting in high R? or Q? values, even
though the predictions exhibit systematic bias. This issue is particularly
relevant for environmental health modeling. Environmental exposure
data often cover several orders of magnitude and may involve
complex nonlinear relationships between environmental drivers and
pollutant concentrations!'l. Under these conditions, a model may
achieve high correlation with observed data while still failing to
reproduce the correct scale of environmental exposures.

To address these limitations, we propose a new evaluation metric,
W2, which integrates predictive accuracy with an explicit penalty for
systematic prediction deviation. The central idea is to combine the
Q% with an angular deviation term that quantifies the difference
between the regression line of predicted versus observed values
and the ideal 1:1 line. The angular deviation reflects the degree to
which predictions deviate from perfect agreement in scale. To
formalize this concept, we define the loss function J, which incorpo-
rates both Q2 and a penalty for angular deviation of F in Egs. (3)-(5):

F

- 2. —_— QE—
J=Qexp(-rg;) &)
F =t [P21]. 180 “@

p+1l
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where g is the slope of the regression fit for predicted vs. observed
values; the term (F/90) normalizes F (since F is in degrees ranging
[0-90°]; and gamma (y) is a tuning hyperparameter controlling the
strength of the penalty and ranging [0, +co]. Using the exponential

&)

F . .
term exp(—y—) can seamlessly integrate both prediction accuracy

(through Q?) and slope fidelity (through F), creating a balanced metric
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Fig. 1 Conceptual framework and performance comparison of the proposed predictive evaluation metric W2 (a) Conceptual illustration of prediction
discrimination in regression models. Predicted values are plotted against observed values, where the dashed red line represents the ideal 1:1 agreement.
The blue line indicates the fitted regression line between predicted and observed values. The angular deviation (F) between these two lines quantifies
systematic prediction bias, reflecting the extent to which model predictions deviate from scale-consistent agreement. (b) Performance analysis of the loss
function J under different penalty strengths (y). Panel (b1) shows how the penalty parameter y modulates the influence of angular deviation F on J Panels
(b2-b5) illustrate the relationship between J and predictive squared correlation (Q?) across simulated prediction scenarios with different y values,
demonstrating how increasing y strengthens the penalty for prediction discrimination. (c) Model comparison using Q?, F, and the integrated metric W2. (d)
Application of W? to evaluate an environmental health prediction task across the six representative models of tabular prior-data fitted network (TabPFN),
random forest (RF), support vector machine (SVM), eXtreme Gradient Boosting (XGBoost), Elastic Net (ENET), and Least Absolute Shrinkage and Selection

Operator (LASSO).

that encourages models to be both accurate and consistent in their
scale of predictions with several advantages. As F increases, typical
monotonic decreasing patterns are observed when y varies from 0.01
to 10 (Figure 1b1). For simulated data sets of the predicted vs.
observed values with Q? from —10 to 1, there is a positive relationship
between J and Q?, of which the curve shape is greatly modulated by y
value (Figure 1b1-b5). Based on our experience, the model
performance can be well evaluated when the value of y ranging [0.1, 1].
For the tuned model with the optimal y (yo), we define the new
evaluation metric (W?) in Eq. (6), which is the final form of Eq. (3),

W= 0-exp(~yoprng) ©)

where Q2 and F are calculated using the predicted vs. observed values
in the validation data set.

To illustrate the utility of W2, consider two predictive models that
produce similar Q2 values when evaluated against validation data.
Although both models may appear equally accurate based on corre-
lation metrics, their prediction behaviors may differ substantially. If
the predicted values closely follow the 1:1 line, it suggests accurate
reproduction of the magnitude of observed values. In another case,
predicted values exhibit systematic slope deviation, indicating of
consistent overprediction or underprediction across the exposure
range. Taking the three assumed model results by setting y = 1 for
example (see Figure 1c), we can see that Scenario-1 have relatively
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good Q? (= 0.933), but great discriminatory prediction with F =
12.53°, as also indicated by W2 = 0.812. Scenario-2 and Scenario-3
have equivalent Q2 values (i.e., 0.991 vs. 0.992), but greater discrimi-
natory prediction was found for Scenario-2 than Scenario-3,
reflected by W2 (i.e., 0.987 vs. 0.971, respectively). By incorporating
this angular deviation into the evaluation metric, W2 captures both
correlation strength and prediction consistency. For a more practi-
cally relevant evaluation, we applied W2to the HExpPredict human
blood exposome prediction datasetl'! (see Figure 1d). Although all
models achieved high Q2 values (i.e., prediction R?), their deviations
from the 1:1 prediction line differed. Tabular prior-data fitted
network (TabPFN) and random forest (RF) showed the highest W2,
whereas Elastic Net (ENET) and Least Absolute Shrinkage and Selec-
tion Operator (LASSO) exhibited larger F, revealing calibration limi-
tations despite moderate predictive correlations. Their integration in
W2 therefore distinguishes models that merely reproduce relative
trends from those that also generate quantitatively reliable predic-
tions.

In summary, we made a comprehensive summary of R, Q% and
propose an optimization strategy. Through theoretical derivations
and empirical validation, we illustrated that W2 and F can differenti-
ate models based on both prediction accuracy and discrimination as
auxiliary indices. However, W? is a complementary metric, not a
standalone solution. Overfitting should still be controlled through
appropriate procedures such as cross-validation, external validation,
and strict separation of training and test data, and W2 should be
interpreted together with root mean squared error (RMSE), mean
absolute error (MAE), and other relevant performance indicators.
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"w2_calculation_function.py" to compute R%, Q? F, and W? for readers'
convenience.
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