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Abstract

In order to conveniently and efficiently determine the Permissible Exposure Limits (PELs)
of organic chemicals in the workplace, this study employed Quantitative Structure–Activity
Relationship (QSAR) modeling to predict properties related to occupational health and
safety. The predictive study was conducted by correlating the PELs of 75 hydrocarbons
and their oxygen-containing derivatives with the molecular structures of the organic com-
pounds. Meanwhile, this study conducted a comprehensive and in-depth comparative
analysis of the four developed predictive models. The sample set was partitioned using
the Affinity Propagation (AP) clustering algorithm. Four characteristic molecular descrip-
tors were selected by integrating the Genetic Algorithm (GA) with the variance inflation
factor (VIF) value. Subsequently, the Multiple Linear Regression (MLR) model and two
nonlinear models, namely the Support Vector Machine (SVM) and the Extreme Gradient
Boosting (XGBoost), were developed and used for predictive comparison. Furthermore,
the performance of the models was evaluated through both internal and external valida-
tion methods, and the Williams plots were constructed to define the model’s applicability
domain. The results indicated that the XGBoost model achieved high performance, with
a coefficient of determination (R2) of 0.9962 on the training set and 0.8892 on the testing
set. The corresponding root mean square errors (RMSE) were 0.1012 and 0.6623 for the
training and testing sets, respectively. The internal validation coefficient (Q2loo) was
0.8975, while the external validation coefficient (Q2ext) was 0.832. Moreover, the majority
of the sample data (approximately 96%) fell within the application domain defined by
±3 times the standard residue-to-critical arm ratio, where h* = 0.2. This demonstrates
that the XGBoost model exhibits excellent fitting capability, stability, and predictive power,
thereby uncovering a significant nonlinear relationship between the molecular structure
of compounds and the PELs. As outlined above, the utilization of the QSAR method for
predicting the PELs of hydrocarbons and their oxygen-containing derivatives constitutes a
highly effective approach.

Keywords: quantitative structure–activity relationship; permissible exposure limit; affin-
ity propagation; extreme gradient boosting; support vector machine; hydrocarbons and
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1. Introduction
Oxygen-containing hydrocarbon derivatives represent a class of chemically reactive

organic substances, with their molecular structures featuring oxygen-functional groups
that predispose them to redox reactions [1–3]. These compounds, which include alcohols,
phenols, aldehydes, carboxylic acids, and esters, exhibit considerable structural diversity
and are widely employed in industrial applications as solvents, polymer precursors, disin-
fectants, and in the manufacture of resins, plastics, and pharmaceuticals [4–6]. However,
their chemical instability, combined with inherent sensitivity and susceptibility to degra-
dation by factors such as photolysis, hydrolysis, and oxidation, makes them significant
contributors to occupational health hazards and safety incidents in environments involving
hazardous chemicals [7–9]. For example, the photolysis of acetaldehyde results in the
formation of peroxyacetyl nitrate (PAN), elevated levels of which can pose serious health
risks to humans, including severe irritation to the eyes and respiratory tract, and the poten-
tial to cause systemic oxidative stress [10]. Polycyclic aromatic hydrocarbons (PAHs) and
their oxygenated derivatives, such as anthraquinone, enter the human body via inhalation
and dietary intake, accumulate in adipose tissue, and can induce DNA adduct formation
and apoptosis, thereby posing significant adverse effects on the respiratory and reproduc-
tive systems [11]. Hou et al. emphasized Oxygenated polycyclic aromatic hydrocarbons
(OPAHs), emerging contaminants in the environment, identifying key genes involved in
OPAHs-induced IBD [12]. Despite the increasing adoption of improved occupational health
and safety management systems by global enterprises through process optimization and
the implementation of protective equipment [13–15], occupational health and safety remain
a pressing and complex industrial challenge of global importance due to its multifaceted
nature [16]. In particular, exposure to hazardous chemicals in industrial environments
represents a prevalent and critical risk that necessitates prompt intervention. Oxygen-
containing hydrocarbon derivatives serve as a representative example of such hazardous
substances. Their volatility and reactivity may lead to the accumulation of adverse health
effects among workers via inhalation or dermal exposure [17]. To address these risks, the
U.S. Occupational Safety and Health Administration (OSHA) has established the PELs as
a regulatory benchmark for occupational exposure [18]. The PELs defines the maximum
allowable airborne concentration of hazardous substances to which workers can be exposed,
based on an 8 h time-weighted average (TWA), either within a single workday or over a
40 h workweek, without incurring significant long-term adverse health effects [19,20].

Currently, a substantial body of research has investigated physical factors associated
with occupational exposure in workplace environments. Examples of such studies include
examinations of the effects of noise exposure PELs on auditory threshold levels [21], the
impact of optical radiation exposure limits on retinal health [22], and the evaluation of
permissible exposure limits for thermal stress in controlled laboratory settings [23]. Ad-
ditionally, numerous studies have concentrated on incidents resulting from occupational
exposure to hazardous chemicals in industrial and occupational settings [24,25]. In 2022,
D. Szczesna et al. [26] conducted a comprehensive review of the existing literature con-
cerning the health effects of occupational exposure to inhalation anesthetics and proposed
maximum allowable concentration (MAC) values for the volatile anesthetic agents enflu-
rane, desflurane, isoflurane, and sevoflurane. In 2021, Tustin Aaron W. et al. [27] conducted
an investigation into three fatal cases associated with occupational exposure to nickel
carbonyl, methyl bromide, or styrene through the development of a single-compartment
pharmacokinetic (PK) model. The study included an analysis of biological monitoring data
concerning acute chemical exposure in industrial settings, aiming to evaluate employer
compliance with the Occupational Safety and Health Administration’s (OSHA) PELs for
airborne contaminants. In 2020, Ronald N. Kostoff et al. [28] introduced a streamlined
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methodology aimed at enhancing regulatory exposure limits for combined toxic stressors.
This approach enabled the normalization of various combinations of stressors by con-
verting exposure doses into their corresponding Toxicity Reference Value (TRV) fractions,
which were then divided by the total sum of all such fractions. Established by the U.S.
Occupational Safety and Health Administration (OSHA) under the Occupational Safety
and Health Act of 1970, the PELs serve a dual function: facilitating the evaluation of occu-
pational hygiene conditions and enhancing the regulation and oversight of worker health
and safety [29]. These functions highlighted the broad applicability and critical importance
of PELs within the domain of occupational health [30]. Nevertheless, the existing PELs
for hazardous chemicals are predominantly derived from animal studies that assess acute
inhalation or oral toxicity [31–33]. These conventional experimental approaches are subject
to significant limitations, such as substantial costs, prolonged timelines, and notable safety
risks. Moreover, ethical concerns, particularly those aligned with the 3Rs principle in animal
testing, impose additional constraints on their applicability [34]. Consequently, the PELs
are insufficient to address the progressively changing requirements of regulatory frame-
works and industrial practices [35].With the ongoing development and introduction of new
chemical substances, particularly within the class of hydrocarbons and their derivatives,
there is an increasing demand for efficient and practical theoretical prediction methods to
complement and overcome the limitations of traditional experimental approaches. Quanti-
tative Structure–Activity Relationship (QSAR) technology utilizes mathematical modeling
approaches to construct reliable predictive models by establishing correlations between
compound activity data and molecular structures [36]. This feature makes it a highly valu-
able tool for predicting PELs, as supported by internationally accepted OECD guidelines
and established QSAR principles [37].

To date, the application of QSAR in predicting the PELs remains largely unexplored.
However, this work is part of a broader scientific trend towards computational methods for
occupational exposure and safety assessment [38–41]. This study employed the QSAR ap-
proach to estimate the PELs of oxygen-containing hydrocarbon derivatives. The proposed
methodology not only addressed the limitations inherent in experimental methods but
also offered an alternative strategy for predicting the PELs for as-yet unregulated or newly
synthesized chemical compounds within this broad class. Furthermore, the AP clustering
algorithm was employed to partition the sample set of oxygen-containing hydrocarbon
derivatives. This algorithm effectively classified the dataset into distinct clusters, ensuring
maximal similarity among data points within the same cluster and maximal dissimilarity
between clusters. This clustering approach markedly enhanced the rationality and scientific
rigor of the sample division process. Subsequently, the MLR model was constructed to
correlate the molecular structures of oxygen-containing hydrocarbon derivatives with their
corresponding activity data values. In addition, the nonlinear models based on SVM and
XGBoost were also developed. The primary objective of these models is to establish quanti-
tative relationships between four molecular descriptors and the permissible exposure limits
(PELs) of chemical compounds, with the descriptors serving as input variables and PELs as
the target output for prediction. Among the modeling approaches, multiple linear regres-
sion (MLR) provides a clear and direct representation of this relationship through a linear
equation, offering high interpretability. In contrast, nonlinear models—such as support vec-
tor machines (SVM) and extreme gradient boosting (XGBoost)—are not inherently opaque
“black boxes”; rather, they utilize complex mathematical architectures—such as kernel func-
tions in SVM and ensembles of decision trees in XGBoost—to capture intricate nonlinear
patterns between the descriptors and PELs. Although their internal mechanisms are less
intuitively transparent than those of MLR, these models derive highly accurate predictive
rules through training and are capable of delivering reliable PEL predictions. Conceptually,
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molecular descriptors can be regarded as “chemical fingerprints” of compounds, while the
predictive models act as “translators” that decode the quantitative relationship between
these fingerprints and their corresponding exposure limits. To ensure the reliability of
the models, both internal and external validation methods were implemented to assess
their predictive performance [37]. Furthermore, the Williams plot was utilized to delineate
the applicability domain of the models [37], thereby improving the interpretability and
generalizability of the predictive outcomes. In this study, a schematic illustration depicts
the procedural steps involved in the development of the MLR, SVM, and XGBoost models,
as shown in Figure 1.

Figure 1. Schematic illustration of the steps involved in the development of QSAR models presented
in this study.

2. Fundamental Principles
2.1. Affinity Propagation Clustering Algorithm

The AP clustering algorithm divides a dataset into distinct groups based on pair-
wise similarity measures derived from Euclidean distances [42]. By iteratively refining
the information of attraction and belongingness among data points in the dataset, the
proposed method maximizes the similarity of data objects within the same cluster while
simultaneously enhancing the dissimilarity between objects in different clusters [43]. The
AP algorithm has been widely applied across various domains, including power system
evaluation [44], spatial zoning of seawater quality monitoring stations [45], and text clus-
tering analysis [46]. During the clustering process, the algorithm initially treats each data
point as a potential exemplar, or cluster center. Through iterative message passing, it
progressively refines and determines the most appropriate exemplars and their associated
cluster members. A cluster is generally considered valid by default if it contains at least
one data point. Compared to conventional clustering algorithms such as K-Means and
K-Medoids, the AP algorithm presents several distinct advantages. It does not necessitate
the prior specification of the number of clusters, produces clear and interpretable exemplars
as cluster centers, exhibits robustness to initial parameter settings, achieves high clustering
accuracy and computational efficiency, and consistently generates stable and reproducible
results [47]. Therefore, this study utilized the AP algorithm for the initial classification
of the sample set. The sample set, sourced from the NIOSH Pocket Guide to Chemical
Hazards [48], was partitioned using the Affinity Propagation (AP) clustering algorithm.

Step1: The algorithm initialization involves computing the initial similarity matrix.
The Euclidean distance is employed to compute the similarity values s(i, k) among N data
points, as expressed in Equation (1). The resulting values are then organized and stored in
the similarity matrix S. {

s(i, k) = −∥xi − xk∥(i ̸= k)
s(i, k) = P(k)(i = k)

(1)
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s(i, k) denote the similarity between data points i and k. The p-value, which indicates
the reference degree, corresponds to the diagonal elements of the similarity matrix, where
the row and column indices are the same. It is of crucial importance in determining the
appropriate number of clusters.

Step2: Configure the essential parameters, including the reference degree (p-value),
damping factor (λ), and maximum iteration count. Subsequently, compute the responsibil-
ity values (r) and availability values (a), as formally defined in Equations (2) to (4).

r(i, k) = s(i, k)− max{a(i, k′) + S(i, k′)}(k′ ̸= k) (2)

a(i, k) = min{0, r(k, k)}+ ∑ {max0, r(i′, k)}}(i′ ̸= i, k′ ̸= k) (3)

a(k, k) = ∑ max{0, r(i′, k)} (4)

r(i, k) denotes the extent to which data point k is considered suitable as a class repre-
sentative for data point i. Meanwhile, a(i, k) denotes the membership degree of data point
i to the class representative k.

Step3: The attraction value r and membership value a are iteratively updated to
determine the high-quality clustering center k, as formally defined in Equations (5) to (7).

rnew(i, k) = λ × rold(i, k) + (1 − λ)× r(i, k) (5)

anew(i, k) = λ× aold(i, k) + (1 − λ)× a(i, k) (6)

k = argmax{a(i, k) + r(i, k)} (7)

rnew(i, k) and anew(i, k) represent the updated attraction value and membership value,
respectively. λ represents the damping coefficient, which governs the convergence speed
and iterative stability of the algorithm. k denotes the cluster center. Specifically, if i is
equal to k, then i itself serves as a cluster center; otherwise, k represents the cluster center
associated with data point i. The iterative process concludes when either the maximum
number of iterations is attained or the cluster centers stabilize, at which point the algorithm
proceeds back to Step 2.

2.2. Extreme Gradient Boosting

As a highly efficient and parallelizable ensemble learning algorithm, XGBoost is capa-
ble of accurately and efficiently processing high-dimensional and large-scale datasets, while
maintaining wide applicability across diverse application domains [49–51]. The algorithm
is constructed upon the Boosting framework, which is a method within the domain of
ensemble learning [52]. In the initial phase, a base model is developed using the training
dataset and functions as a weak learner [53]. Subsequently, the residuals of the model’s
predictions are examined, and a new weak learner is created by minimizing a predefined
objective function. This iterative process continues until a predetermined number of weak
learners is obtained. These weak learners are then integrated to form a highly accurate
strong learner for predictive tasks [53,54]. The XGBoost further employs a second-order
Taylor expansion to approximate the objective function and incorporates a regularization
term to manage model complexity, thereby effectively mitigating the risk of overfitting [55].
The mathematical formulation of the objective function is presented below.

Obj =
n
∑

i=1
l
(

yi, ŷ(t−1)
t + ft(xi)

)
+ Ω( ft) + constant

Ω( ft) = γT +
1
2

λ∥w∥2
(8)
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The objective function is expanded by means of a second-order Taylor
series approximation.

Obj(t) =
n

∑
i=1

[
l
(

yi, ŷ(t−1)
t

)
+ gi ft(xi) +

1
2

hi f 2
t (xi)

]
+ Ω( ft) + constant (9)

Here, ∑n
i=1 l

(
yi, ŷ(t−1)

t

)
denotes a fixed value, and together with the constant, both

terms can be omitted during the optimization of the loss function. As a result, the afore-
mentioned equation can be simplified as follows.

Objt =
n

∑
i=1

[
gi ft(xi) +

1
2

hi ft(xi)
2
]
+ γT +

1
2

λ
T

∑
j=1

w2
j (10)

The k-th decision tree maps the input sample data to a specific leaf node, denoted as
fk(x). The output value associated with the leaf node indexed by q(x) is represented as
wq(x), fk(x) = wq(x),

Objt =
n
∑

i=1

[
giwq(xi)

+
1
2

hiwq(xi)
2
]
+ γT +

1
2

λ
T
∑

j=1
w2

j

=
T
∑

j=1

[
( ∑

i∈Ij

gi)wj +
1
2
( ∑

i∈Ij

hi + λ)wj
2

]
+ γT

=
T
∑

j=1

[
Giwj +

1
2
(Hi + λ)wj

2
]
+ γT

(11)

Specifically, the aforementioned equation ∑
i∈Ij

gi = Gi, ∑
i∈Ij

hi = Hi represents a univari-

ate quadratic function with respect to wj. By differentiating this function with respect to wj,
the optimal value can be derived as follows.

w∗
j = −

Gj

Hj + λ

Obj∗ = −1
2

T
∑

j=1

G2
j

Hj + λ
+ γT

(12)

3. Sample and Methodology
3.1. Origin and Composition of the Sample Dataset

In QSAR studies, the accuracy of predictive models is largely dependent on the quality
and reliability of the underlying data [56]. The Permissible Exposure Limit (PEL) data for all
75 hydrocarbon compounds and their oxygen-containing derivatives were initially collected
from the NIOSH Pocket Guide to Chemical Hazards (NPG) [48]. The NPG, developed by
the National Institute for Occupational Safety and Health (NIOSH), provides a authoritative
and publicly available database of occupational chemical information. The PEL values cited
in the NPG are primarily based on the legal standards established by the U.S. Occupational
Safety and Health Administration (OSHA), which are derived from extensive toxicological
and epidemiological studies, including animal inhalation toxicity experiments and human
occupational exposure assessments [10,27]. To ensure consistency in data collection, this
study compiled the comprehensive dataset from this source. The specific information of
the dataset constructed in this article can be found in the Supplementary Information (SI).
This study initially employed the AP clustering algorithm to conduct cluster analysis on
the sample dataset. Owing to its capacity to automatically determine the optimal number
of clusters without requiring prior specification, the AP algorithm iteratively updates and
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calculates the attraction value and membership value for each data point. The data point
enables the efficient identification of cluster centers, particularly for high-dimensional and
multi-class data [47]. These cluster centers are actual data points from the original dataset
and function as representative exemplars by maximizing overall similarity and minimizing
the distances between other data points and their respective class representatives. The
AP clustering algorithm was implemented using the following parameter configurations:
the similarity matrix S was determined based on the Euclidean distances between data
points; the preference value P(i) was set to the median value of the similarity matrix S; a
damping factor λ of 0.5 was applied to mitigate oscillations during the message-passing
process; and the maximum number of iterations was capped at 200 to ensure computational
efficiency. After 59 iterations, the algorithm ultimately converged to 13 optimal cluster
centers. At this stage, the total similarity between all data points and their corresponding
class representatives reached its maximum. Subsequently, the AP clustering algorithm was
applied to classify the sample dataset, and a random partitioning method was employed to
divide each category into training and test sets at a ratio of 4:1. The training set consisted
of 60 samples, while the test set contained 15 samples. The training set was used to extract
molecular descriptors and build the predictive model, whereas the test set was employed
to evaluate the model’s performance metrics [37].

3.2. Selection of Characteristic Molecular Descriptors

Molecular descriptors, which serve as digital representations of compound molec-
ular structures, play a critical role in elucidating physicochemical properties, predicting
biological activities, and supporting drug discovery research [57]. In this study, the molec-
ular structures of hydrocarbons and their oxygen-containing derivatives were initially
constructed using the software ChemBioDraw23.1. These structures were subsequently
imported into Hyperchem8.0.8 for structural optimization using the MM+ molecular me-
chanics and PM3 geometry optimization methods [58]. Subsequently, the Dragon 2.0
software was employed to transform the chemical information contained within molecular
structures into numerical descriptors [59]. A total of 1481 molecular descriptors spanning
18 categories (constitutional, topological, molecular walk counts, BCUT, Galvez topol.
charge indices, 2D autocorrelations, charge, aromaticity indices, Randic molecular profiles,
geometrical, RDF, 3D-MoRSE, WHIM, GETAWAY, functional groups, atom-centred frag-
ments, empirical, and properties) were generated and underwent preliminary screening.
During this screening phase, descriptors exhibiting constant or near-constant values, as
well as those with correlation coefficients of 0.95 or above, were removed [60]. As a result,
a refined set of 514 molecular descriptors was obtained. However, at this stage, the number
of descriptor variables was still excessive, and substantial multicollinearity continued to
exist among the independent variables. Therefore, the genetic function algorithm proposed
by Rogers and Hopfinger [61], which utilizes the Lack-of-Fit (LOF) criterion as its fitness
function, was employed to further select descriptors. The fitness function was defined
using the Friedman LOF metric, with a smoothing parameter α set to 0.5. The algorithm
was configured with an initial equation length of 5, a maximum equation length of 10, a
population size of 50, a maximum number of generations capped at 500, and a mutation
probability of 0.1. As a result, four characteristic molecular descriptors were identified:
X0Av, SIC4, RDF010e, and Dv. The detailed nomenclature, classification, definitions, and
Variance Inflation Factor (VIF) values of these descriptors are provided in Table 1.
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Table 1. The nomenclature, classification, definitions, and VIF values of the molecular descriptors.

Nomenclature Classification Definition VIF

X0Av WHIM descriptors The average connectivity index chi-0 serves as a quantitative
descriptor of molecular branching 1.422

SIC4 topological
descriptors

The structural information content at the 4th-order
neighborhood symmetry level serves as an indicator of

molecular complexity
1.408

RDF010e RDF descriptors
When weighted by atomic Sanderson electronegativity, the
three-dimensional spatial structure reflects the molecular

radial distribution
1.240

Dv topological
descriptors

When weighted by atomic van der Waals volume, the total
feasibility index D serves as a descriptor of molecular size 1.412

As shown in Table 1, among the four descriptors, three major categories could be
distinguished: topological descriptors, RDF descriptors, and WHIM descriptors. Each
category captured different aspects of molecular structural features from a unique perspec-
tive. Specifically, both X0Av and SIC4 belong to the category of topological descriptors.
X0Av refers to the average valence connectivity index chi-0, which quantifies the degree
of molecular branching. SIC4 refers to the structural information content derived from
the fourth-order neighborhood symmetry, and it functions as a measure of molecular
complexity. RDF010e is categorized as an RDF descriptor and characterizes the three-
dimensional spatial configuration of the molecular radial distribution when weighted by
atomic Sanderson electronegativity. Dv is classified as a WHIM descriptor and represents
the total directional index of D when weighted by atomic van der Waals volume, thereby
reflecting the molecular size [62].

To ensure the reliability and validity of the selected descriptors, a multicollinearity
assessment was conducted for each variable based on the VIF. A VIF value within the
range of (0, 10) is generally interpreted as indicating negligible multicollinearity between
independent and dependent variables [63]. As presented in Table 1, the VIF values of the
selected molecular descriptors all fall within the range of (1, 2), which is substantially lower
than the commonly accepted threshold of 10 [64]. This suggests the absence of significant
collinearity between the molecular descriptors and the PELs. Consequently, the effects of
the four selected molecular descriptors on the PELs are statistically significant.

3.3. Model Establishment
3.3.1. MLR Model

The MLR model was constructed using IBM SPSS Statistics 26 software, incorporating
four selected molecular descriptors as independent variables and the permissible exposure
limit as the dependent variable. The derived MLR model is shown in Equation (13).

ln(PEL) = −16.139 + 21.918 × XX0Av − 0.568 × XRDF010e + 18.089 × XDv + 4.652 × XSIC4 (13)

In the equation, ln(PELs) denotes the predicted value of MLR for the logarithm of the
PELs, while X represents the characteristic molecular descriptor.

3.3.2. SVM Model

The SVM model was constructed using the LIBSVM toolbox in the software MATLAB
(version 2023), integrating selected molecular descriptors and the PELs as key modeling
variables. The Radial Basis Function (RBF) was selected as the kernel function, based
on the same four characteristic molecular descriptors used as independent variables. To
achieve the highest predictive accuracy, the grid search algorithm was applied to identify
the optimal parameter combination within the following ranges. The penalty coefficient
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C ∈ (0.001, 1000], the insensitive loss function ε ∈ (0.001, 1], and the kernel function width
γ ∈ (0.001, 1]. Following the normalization of all independent and dependent variables,
the optimal SVM parameters were identified as C = 256, γ = 0.011, and ε = 0.0731. Based
on these optimized parameters, a QSAR predictive model was constructed using the
SVM framework [65].

3.3.3. XGBoost Model

The XGBoost model was developed using MATLAB software to establish a predictive
relationship between characteristic molecular descriptors and the PELs. The hyperpa-
rameters of the XGBoost model were systematically optimized by adjusting the general
parameters, booster parameters, and objective function settings, with the aim of con-
structing a model exhibiting enhanced predictive performance. The specific parameter
configurations are outlined as follows. For the general parameters, the booster type was
set to “gbtree”, representing a tree-based boosting algorithm. The “nthread” parameter
was configured to leverage the maximum number of available computational threads.
And the “silent” parameter was set to 0 to enable detailed logging output during the
training process. With respect to the objective function configuration, the “binary logistic”
function was utilized to perform binary logistic regression, and the Root Mean Square
Error (RMSE) was selected as the evaluation metric, aligning with the characteristics of the
prediction task. The critical Booster parameters, including the number of decision trees,
maximum tree depth, learning rate, and regularization parameters, significantly influenced
the model’s performance and required continuous optimization and training. Through
iterative optimization and training, the optimal parameter configuration was determined as
follows. The number of decision trees (num_trees) was set to 120, the maximum tree depth
(depth) was configured to 5, the learning rate (eta) was set to 0.3, and the regularization
parameters lambda and alpha were assigned values of 1 and 0, respectively. All remaining
parameters were retained at their default settings, under which the model achieved optimal
predictive performance [66,67].

3.4. Model Validation and Evaluation

Model validation is conducted to evaluate the fitting capability, robustness, external
predictive performance, and generalization ability of the developed model [68]. The
validation criteria are established based on the guiding principles and evaluation standards
provided by the Organization for Economic Co-operation and Development (OECD) for the
assessment of QSAR models [69]. The fitting capability of the model is assessed through
statistical metrics, including the coefficient of determination (R2), root mean square error
(RMSE), and mean absolute error (MAE). A higher value of R2, accompanied by lower
values of RMSE and MAE, indicates enhanced model fitting performance. Model robustness
is evaluated using the leave-one-out cross-validation coefficient (Q2

loo), with a higher Q2
loo

value reflecting enhanced robustness. External validation is a crucial approach for assessing
a model’s predictive performance on independent and previously unseen datasets. To
ensure objectivity and reliability in the evaluation process, the external validation dataset
should comprise samples that were not involved in the model training stage. The external
predictive ability is measured by the external validation coefficient (Q2

ext), where higher
values reflect stronger external predictive performance. Furthermore, the applicability
domain and generalization ability of the model are evaluated through the Williams plot [37].
In this graphical diagnostic tool, if the majority of sample data points lie within the area
confined by three times the standardized residual and the leverage threshold h*. It indicates
that the model is valid and possesses robust predictive and generalization performance.
Any data points falling outside this boundary warrant further examination to detect
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possible outliers [70]. Detailed calculation procedures for the aforementioned evaluation
metrics are presented in the subsequent sections [68].

R2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(14)

RMSE =

√√√√√ n
∑

i=1
(yi − ŷi)

2

n
(15)

MAE =

n
∑

i=1

∣∣∣∣yi − ŷi

∣∣∣∣
n

(16)

Q2
100 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(17)

Q2
ext = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(18)

SD =

√√√√√ n
∑

i=1
(yi − ŷi)

2

n − 1
(19)

F =

1
m

n
∑

i=1
(ŷi − y)2

1
n − m − 1

n
∑

i=1
(yi − ŷi)

2
(20)

In the formula, n denotes the number of samples, I represents index variable represent-
ing individual observations (ranging from 1 to n) yi represents actual observed value of the

dependent variable for the i-th observation,
∧
yi denotes predicted value of the dependent

variable for the i-th observation generated by the model, y represents mean value of all
actual observed values of the dependent variable across the entire dataset, m represents
number of independent variables or features used in the model.

4. Results and Discussion
4.1. Performance of Models
4.1.1. Results and Evaluation of the MLR Model

The statistical validation results of the MLR model are presented in Table 2, and the
descriptive statistics of the PELs for hydrocarbons and their oxygenated derivatives across
all variables are provided in Table 3.

Table 2. The MLR Model Test Results.

Key Inspection Parameters R2 RMSE SD p F

Result 0.8202 0.7441 0.972 <0.001 48.319

Standard >0.6 A smaller value indicates a
more favorable outcome.

A smaller value indicates a
more favorable outcome. <0.05 >Ftheory
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Table 3. Statistical Parameters of the MLR Model for Predicting PELs of Hydrocarbons and Their
Oxygenated Derivatives.

Characteristic
Molecular

Descriptors

Regression
Coefficient

Standardized
Coefficient

Standard
Error t-Value Sig

Constant 16.139 1.911 −8.466 <0.001
X0Av 21.918 0.836 1.956 11.204 <0.001

RDF010e −0.568 −0.452 0.088 −6.485 <0.001
Dv 18.089 0.427 3.148 5.746 <0.001

SIC4 4.652 0.325 1.064 4.373 <0.001

To evaluate the reliability of the developed MLR model, statistical analyses were
performed to assess the model’s goodness of fit, the overall significance of the regres-
sion equation, and the significance of each individual predictor variable, as presented
in Tables 2 and 3. The R2 of 0.8202 indicated a strong overall relationship between the
independent variables and ln (PELs), demonstrating that the model exhibited a satisfactory
level of goodness of fit.

The RMSE was 0.7441. Given that the standard deviation of the experimental ln(PEL)
values was 2.03, the RMSE was substantially lower, indicating that the model’s prediction
error was small relative to the inherent variability in the data. The calculated F-value (Ftrue)
was 48.319, whereas the theoretical F-value (Ftheory) was 2.525, indicating that Ftrue ex-
ceeded Ftheory. Furthermore, the p-value was less than 0.001, suggesting that the regression
equation was statistically significant. The absolute values of the t-value for all variables
exceeded 4, and the corresponding significance levels (Sig) were substantially below 0.001.
This indicates that each variable had a statistically significant impact on the regression
model (p < 0.05). To evaluate the magnitude of each independent variable’s impact on
the dependent variable, this study utilized standardized coefficients to assess the relative
importance of their correlations. The magnitude of the standardized coefficient indicates
the strength of the relationship between the descriptor and the PELs, with larger absolute
values representing stronger associations. Based on the comparison of the standardized
coefficients for each independent variable presented in Table 3, it could be concluded that,
within this model, the descending order of the contribution of the descriptors to the PELs
was as follows. X0Av > RDF010e > Dv > SIC4.

To evaluate the consistency between the predicted PELs and the experimentally ob-
served values, a comparative analysis was performed between the predictions generated
by the MLR model and the corresponding experimental results, as illustrated in Figure 2.
As shown in the figure, the majority of data points closely followed the diagonal line,
indicating a strong agreement between the predicted and observed values. A small number
of data points, however, deviated noticeably from the line. These findings suggest that the
MLR model exhibits robust predictive performance. Moreover, the samples were symmetri-
cally and randomly distributed on both sides of the diagonal line, indicating the absence of
systematic errors. Therefore, the MLR model demonstrated both feasibility and reliability
in predicting the PELs of hydrocarbons and their derivatives. However, to further explore
the nonlinear relationship between the PELs and the molecular structures, a nonlinear
modeling approach was employed to enhance predictive accuracy.
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Figure 2. Comparison between the logarithmically transformed predicted values and the experimen-
tally observed values of the MLR model.

4.1.2. Results and Evaluation of the SVM Model

The SVM model demonstrated correlation coefficients of 0.8229 for the training set and
0.843 for the test set, respectively. As illustrated in Figure 3, a comparison is presented be-
tween the predicted values generated by the SVM model and the experimentally observed
values. The distribution pattern of the SVM model closely resembled that of the MLR
model, indicating that both models exhibit robust predictive performance and consistency.
Compared to the MLR model, the SVM model demonstrated a more concentrated data
distribution around the diagonal line, with a higher number of substances aligned along it,
suggesting improved predictive accuracy. Therefore, it can be concluded that the nonlinear
relationship between the PELs and the molecular structures plays a more critical role than
the linear relationship. Although the SVM model showed superior predictive performance,
certain substances still deviated notably from the diagonal line. To further investigate the
underlying nonlinear relationship between the PELs and molecular structures, the XGBoost
model was employed.

Figure 3. Comparison between the logarithmically transformed predicted values and the experimen-
tally observed values of the SVM model.

4.1.3. Results and Evaluation of the XGBoost Model

In the XGBoost model, the R2 for the training and test sets were 0.9962 and 0.8892,
respectively. The corresponding RMSE were 0.1012 and 0.6623, while the MAE were
0.0102 and 0.4386, respectively. As illustrated in Figure 4, the close agreement between
the predicted values and the experimentally observed data visually demonstrates the
superior predictive accuracy of the XGBoost model. The distribution pattern of the XGBoost
model showed a significantly closer agreement with the diagonal line, in contrast to the
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patterns exhibited by the MLR and SVM models. Specifically, the majority of data points
in the XGBoost model were closely clustered around the diagonal line, with a substantial
proportion lying directly on it, whereas only a small number exhibited noticeable deviations.
This strong agreement between predicted and observed values demonstrates that the
XGBoost model exhibits the highest predictive accuracy among the evaluated models.
Furthermore, the results suggest the presence of a significant nonlinear relationship between
the PELs and the molecular structures.

Figure 4. Comparison between the logarithmically transformed predicted values and the experimen-
tally observed values of the XGBoost model.

4.2. Model Evaluation and Validation

To systematically evaluate the model’s performance in a clear and comprehensive
manner, we primarily computed key performance metrics and generated residual plots
to visually illustrate the predictive accuracy of the models. The key performance metrics
for the three predictive models are presented in Table 4, while the corresponding residual
analysis plots for each model are shown in Figure 5. Overall, the XGBoost nonlinear
model demonstrated consistently superior performance across all evaluation metrics when
compared to both the MLR linear model and the SVM nonlinear model. In most instances,
the SVM nonlinear model also yielded marginally better results than the MLR linear model.
These findings suggest the existence of a significant nonlinear relationship between the
PELs of oxygenated hydrocarbon derivatives and their corresponding molecular structures.
From the perspective of performance metrics, the R2 values of all three models exceed 0.8,
which was significantly higher than the generally accepted threshold of 0.6. Additionally,
both the RMSE and MAE values were below 1, indicating a relatively low level of prediction
error. It can be concluded that the three models exhibit high multiple correlation coefficients,
along with low root mean square error and mean absolute error values, reflecting strong
fitting performance. Moreover, the cross-validation coefficients Q2

loo for all three models
were above 0.8. In the residual analysis plots, the residuals were randomly distributed
within the interval (−3, 3), displaying no discernible patterns and remaining close to the
baseline. This indicates that the models exhibit a high level of stability. Additionally, the
external validation coefficient Q2

ext for all three models exceeded 0.75, further confirming
their robust predictive performance on independent external datasets.
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Table 4. Performance Evaluation Parameters of Predictive Models.

Performance
Parameters

Models

MLR SVM XGBoost

Training Set Test Set Training Set Test Set Training Set Test Set

R2 0.8202 0.8427 0.8229 0.843 0.9962 0.8892
RMSE 0.7441 0.8479 0.7243 0.9324 0.1012 0.6623
MAE 0.6034 0.7163 0.562 0.7906 0.0102 0.4386
Q2

loo 0.8127 0.8225 0.9964
Q2

ext 0.7936 0.7505 0.8921

Figure 5. Residual plots of predicted lnPEL values for the (a) MLR, (b) SVM, and (c) XGBoost models.

Based on a comprehensive evaluation and comparative analysis of the three models, it
is evident that the performance parameters of all models meet the established criteria for
model construction. Moreover, in terms of predicting the PELs of oxygenated hydrocarbon
derivatives, the XGBoost model consistently outperforms the MLR and SVM models across
all evaluated metrics. This suggests a significant nonlinear relationship between the PELs
of these compounds and their molecular structures.

4.3. Evaluation of the Models’ Applicability Domain

To further validate the validity and reliability of the model, the Williams plot was
utilized to evaluate its applicability domain [37]. The identification of outliers is determined
by whether the sample data fall within the rectangular region defined by ±3 standard
deviations of the residuals and the critical leverage value, h*, or on its boundary. Further
analysis and evaluation are then carried out based on these findings. As illustrated in
Figure 6, the standardized residuals of most sample data points fall within the rectangular
region defined by the interval (−3, +3) and the critical leverage value h* = 0.2. Nevertheless,
three outliers were identified. Among these, diisobutyl ketone and dioctyl phthalate fall
within the ±3 standard deviations range of the residuals; however, they exceed the critical
leverage value h*. This observation may be attributed to the relatively unique molecular
structures of these compounds, which necessitate the model to generate predictions through
extrapolation. Nevertheless, such characteristics may contribute to enhanced model sta-
bility and provide a certain level of extrapolative capacity. As a result, these outliers can
be categorized as “benign outliers” [71]. In summary, all three models demonstrate broad
applicability, as well as strong predictive performance and generalization capabilities.
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Figure 6. Williams plots for the (a) MLR, (b) SVM, and (c) XGBoost models.

5. Conclusions
This study constitutes the first systematic attempt to establish a correlation between

the PELs and the molecular structures of organic chemical compounds. Oxygen-containing
derivatives of hydrocarbons, chosen for their high reactivity and widespread practical
applications, were selected as the target compounds. Both the linear model based on
MLR and nonlinear models based on the SVM and XGBoost were constructed to enable a
comparative performance analysis. The core value of the entire modeling process lay in
translating abstract chemical structural information—represented by four key molecular
descriptors—into concrete and quantifiable recommendations for permissible exposure
limits (PELs). The MLR model, which elucidated clear linear relationships, along with the
SVM and XGBoost models, capable of capturing complex nonlinear patterns, collectively
functioned as essential translational tools that bridged the gap between “chemical finger-
prints” and occupational “safety limits.” To ensure a balanced, scientifically valid, and
representative distribution of sample types, the AP clustering algorithm was utilized to
partition the dataset (sourced from the NIOSH Pocket Guide to Chemical Hazards [48])
into training and testing subsets. Through a comprehensive evaluation of model perfor-
mance metrics and the construction of the Williams plot, the fitting capability, predictive
accuracy, and model stability were thoroughly assessed. The results of the study indicate
that all three models demonstrate robust performance, exhibiting strong predictive power
and generalization ability. However, the XGBoost model in particular exhibited superior
predictive performance, as indicated by the high coefficient of determination values of
R2

train = 0.9962 and R2
test = 0.8892. These results offer strong empirical support for the pres-

ence of a significant nonlinear association between the PELs and the molecular structures.
This observed nonlinearity implies that minor structural modifications in hydrocarbons
and their derivatives could lead to disproportionate shifts in their toxicological profiles,
necessitating a move beyond traditional linear models. Consequently, our QSAR model,
by capturing these complex relationships, provides a more robust tool for the a priori
estimation of PELs for untested compounds. This approach paves the way for a more
mechanistic understanding of how specific molecular descriptors govern occupational
health risks.
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