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Abstract

Background Over the past decade, traditional demographic, lifestyle, and metabolic factors, along with air
pollutants, have increasingly been recognized as key contributors to type 2 diabetes (T2D). However, the
comprehensive causal structure among these factors and their individual and interacting interventional effects have
seldom been characterized in long-term population studies.

Methods Using 11-year follow-up data from 2,102 adults without T2D in the Ansan cohort of the Korean Genome
and Epidemiology Study (KoGES), we investigated causal pathways among demographic, lifestyle, metabolic factors,
and multiple ambient air pollutants leading to long-term T2D incidence. We employed a Conditional Survival Bayesian
Network (CSBN), which integrates survival analysis with Bayesian network modeling to accommodate censored

and incomplete data, to visualize the causal structure among risk factors, and to estimate both individual and joint
(interaction) interventional effects.

Results The CSBN depicted a holistic causal structure showing how multiple risk factors jointly shape T2D
development over the 11-year follow-up and helped distinguish putative direct/indirect pathways from associations
likely reflecting confounding. Interventional analysis quantified each factor’s causal contribution to the 11-year T2D
incidence. Obesity produced the largest individual effect: setting BMI to the obese category approximately doubled
11-year T2D risk compared with normal weight. High alanine aminotransferase (ALT) and older age increased risk by
about 40-50%, while family history of T2D, dyslipidemia, overweight, PMj 5, and gaseous pollutants had intermediate
effects. Furthermore, the CSBN uncovered synergistic interactions mainly among metabolic factors. In particular, ALT
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with family history, dyslipidemia, or obesity displayed strong additive interactions. By contrast, air pollutants were
found to influence T2D independently rather than through interactions with other risk factors.

Conclusion These findings underscore the importance of integrated public health strategies targeting multiple

risk factors to effectively curb T2D incidence. The CSBN's capability to explicitly model complex causal interactions
highlights the necessity for advanced epidemiological analyses to inform targeted preventive measures and efficient

resource allocation.

Keywords Type 2 diabetes, Air pollution, Bayesian network, Survival analysis, Conditional survival Bayesian network,

Korean Genome and Epidemiology Study, Causal inference

Introduction

Type 2 diabetes (T2D) represents a critical global
health challenge characterized by insulin resistance and
impaired glucose regulation, contributing significantly to
severe health complications such as cardiovascular dis-
ease, kidney failure, diabetic retinopathy, and limb ampu-
tations [1-3]. Its prevalence has risen particularly in
rapidly industrializing countries, including South Korea,
driven by economic development, dietary shifts towards
Western patterns, and increasingly sedentary lifestyles
[4, 5]. Recent data indicate that approximately 15.5% of
Korean adults aged 30 and older have T2D, highlighting
an urgent need for comprehensive preventative strategies
[6].

Although traditional risk factors for T2D, including
obesity, dyslipidemia, hypertension, and advancing age,
are well established [7, 8], emerging evidence empha-
sizes ambient air pollution as a significant environmental
risk factor [9-11]. Epidemiological studies have dem-
onstrated associations between exposure to particulate
matter (PMy5) and gaseous pollutants such as carbon
monoxide (CO), nitrogen dioxide (NO3), and sulfur diox-
ide (SO2) and increased T2D risk [12—14].

However, prior research has largely focused on single
pollutants or simple additive models and often over-
looked the interactive effects of pollutants combined
with traditional risk factors [9, 15, 16]. To address these
limitations, we employed a Conditional Survival Bayesian
Network (CSBN) to comprehensively evaluate the inter-
play of air pollutants and traditional risk factors on T2D
development over an 11-year follow-up period, utilizing
data from the Ansan cohort of the Korean Genome and
Epidemiology Study (KoGES) [17].

The CSBN method integrates Bayesian network (BN)
modeling and survival analysis, enabling the simultane-
ous assessment of direct, indirect, and confounded effects
among multiple covariates while robustly managing cen-
sored and incomplete data [18, 19]. Its visual probabilistic
structure transparently depicts structural dependencies
among risk factors, facilitating intuitive understanding of
complex causal mechanisms [20]. Additionally, the CSBN
method flexibly accommodates non-linear relationships

and interactions, surpassing the limitations of traditional
survival models [19].

The study demonstrates that, in addition to traditional
risk factors—age, obesity, regular exercise, smoking, fam-
ily history of T2D, elevated alanine aminotransferase
(ALT), and dyslipidemia—both PMs 5 and gaseous pol-
lutants are important determinants of long-term T2D
development. Furthermore, it identifies interactions
among these factors that significantly amplify T2D risk
beyond additive effects, underscoring the need for inte-
grated public health interventions.

Data

KoGES data

Study population and data sources

This study utilized data from the Ansan cohort of the
KoGES, a nationwide prospective cohort designed
to identify genetic and environmental risk factors for
chronic diseases commonly observed in Koreans, such as
diabetes, hypertension, and hyperlipidemia. Data collec-
tion included lifestyle surveys, clinical examinations, and
biospecimen analysis under informed consent [17, 21].
The Ansan cohort of the KoGES study began in 2001 with
approximately 5,000 participants aged 40—69 years and
has been followed up biennially. In this study, we used
data from the 4th survey (2009-2010) as baseline and fol-
lowed participants through the 9th survey (2019-2020),
focusing on an 11-year observation period.

Ansan, recognized as South Korea’s largest cluster of
small and medium-sized enterprises and a major indus-
trial complex in the Seoul metropolitan area, exhib-
its relatively high concentrations of gaseous pollutants
and particulate matter compared to other regions in the
country [22]. This provides researchers with a unique
opportunity to investigate the health impacts associated
with complex air pollution, closely reflecting real-world
exposure scenarios typical of rapidly industrializing and
developing regions.

Outcome and participant selection

Incident T2D was defined according to the diagnostic
criteria of the American Diabetes Association. A diagno-
sis of T2D was made if any one of the following criteria
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was met: (1) fasting plasma glucose > 126 mg/dL (7.0
mmol/L) after at least 8 hours of no caloric intake; (2)
2-hour plasma glucose > 200 mg/dL (11.1 mmol/L) dur-
ing a 75-g oral glucose tolerance test (OGTT); or (3)
HbAlc > 6.5% [23].

Among 2,903 individuals with information at the 4th
follow-up survey (which served as the baseline for this
study), we excluded those who did not participate in any
subsequent follow-up survey, those with a history of dia-
betes before baseline, and those with T2D at baseline. We
further excluded participants with missing T2D status
at the final follow-up (incomplete follow-up). Finally, we
excluded one participant with missing ALT values, given
that ALT is an established risk factor for T2D. After these
exclusions, the final analytic sample comprised 2,102
participants.

Variables and preprocessing

We selected variables from the raw dataset that were
identified as having clinical or biological relevance to
T2D pathogenesis based on a comprehensive literature
review [8, 24—-27]. We then excluded variables with an
absolute pairwise correlation coefficient exceeding 0.7
with any other selected variable. After this data-clean-
ing process, 13 variables—age (AGE), sex (SEX), family
history of diabetes (FDM), monthly household income
(INCOME), partnership status (PARTNER), smoking
status (SMOKE), alcohol consumption (DRINK), regular
physical activity (EXER), body mass index (BMI), hyper-
tension (HTN), dyslipidemia (DYSLIP), aspartate amino-
transferase (AST), ALT—were retained as candidate risk
factors for T2D. These variables encompass a broad spec-
trum of domains, including demographic and socioeco-
nomic characteristics, metabolic parameters, and lifestyle
factors.

Continuous variables among these candidate predic-
tors were discretized prior to BN learning to improve
computational simplicity, model stability, and inter-
pretability. BMI, a standardized screening indicator for
obesity calculated as weight(kg)/[height(m)]?, was cat-
egorized according to WHO criteria [28]. Hypertension
status (HTN) was classified based on [29] using blood
pressure (bp) measurements in the higher arm during the
second seated measurement. Dyslipidemia status (DYS-
LIP) thresholds were determined by 2022 Korean Guide-
lines for the Management of Dyslipidemia criteria [30].
ALT and AST thresholds were based on CLSI Guideline
C28-A3c [31].

Air pollution data

Exposure estimation

To address growing concerns about air pollution’s health
effects, Korea Disease Control and Prevention Agency
(KDCA) has developed a method for individualized air
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pollution exposure assessment for participants in KoGES
[17, 21]. This approach estimates nationwide air pollu-
tion levels using the Community Multiscale Air Qual-
ity (CMAQ) model, incorporating meteorological data,
emission inventories, satellite-derived aerosol optical
depth, and the normalized difference vegetation index
to enhance accuracy and spatial resolution [32—34]. The
modeled concentrations of PMsy 5, PMig, CO, NO,,
SO2, and Og are then linked to KoGES participants’ geo-
coded residential addresses, assigning exposure levels
using 1 km grids for particulate matter and 9 km grids
for gaseous pollutants. When a participant’s address dif-
fered between two consecutive examinations, the KDCA
assumed that the move occurred at the midpoint of the
interval between the two surveys and allocated yearly
concentrations accordingly.

To capture chronic environmental burden, we used
these data to construct five-year average concentrations
for each pollutant in the period preceding the study
baseline (2009-2010). This long-term exposure metric
is intended to reflect the cumulative impact of ambient
air pollution on metabolic and inflammatory pathways
implicated in the development of T2D.

Data processing

Among the six air pollutants, PM;( was highly correlated
with PMy 5 (Pearson r = 0.81), and O3 was strongly and
inversely correlated with NO3 (r = —0.89). To mitigate
multicollinearity in the survival models and to obtain
a parsimonious and interpretable BN structure, we
excluded PM;g and O3 from the analysis.

Because CO, SO3, and NO; predominantly arise from
common combustion-related sources (traffic, residential
heating, and industrial emissions), they are highly corre-
lated in our data. In a causal BN framework, arcs among
these pollutants are therefore difficult to interpret,
because their dependencies largely reflect shared sources
rather than meaningful causal pathways between the pol-
lutants themselves. Additionally, in survival models that
included both CO and NOg, which were highly corre-
lated (r=0.71), only CO showed a statistically significant
association with incident T2D, whereas NOs did not.
To address these issues, we constructed a composite gas
index (GASmix), defined as the average of the three gas-
eous pollutants after standardizing each to have a mean
0 and a standard deviation 1. This approach captures the
overall burden of combustion-related gaseous pollution,
rather than attempting to disentangle correlated individ-
ual effects with limited interpretability, and yields a more
parsimonious and interpretable BN by replacing three
correlated exposure variables with a single mixture node.

The two pollutant variables PMsy 5 (variable name
PM2.5) and GASmix were discretized for BN learning.
The WHO 2021 Air Quality Guidelines recommend an
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annual limit of 5 pug/ m® for PM, 5. In our cohort, how-
ever, the five-year average PMs 5 exposures substantially
exceeded this guideline value. No corresponding guide-
line is currently available for GASmix. In this study, we
therefore dichotomized PMs 5 and GASmix at their 75th
percentiles to examine health effects associated with very
high pollution exposure.

Final analytic data

The KoGES data and air pollution data were merged by
participants, resulting in 15 covariates (13 covariates
from KoGES + 2 pollutants). Figure 1 displays the flow
diagram of participant selection and data processing,
along with construction of the CSBN. Table 1 presents
a detailed overview of all study variables, including their
names, descriptions, thresholds, frequency distributions,
and statistical significance (p-values from chi-square

KoGES Ansan cohort

« Subjects who participated at baseline (the 4t survey)
« Follow-up from the 4th (2009-2010) to the 9th (2019-
2020) survey

* n=2903; p=13 covariates

Pre-processing of KoGES data ]
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tests) in relation to incident T2D over the 11-year
follow-up.

To evaluate potential selection and censoring bias, we
compared baseline characteristics between participants
included in the final analysis and those excluded because
of incomplete follow-up (Table S1). Participants with
incomplete follow-up (n = 282, 12%) were generally simi-
lar to those with complete follow-up (n = 2,102, 88%) in
terms of BMI, hypertension, dyslipidemia, liver enzymes,
physical activity, and air pollution exposures. However,
they were more likely to be in the highest age category,
to be female, to have lower household income, to be non-
smokers and non-drinkers, and to live without a part-
ner. Overall, these patterns suggest that although some
sociodemographic differences were observed, key meta-
bolic profiles and air pollution exposures were compara-
ble, reducing—though not eliminating—the likelihood of
substantial selection or censoring bias.

Air pollution data

* Variables: PM10, PM2.5, CO, SO2, NO2, O3

* Remove PM10 and O3 (corr > 0.8 with other variables)
« Standardize CO, SO2, NO2 (mean 0, sd=1)

« Define GASmix=average of CO, SO2, NO2

+ Remove CO, SO2, NO2

* Remaning pollutants: PM2.5, GASmix (p=2)

« Exclude only baseline participants (n=2822)

« Exclude diabetes diagnosed before baseline (n=2488)
« Exclude T2D at baseline (n=2385)

+ Remove missing T2D at final follow-up (n = 2103)

+ Remove missing covariates (n=2102)

« Final KoGES data (n = 2102; p=13 covariates)

Final analytic data set

» Merge KoGES data and air pollution data (n = 2102; p = 15 covariates).
« Discretize continuous covariates for Bayesian network modeling.

Cox model with LASSO

« Fit Cox proportional hazard model
* LASSO variable selection
« Select 9 covariates for Cox model (Cox-variables)

Bayesian network (BN) ]

« Construct BN structure for p=15 covariates
« Estimate BN parameters

Conditional survival Bayesian network (CSBN)

« Choose time point T=t*

« Add arcs from Cox-variables to T2D_t*

« Define T2D_t* =1 if T2D occurs before t*, 0 otherwise
« Add T2D_t* as an outcome node to BN (p=16: 15 covariates + outcome)

« Compute conditional prob. of T2D_t* =1 and 0 for all Cox-variable level combinations
« Use the probabilities as the probability table for T2D_t* in CSBN

Fig. 1 Study flow diagram illustrating participant selection, data processing, and CSBN development
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Table 1 Descriptions and summary statistics of the variables at baseline
Variable Category Total NoincidentT2D IncidentT2D 2 test
Name Description Level Threshold N N(%) N(%) p-value
AGE Age at baseline Low 40-52 734 608 (82.8) 6(17.2) 0.0029
(years) Mid 53-56 690 1(79.9) 39 (20.1)
High >57 678 512 (75.5) 66 (24.5)
SEX Sex Male 1081 61 (79.6) 220 (20.4) 0.9010
Female 1021 810(79.3) 1(20.7)
FDM Diabetes diagnosis No Absent 1997 1594 (79.8) 403 (20.2) 0.1387
among first-degree relatives Yes Present 105 77 (73.3) 28(26.7)
INCOME  Monthly household income Low <15 333 255 (76.6) 78(234) 0.2480
(million KRW) Mid 15-4 1052 835 (79 4) 217 (20.6)
High >4 717 (81.0) 136 (19.0)
PARTNER  Partnership status Yes Ever married or Cohabiting 1931 1537 (79.6) 394 (20.4) 0.7763
No Otherwise 171 134 (78.4) 37(21.6)
SMOKE  Lifetime consumption No Non-smoker 1252 999 (79.8) 253(20.2) 0.7364
of > 400 cigarettes Former  Former smoker 548 437 (79.7) 111 (20.3)
Current  Current smoker 302 235(77.8) 67 (22.2)
DRINK Alcohol consumption No Non-drinker 1017 808 (79.4) 209 (20.6) 0.7947
Former  Former drinker 45 34 (75.6) 11 (24.4)
Current  Current drinker 1040  829(79.7) 1(20.3)
EXER Exercise Yes Regular vigorous physical activity 1033 835 (80.8) 98(19.2) 0.1504
No Otherwise 1069 836 (78.2) 233 (21.8)
BMI Body mass index (kg/m?) Normal <25 1223 1011 (82.7) 2(17.3) < 0.0001
Over 25< <30 810 617 (76.2) 93 (23.8)
Obese  >30 69 43(62.3) 26 (37.7)
HTN Hypertension (mmHg) Yes Diagnosis, Systolic bp>140, 332 255 (76.8) 77 (23.2) 0.2120
or Diastolic bp >90
No Otherwise 1770 416 (80.0) 354 (20.0)
DYSLIP Dyslipidemia (mg/dL) Yes Diagnosis, Total chol >240, 1120 843 (75.3) 277 (24.7) < 0.0001
TG >200, or HDL <40
No Otherwise 982 828 (84.3) 154 (15.7)
AST Aspartate aminotransferase Normal AST <40 2009 1605 (79.9) 404 (20.1) 0.0509
(UL High AST > 40 93 66 (71.0) 27 (29.0)
ALT Alanine aminotransferase Normal ALT <40 1943 1566 (80.6) 377 (194) < 0.0001
(678 High ALT > 40 159 105 (66.0) 54 (34.0)
PM2.5 Fine particulate matter < 2.5um  Low < 28.4(Q3) 1577 1269 (80.5) 308 (19.5) 0.0638
(1ug/m3) High > 28.4(Q3) 525 402(76.6) 23 (234)
GASmix  Averaged z-score of CO, SO2,NO2  Low < 0.0760(Q3) 1623 1297 (79.9) 326(20.1) 04183
High > 0.0760(Q3) 479 374(78.) 05 (21.9)
Methods

Basic Bayesian network

In the CSBN framework, it is necessary to perform struc-
ture learning for a basic BN to integrate it effectively with
a survival model. Prior to conducting structure learning,
we specified a blacklist to constrain possible relation-
ships among variables. The blacklist is defined as a set of
arcs representing relationships known to be impossible,
which must be excluded from the learning model. By set-
ting a blacklist, the number of candidate DAGs (Directed
Acyclic Graphs) to explore during the learning process
can be reduced, and clinically implausible relationships
are prevented from being included as arcs in the BN [20].

Table 2 Variable layers used to impose blacklist in a basic
Bayesian network

Layer Category Variables

Layer 1-1  Demographics SEX, AGE, FDM

Layer 1-2  Air pollutants PM2.5, GASmix

Layer 2 Lifestyle factors INCOME, PARTNER, SMOKE, DRINK, EXER
Layer 3 Metabolic health  BMI, HTN, DYSLIP, AST, ALT

The blacklist used in this study followed the layered
architecture summarized in Table 2. Variables in lower-
numbered layers were allowed to influence only variables
in higher-numbered layers, thereby ruling out reverse-
causal paths. Additional constraints were imposed as fol-
lows: (1) no arcs were permitted between demographic
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variables (Layer 1-1) and air pollutants (Layer 1-2), treat-
ing them as parallel root causes; (2) demographic vari-
ables in Layer 1-1 (SEX, AGE, FDM) were not allowed
to influence one another, preserving them as mutually
independent baseline characteristics; (3) air pollutants
(Layer 1-2) were restricted from influencing lifestyle fac-
tors (Layer 2), although they may affect metabolic factors
(Layer 3); and (4) within the metabolic health layer, BMI
was protected from incoming edges from other meta-
bolic variables, reflecting its role as an upstream deter-
minant of hypertension, dyslipidemia, and liver enzyme
abnormalities rather than their consequence.

The resulting hierarchical structure imposed by these
blacklist constraints is illustrated in Fig. 2. With this lay-
ered blacklist, most of the causal structure was specified
a priori, based on temporal ordering and clinical knowl-
edge [35-38], and the data-driven learning component
played a minor role.

To learn the structure of the basic BN, the score-based
Tabu Search algorithm [20] was used. This algorithm
starts with a random structure and iteratively modifies
the current structure, evaluates the model’s performance,
and identifies the optimal structure. The Bayesian Infor-
mation Criterion (BIC) was used as the model evaluation
score [39, 40].

A single dataset offers limited evidence for the stability
of relationships between nodes in a BN, so we employed
bootstrap aggregation (bagging) to bolster confidence
[41]. From the dataset, we created N new datasets (called
bootstrap samples) of the same size as the original dataset
by randomly sampling with replacement. For each boot-
strap sample, the basic BN structure was constructed.
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From the resulting N basic BNs, arc strength and direc-
tion were computed for each arc. The arc strength is the
relative frequency of the arc’s presence across the net-
works, regardless of direction. The arc direction is the
relative frequency of the arc’s specific direction across
the networks. Both metrics range from 0 to 1, with values
close to 1 indicating strong support for the presence or
direction of the arc [41].

Using model averaging, a consensus network was con-
structed by including only arcs with arc strengths exceed-
ing a specified threshold to eliminate weak or spurious
connections and retain only robust relationships. Higher
thresholds correspond to sparser networks.

Survival analysis
We used the Cox proportional hazards (CPH) model for
survival analysis in this study, although other survival
models could also be applied. Cox [42] first proposed
CPH model, which has become one of the most widely
used methods in survival analysis. The model is semi-
parametric: it does not specify a particular functional
form for the baseline hazard over time, but assumes a
log-linear relationship between covariates and the haz-
ard. Thus, it combines a nonparametric component (the
unspecified baseline hazard) with a parametric compo-
nent (the regression coefficients).

Let T denote survival time and X = (X3, Xo,..., X,,)’
the covariate vector. In the CPH model, the hazard func-
tion at time ¢ given covariates X is

h(t | X) = ho(t) exp(X'B),

[ ace | [sex | |Fom |

[ PM2.5, GASmix]

[DRINK, SMOKE, EXER, INCOME, PARTNER ]

BMI

[ HTN, DYSLIP, AST, ALT]

Fig. 2 Allowed arcs in the baseline Bayesian network structure under the specified blacklist. Arcs among variables within each rounded box are also

permitted
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where 8 = (f1,052,...,08p) is the vector of regression
coefficients and ho(t) is the baseline hazard function,
representing the hazard at time ¢ when all covariates are
zero. The regression coefficients 3 are estimated by maxi-
mizing the partial likelihood [43].

Let Hy(t) denote the estimated baseline cumulative
hazard function. For an individual with covariate vector
X, the estimated survival probability at time ¢ is

§(t | X) = exp {—f[o(t) exp(x’B\)} ,

which represents the estimated probability that an indi-
vidual with covariates x remains free of the event up to
time ¢.

To enhance the survival model’s applicability, we
applied a variable selection to systematically identify the
most influential predictors, achieving a parsimonious
model while preserving predictive performance [44].

Conditional survival Bayesian network

BNs serve as versatile tools in medical decision-making
due to their non-parametric learning capabilities [45].
Their key advantage lies in learning probabilistic rela-
tionships directly from observed data patterns, with-
out requiring pre-specified probability distributions or
functional forms that characterize traditional statistical
methods. This flexibility allows BNs to capture complex,
real-world medical relationships that might be over-
looked by more rigid approaches.

However, a significant challenge emerges when apply-
ing BNs to survival analysis, particularly with right-cen-
sored data — cases where we only know that a patient’s
survival time extends beyond a certain point. Standard
BN learning algorithms struggle to effectively incor-
porate this type of incomplete information, potentially
limiting their application in long-term patient outcome
analysis [18]. This limitation becomes especially relevant
in clinical settings, where right-censored data is common
due to factors like patient dropout or study conclusion
before the event of interest occurs.

To address this limitation, [18] proposed CSBN that
combines a BN with a CPH model. Subsequently, the
authors demonstrated that the CSBN is also effective for
handling missing values in survival data [46]. Inspired
by this, [19] utilized the CSBN to develop a survival pre-
diction model and applied it to data from lung cancer
patients in China, demonstrating its superior predictive
performance and advantages.

CSBN integrates the basic BN and the survival model
to construct an extended BN that incorporates (i) the
dependence structure among covariates learned from the
basic BN and (ii) the causal relationships leading to T2D
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onset within a specified time horizon, as estimated from
the survival model.
The CSBN is constructed in the following steps:

+ Select a time point t* (e.g., 5 or 11 years) and define
a binary outcome variable T2D _ t*, which takes
value 1 if incident T2D occurs before time t* and 0
otherwise.

+ Fit a CPH model for time to incident T2D, using a
variable selection to identify a parsimonious set of
important predictors (hereafter, Cox-variables).

o Treat T2D t* as a special outcome node and add
it to the basic BN as a terminal child node. Draw
directed arcs from each Cox-variable to T2D _t*,
while keeping all other arcs among the covariates
identical to those in the basic BN.

« For all combinations of Cox-variable levels, compute
the probability of developing T2D by time ¢* from
the fitted Cox model using the estimated baseline
survival function and regression coefficients. Use
these probabilities to construct the conditional
probability table (CPT) of T2D _t* node in the
extended BN.

This procedure yields a CSBN that preserves the com-
plex dependence structure among risk factors learned
from the basic BN, while simultaneously encoding their
causal effects on T2D development over the chosen time
horizon through the survival model-based CPT of the
T2D_t* node.

Note that the continuous survival time (time-to-event)
T is discretized into a binary indicator of T2D occurrence
by a prespecified time horizon t*. This formulation allows
the CSBN to directly estimate the risk of developing T2D
within ¢* in a clinically interpretable way. It also enables
the use of standard BN software and facilitates computa-
tion of individual and joint interventional effects.

Results

Development of the conditional survival Bayesian network
model

We learned the structure of the basic BN for the 15
covariates in the final dataset while enforcing the black-
list constraints in Table 2. For bagging, we generated
N=1,500 bootstrap replicates and applied the data-driven
arc strength threshold proposed by [47]. This criterion
selects the cutoff that minimizes the L, distance between
the empirical cumulative distribution function of the
observed arc strengths and its asymptotic counterpart; in
our data, the resulting threshold was approximately 0.5.
This value coincides with the commonly used conven-
tional threshold of 0.5. The resulting basic BN structure is
shown as black arcs in the upper panel of Fig. 3.
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BMI INCOME

DYSLIP

PARTNER

“

DRINK

ALT

AGE
SE
TN GASmix
T
\\ |
\ |
\ I
\\ :
\ I
R ]
FDM SMOKE PM2.5

T
|
|
|
1
1
1
A

AST T2D_11

Fig. 3 Conditional Survival Bayesian Network (CSBN) for 11-year incident T2D. Nodes are colored by domain (demographic, lifestyle, metabolic health,
and air pollutants). Black arcs represent the learned basic BN structure, and red arcs indicate additional links to the T2D_11 outcome derived from the
survival component. Dashed edges (ALT-AST, DRINK-SMOKE, and PM2.5-GASmix) denote plausibly associational links whose directions should not be

interpreted causally

Table 3 Survival analysis results using the Cox proportional
hazards model

Variable Category Hazard Ratio 95%ClI p-value
AGE Mid 1.207 (0.956, 1.526) 0.1142
AGE High 1.600 (1.271, 2.013)  <0.0001
BMI Over 1310 (1.078, 1.591)  0.0067
BMI Obese 20 (1.314, 3.032) 0.0012
ALT High 1.58 (1.190, 2.109) 0.0016
FDM Yes 1.46 (1.004, 2.110) 0.0477
DYSLIP Yes 146 (1.198, 1.775) 0.00017
PM2.5 High 127 (1.030, 1.579) 0.0258
GASmMix High 1.26 (1.011, 1.564) 0.0393
SMOKE Former 0.95 (0.761, 1.183) 06410
SMOKE Current 1.13 (0.867, 1.474) 0.3658
EXER No 1.09 (0.901, 1.312) 03817

We also fitted a CPH model using the coxph func-
tion in R, estimating the baseline hazard by the Breslow
estimator. To assess the stability of variable selection, we
conducted AIC- and BIC-based stepwise selection and
LASSO. BIC retained only three variables, whereas AIC
retained seven (AGE, BMI, ALT, FDM, DYSLIP, PM2.5,
and GASmix); LASSO additionally selected SMOKE and
EXER. Because our primary aim was to identify a com-
prehensive risk-factor network rather than to build a

maximally parsimonious prediction model, we carried
forward the more inclusive set of variables suggested
by LASSO. The nine selected variables and their cor-
responding survival model results are summarized in
Table 3.

We assessed the proportional hazards assumption
using Schoenfeld residuals [48] via the cox.zph func-
tion in R. BMI (p = 0.014) and FDM (p = 0.039) showed
some statistical evidence against proportional hazards,
and the global test p-value was 0.078. However, visual
inspection of the Schoenfeld residual plots (Fig. S1) did
not reveal clear systematic time trends for any covari-
ate, so we judged any departures from proportional-
ity to be minor and retained the proportional hazards
specification.

The Cox model demonstrated moderate overall dis-
crimination, with Harrell’s C-index [49] of 0.63. Time-
dependent AUCs [50] at t=60, 84, 108, 120, and 132
months were 0.64, 0.61, 0.64, 0.68, and 0.73, respec-
tively, indicating moderate discriminatory performance
throughout follow-up, with particularly good discrimina-
tion at later time points. Calibration of the 11-year risk
predictions was evaluated by dividing participants into
deciles of predicted risk, computing Kaplan—Meier esti-
mates of the observed 11-year risk within each group,
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and plotting observed versus predicted values [51]. The
calibration plot (Fig. S2) showed good overall agreement
between predicted and observed risks across most of the
risk spectrum.

In this study, we set t* = 11 years to focus on long-
term T2D risk; accordingly, we defined the outcome node
as T2D_11. Air pollution exposure is a chronic, cumula-
tive environmental risk factor that generally requires pro-
longed periods to exert measurable effects on metabolic
health; an 11-year follow-up window is therefore likely
sufficient to capture the latency between sustained air
pollution exposure and the biological processes leading
to T2D onset.

The variables in Table 3 were then specified as parent
nodes of the outcome T2D_11, and the conditional prob-
ability table for T2D_11 was derived from the fitted CPH
model, thereby completing the construction of the CSBN.

To interpret a DAG as encoding causal relationships,
standard causal identification assumptions are required,
including causal sufficiency, comsistency, and positivity
[52, 53]. In observational studies, the most problematic
of these is often causal sufficiency, that is, the absence of
unmeasured confounding factors. Because this assump-
tion is difficult to justify in practice, it is crucial to incor-
porate domain knowledge when specifying the network
structure. In this study, we used a blacklist to encode the
major causal backbone of the DAG, as specified in Table
2 and Fig. 2. Accordingly, only the arcs among air pollut-
ants, lifestyle factors, and metabolic factors other than
BMI were learned from the data. The resulting CSBN
structure is broadly consistent with temporal ordering
and clinical knowledge, suggesting that most arcs are rea-
sonable for causal interpretation, except for the ALT —
AST, DRINK — SMOKE, and PM2.5 — GASmix links,
which are likely associational.

ALT and AST arise from a common underlying pro-
cess—liver injury—and are therefore strongly correlated.
In our Cox model, AST was no longer statistically signifi-
cant once ALT was included, and only ALT retained an
independent association with T2D. Because the arcs into
the T2D_ 11 outcome node and its conditional probabil-
ity table in the CSBN were derived from this Cox model,
the CSBN likewise did not show a direct effect of AST on
T2D. In other words, for the ALT-AST pair, the CSBN
effectively omitted their latent common cause (liver
injury), so the causal identification assumptions were not
fully satisfied and the separate causal contributions of
ALT and AST could not be reliably distinguished.

Similarly, DRINK and SMOKE often co-occur and
may be influenced by shared unmeasured predisposi-
tions or social contexts. Likewise, PM2.5 and GASmix
partially share the common combustion-related sources.
As with the ALT-AST pair, the DRINK-SMOKE and
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PM2.5-GASmix links likely reflect association rather
than directionality, so the arc directions for these pairs
should not be interpreted causally.

To reflect these limitations, we depicted the ALT-AST,
DRINK-SMOKE, and PM2.5-GASmix arcs as dashed
edges in the DAG, indicating that they should be viewed
as associational links rather than direct causal effects.
Accordingly, we did not attempt to interpret causal
effects of AST and DRINK, which were not directly
linked to T2D_ 11.

Figure 3 displays the CSBN constructed in this study,
with nodes colored by category—demographic factors,
lifestyle factors, metabolic health, and air pollutants—as
summarized in Table 2. Arcs inherited from the basic BN
are shown in black, whereas arcs added from the sur-
vival model that link covariates to the T2D 11 outcome
node are shown in red. To reflect potential source-driven
or co-occurrence-driven dependencies that are more
plausibly associational than directional, the ALT-AST,
DRINK-SMOKE, and PM2.5-GASmix links are depicted
as dashed edges; the directions of these pairs should not
be interpreted as direct causal effects.

Causal pathways in the conditional survival Bayesian
network

Demographic factors

Age and family history of diabetes (FDM) both exert
direct influences on the T2D_11 outcome node, reflecting
well-established evidence that older age and genetic pre-
disposition substantially increase diabetes risk. Sex is not
directly linked to the T2D_11 node; instead, its influence
appears to be mediated through smoking, rather than
acting as an independent predictor in this cohort.

Metabolic factors

BM]I, dyslipidemia (DYSLIP), and elevated ALT all show
direct arcs to the T2D_11 outcome node, highlighting
adiposity, abnormal lipid metabolism, and impaired liver
function as key metabolic determinants of long-term
T2D risk. In contrast, hypertension (HTN) is not directly
connected to T2D_11, suggesting that its independent
contribution is weak once BMI, DYSLIP, and ALT are
taken into account.

Lifestyle and social factors

Physical activity (EXER) and smoking status (SMOKE)
each exhibit direct connections to the T2D 11 node.
Lower physical activity and current smoking are associ-
ated with higher 11-year risk of T2D, consistent with
their roles as modifiable behavioral risk factors. Income
affects partnership status but does not show direct arcs
to T2D_11.
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Air pollutants

Both the combined gaseous mixture index (GASmix) and
PM2.5 have direct arcs to the T2D_11, indicating that
higher long-term exposure to fine particulate matter and
traffic-related gases contributes to increased 11-year risk
of incident T2D.

Individual effects

The CSBN structure shown in Fig. 3 is broadly consis-
tent with established domain knowledge and is suitable
for causal interpretation of the relationships among the
variables, except for the dashed edges, which represent
associational rather than causal relationships.

Based on this causal CSBN structure, we estimated
interventional probabilities of developing T2D over the
11-year follow-up, P(T2D by 11 years | do(X = z)),
for each variable X using the do-calculus framework of
Pearl [53] and the potential outcomes formulation of
Hernén and Robins [52]. This approach conceptually fixes
the value of a given risk factor (e.g., obesity vs. normal
BMI) while detaching it from its parent nodes, thereby
removing confounding influences and yielding causal risk
estimates under hypothetical interventions.

For root nodes such as AGE, BMI, PM2.5, and
GASmix—variables without parents in the DAG—
the interventional probability of incident T2D coin-
cides with the corresponding conditional probability
P(T2D by 11 years | X = ), because their marginal
distributions are not altered by intervention.

In contrast, for variables that are confounded (e.g.,
income, partnership status, hypertension), the interven-
tional probability may differ substantially from the con-
ditional probability. These variables have no direct arc
to the T2D_11 outcome node, so setting them to a given
level while cutting incoming arcs yields negligible inter-
ventional probabilities, even if their conditional probabil-
ities are sizeable. For example, INCOME is confounded
by AGE: the conditional probability of 11-year incident
T2D among participants with low income was around
26%, but once we intervened on INCOME while holding
the rest of the network structure fixed, its interventional
probability was negligible. This contrast underscores the
importance of focusing on interventional rather than
purely conditional associations.

Figure 4a and b show, respectively, the differences and
ratios in the interventional probabilities of developing
T2D over an 11-year period for each level of variables
that directly or indirectly affect incident T2D, compared
with their base levels. The corresponding interventional
probabilities are provided in Fig. S3. Obesity emerged
as the strongest individual risk factor: intervening to set
BMI to the obese category increased the 11-year prob-
ability of T2D by roughly 20 percentage points (%p)
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relative to normal BMI (causal risk ratio ~ 2.0). Elevated
ALT and high age showed the next largest effects, each
raising T2D risk by about 8—10 %p (risk ratios ~ 1.4-1.5).
Family history of T2D, dyslipidemia, and overweight sta-
tus (BMI Over) also made substantial contributions, with
risk differences of about 5-9 %p (risk ratios = 1.3). For
environmental exposures, high PMs 5 and a high gaseous
pollution mixture (GASmix) increased 11-year T2D risk
by approximately 3-5 %p (risk ratios ~ 1.2), indicating
that both particulate and gaseous pollution contribute
meaningfully to disease burden in this cohort. Current
smoking, and lack of regular exercise had small positive
effects (risk ratios ~ 1.1), whereas current drinking and
male sex showed little interventional impact, and former
smoking was slightly protective.

Interaction effects
We next examined how pairs of risk factors jointly influ-
ence the 11-year risk of T2D. For each pair, we computed
the interventional probabilities of developing T2D when
both risk factors were elevated (p11), only the first or sec-
ond factor was elevated (p19, po1), or neither factor was
elevated (poo). From these joint probabilities, we derived
standard measures of additive interaction—the rela-
tive excess risk due to interaction (RERI), the attribut-
able proportion due to interaction (AP), and the synergy
index (S)—following Andersson et al. [54].

Formally, defining rr,, = pii/po,  RRio = pro/poo,  REor = por /poo,
we obtain

RERI =RRi; — RRig — RRo1 + 1= (p11 — P10 — Po1 + Poo) /Poos
AP =RERI/RR1; = (p11 — P10 — Po1 + Poo)/P11,
S =(RRy1 — 1)/[(RR1g — 1) + (RRo; — 1)]
=(p11 — Poo)/[(P10 — Poo) + (Po1 — Poo)]-

Table 4 summarizes these measures for pairs of risk fac-
tors that exhibited significant positive interactions at the
5% significance level. Overall, combinations of metabolic
risk factors showed the strongest positive interactions.
Pairs involving elevated ALT with family history of T2D,
dyslipidemia, or obesity yielded more-than-additive joint
effects. Other metabolic combinations, such as DYSLIP
with FDM, BMI with DYSLIP, and BMI with FDM, also
exhibited positive RERI and AP values and synergy indi-
ces above 1. These findings suggest that co-occurring
metabolic abnormalities jointly elevate long-term T2D
risk beyond what would be expected from their individ-
ual effects.

Short-term (5-year) T2D risk analysis

While the CSBN model was initially applied to an 11-year
horizon (t* = 11 years) to evaluate long-term T2D risk,
its flexibility allows prediction of survival continuously,
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Fig. 4 Interventional effects of risk factors on 11-year T2D risk in the CSBN. a Absolute risk differences (interventional risk minus baseline risk). b Inter-
ventional risk ratios (elevated vs reference levels)

Table 4 Interaction measures for combinations of variables that exhibited statistically significant interaction at the 5% significance

level for 11-year incident T2D

Var1 Var2 P11 P1o Po1 Poo RERI AP S

ALT FDM 0428 0317 0.296 0.216 0.142 0.072 1.170
ALT DYSLIP 0.369 0.271 0.254 0.182 0.142 0.070 1.161
ALT BMI 0.368 0.283 0.252 0.192 0.127 0.066 1.160
DYSLIP FDM 0.353 0.261 0.256 0.184 0.112 0.059 1.140
BMI DYSLIP 0.298 0.212 0.233 0.164 0.108 0.059 1.151
BMI FDM 0.353 0.261 0.265 0.193 0.105 0.057 1.146
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accommodating various time horizons. To explore short-
term dynamics, we conducted a reanalysis using a 5-year
horizon (t* = 5 years).

In fact, the CSBN structure for t* = 5 years was iden-
tical to that for ¢* = 11 years, suggesting that the key
causal pathways linking demographic, metabolic, life-
style, and environmental factors to T2D had already been
established over the shorter horizon and remained stable
over time, with changes occurring mainly in the magni-
tude of interventional probabilities rather than in the net-
work topology itself.

BMI Obese
ALT High
AGE High
FDM Yes

DYSLIP Yes

BMI Over
PM2.5 High
GASmix High
AGE Mid
SMOKE Current

EXER No

SMOKE

Former

SEX Male

o
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Figure 5a and b show, respectively, the differences and
ratios of interventional probabilities of developing T2D
over 5 years for each level of variables that directly or
indirectly affect incident T2D, relative to their respective
base levels. The corresponding interventional probabili-
ties are provided in Fig. S4.

Across both the 5-year and 11-year horizons, the rank-
ing of key risk factors was essentially unchanged: obesity
was by far the dominant driver, followed by high ALT,
older age, family history of T2D, dyslipidemia, over-
weight, and then high PMy s and high GASmix. The
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(b) Interventional risk ratios (elevated vs reference levels).

Fig.5 Interventional effects of risk factors on 5-year T2D risk in the CSBN



Choi and Oh BMC Public Health (2026) 26:603

Page 13 of 17

Table 5 Interaction measures for combinations of variables listed in Table 4 for 5-year incident T2D

Var1 Var2 P11 P1o Po1 Poo RERI AP S

ALT DYSLIP 0.140 0.098 0.089 0.063 0.240 0.109 1.247
ALT FDM 0.167 0.118 0.109 0.075 0.212 0.096 1.211
ALT BMI 0.141 0.104 0.091 0.066 0.187 0.088 1.201
BMI FDM 0.134 0.094 0.095 0.067 0.183 0.092 1.225
DYSLIP FDM 0.133 0.093 0.092 0.064 0.179 0.086 1.200
BMI DYSLIP 0.110 0.075 0.082 0.056 0.148 0.076 1.184

main difference lay in the magnitude of effects. Over 5
years, absolute risk differences were smaller (e.g., obe-
sity increased 5-year T2D risk by < 0.10 vs. = 0.20 over
11 years), but the corresponding risk ratios were already
large (BMI Obese =~ 2.0 at both horizons), indicating that
the relative effect of obesity emerged early and stayed sta-
ble, whereas the cumulative absolute burden grew over
time.

To compare early-stage interaction dynamics with
long-term dynamics, we estimated interaction measures
based on the interventional probabilities of developing
T2D within 5 years for the variable combinations listed
in Table 4. The results are summarized in Table 5. Com-
parison of Table 4 (11-year follow-up) and Table 5 (5-year
follow-up) showed that the same core pairs of risk factors
drove positive additive interaction. However, interaction
measures were generally stronger over 5 years. In the
5-year analysis, RERI values were larger (approximately
0.11-0.24 vs. 0.07-0.14 at 11 years), AP reached about
0.10-0.11 (vs. 0.04—0.07), and the synergy index ranged
around 1.18-1.25 (vs. 1.10-1.17). These findings suggest
that more-than-additive effects of clustered metabolic
risk factors were already pronounced in the short term,
whereas over the longer 11-year horizon the same pairs
remained important but their interactions appeared
attenuated relative to the growing overall risk.

Discussion

Study design strengths

Our research design offers several advantages for under-
standing T2D risk. First, the 11-year longitudinal follow-
up provides sufficient time to capture the chronic effects
of environmental exposures on diabetes development.
Second, we simultaneously considered traditional demo-
graphic, lifestyle, and metabolic risk factors together with
multiple air pollutants, enabling assessment of their rela-
tive contributions and interactions within a unified ana-
lytical framework. Third, the study was conducted in an
industrial region (Ansan) with persistently high levels of
multiple air pollutants, providing a natural laboratory
to investigate the long-term impact of elevated environ-
mental exposures in combination with metabolic and
lifestyle factors.

Methodological advantages

The CSBN approach offers substantial methodological
advantages compared with traditional BNs or survival
analysis alone. First, CSBN integrates the strengths of BN
modeling and survival analysis, allowing right-censoring
and incomplete data to be handled within a coherent
probabilistic framework. Second, the approach yields
a global view of the causal structure among all risk fac-
tors and supports intuitive visualization of complex rela-
tionships. Third, it can distinguish direct, indirect, and
confounded associations, thereby clarifying the path-
ways through which risk factors contribute to long-term
incident T2D. Fourth, CSBN enables estimation of both
individual and joint (interaction) interventional effects,
revealing synergistic relationships that might be over-
looked by conventional models. Finally, the framework
accommodates both long-term and short-term risk hori-
zons, increasing its flexibility for different clinical and
research applications.

Principal findings and practical implications

Our analysis identified BMI, ALT, family history of T2D,
age, and dyslipidemia as key risk factors consistently
important in both long-term (11-year) and short-term
(5-year) T2D survival analyses. This consistency across
different temporal scales emphasizes these factors as
fundamental pathogenic mechanisms that should be pri-
oritized in both immediate and long-term prevention
strategies. The persistent importance of these factors sug-
gests that interventions targeting weight management,
liver function optimization, and lipid control remain cor-
nerstone approaches for diabetes prevention regardless
of the intervention timeline. These findings are consistent
with previous studies highlighting the central importance
of adiposity, liver function, and lipid abnormalities in
T2D etiology [8, 26, 27, 55].

The presence of direct arcs from both PM 5 and GAS-
mix to the T2D_11 outcome node, and their roughly
20% increases in interventional risk, indicate that in
this industrial setting both fine particles and a combus-
tion-related gaseous mixture make meaningful con-
tributions to diabetes incidence. This is in line with
accumulating evidence that long-term exposure to air
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pollution promotes insulin resistance, systemic inflam-
mation, and T2D [56-61]. These findings support the
inclusion of air-quality improvement as part of diabetes-
prevention policy. Reductions in combustion-related
emissions may not only prevent respiratory and cardio-
vascular disease but also help slow the rising incidence of
T2D, particularly in densely populated industrial regions.

In this study, variables such as hypertension, household
income, and partnership status—although associated
with T2D in Korean populations in conventional analy-
ses [62—64]—showed no direct causal effect on long-term
T2D risk once the network structure and confounding
pathways were accounted for. This illustrates how CSBN
can help differentiate factors that act primarily as mark-
ers of underlying risk from those that lie on causal path-
ways to disease.

Beyond individual effects, the CSBN highlighted that
clustered metabolic disturbances markedly amplify T2D
risk. The largest additive interactions were observed for
combinations involving elevated ALT with family his-
tory of T2D, dyslipidemia, or obesity, and for pairs of
metabolic risk factors such as obesity with dyslipidemia
or family history. These patterns were evident for both
11-year and 5-year horizons, with somewhat stronger
interaction measures at 5 years. Prioritizing individuals
who simultaneously exhibit these metabolic risk factors
for intensive lifestyle interventions and metabolic screen-
ing could yield disproportionate benefits.

Limitations and future directions
Several limitations should be acknowledged. A key limi-
tation is the snapshot nature of the baseline covariates,
particularly lifestyle and socioeconomic factors such as
exercise, smoking, alcohol consumption, income, part-
nership status, and hypertension. Although extensive
research has shown that income, partnership status, and
hypertension influence T2D onset and progression [8,
65-67], they did not exhibit strong direct causal effects
on long-term T2D risk in our CSBN. This discrepancy
likely reflects behavioral and socioeconomic changes
over the 11-year follow-up that are not captured by base-
line measurements. Applying dynamic or longitudinal
BNs could further clarify how trajectories of body weight,
liver function, and environmental exposures interact
over time to determine diabetes risk. Incorporating lon-
gitudinal covariate data or using time-varying coeffi-
cient models would allow researchers to identify critical
intervention windows, capture temporal variation in risk
factor effects, and provide a more comprehensive under-
standing of their evolving roles in T2D progression.
Using the Ansan cohort provided both distinctive
advantages and important limitations. Ansan’s dual role
as an industrial hub and a recipient of transboundary pol-
lution from China resulted in an extremely high exposure
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profile involving both gaseous pollutants and particu-
late matter, providing a unique opportunity to examine
chronic disease risk and associations with specific pollut-
ants under real-world, high-pollution conditions. Asian
regions differ markedly from Western regions in terms of
health status, healthcare infrastructure, pollution expo-
sure patterns, and socioeconomic circumstances, yet
studies on the health impacts of pollution exposure in
these Asian contexts remain scarce, highlighting a strong
need for more comprehensive studies in understudied
Asian regions [68-71]. Therefore, this study makes a sig-
nificant contribution by investigating how high pollution
levels in an Asian context influence diabetes risk, provid-
ing valuable insights to inform preventive strategies and
public health policy decisions across Asia. However, the
uniformly high pollution exposure in this setting also
presents limitations, as it reduces the availability of a
true low-exposure reference group, thereby constraining
the exposure contrast needed to robustly evaluate dose-
response relationships.

The need to discretize continuous variables for BN
learning may have obscured nonlinear dose-response
relationships and reduced statistical power. We ini-
tially used the 75th percentiles as cut-offs for discretiz-
ing air pollutants. To assess the impact of this choice, we
repeated the analysis using the 50th and 25th percentiles
as alternative cut-offs. When using the 50th percentiles
(median splits), the magnitude of the effect of PMj 5
was attenuated, although the overall CSBN structure
remained unchanged. However, when using the 25th per-
centiles as cut-offs, the direct arc from PM, 5 to the T2D
outcome node disappeared. This pattern suggests that the
elevated T2D risk is driven primarily by the highest lev-
els of PMj 5 exposure, and that moderate elevations are
less clearly distinguishable from the reference category. It
also highlights that CSBN inferences for weaker environ-
mental effects can be sensitive to discretization choices,
underscoring the need for cautious interpretation and,
where possible, complementary analyses based on multi-
category discretization.

Causal interpretation of arcs in a DAG requires
causal identification assumptions, including (at mini-
mum) a reasonable degree of causal sufficiency. In this
study, we judged causal sufficiency to be unlikely for
three specific pairs—ALT-AST, PM2.5-GASmix, and
DRINK-SMOKE—because plausible shared unobserved
determinants may underlie these associations. We there-
fore excluded causal interpretation for these links and
conducted causal inference only for the remaining rela-
tionships. Nevertheless, our analysis remains subject to
residual confounding from unmeasured or imperfectly
measured factors—such as more detailed dietary infor-
mation and occupational or indoor air-pollution expo-
sures—which cannot be fully ruled out.
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Finally, the analysis is restricted to the KoGES Ansan
cohort, an industrial urban population that may not be
globally representative. The relatively high levels of air
pollution and the specific demographic and socioeco-
nomic profile of this cohort mean that our findings are
most directly generalizable to similar industrialized
urban settings. External validation of the CSBN structure
and interventional contrasts in other cohorts or indepen-
dent populations is warranted and should be interpreted
with caution.

Future work should extend the CSBN approach to
larger and more diverse populations and incorporate
time-varying covariates, richer lifestyle and occupational
histories, and more detailed pollutant mixtures. As data
linkages to mortality and hospital records become avail-
able, competing-risk frameworks could be integrated into
the CSBN to address the joint dynamics of T2D onset,
complications, and death.

Conclusion

Using an 11-year follow-up of the KoGES Ansan cohort,
we applied the CSBN to disentangle how demographic,
lifestyle, metabolic, and environmental factors jointly
shape the development of T2D. The CSBN framework
combined a BN with a Cox model, allowing us to trans-
late complex dependence structures into interpretable
interventional risks over both long-term (11-year) and
short-term (5-year) horizons. This approach provided
a coherent way to accommodate censoring, distinguish
direct from confounded pathways, and evaluate both
individual and joint causal effects within a single graphi-
cal model.

Substantively, our analysis showed that obesity, ele-
vated ALT, dyslipidemia, older age, and family history of
diabetes are the dominant causal determinants of long-
term T2D incidence in this industrial urban population,
with smoking and low physical activity contributing addi-
tional risk. Long-term exposure to fine particulate matter
and a combustion-related gaseous mixture also increased
T2D risk, even after accounting for traditional risk fac-
tors, underscoring the role of ambient air pollution as an
important environmental driver of diabetes. The CSBN
further highlighted that clustered metabolic abnor-
malities—particularly combinations involving obesity,
dyslipidemia, elevated ALT, and family history—exert
more-than-additive effects, with evidence of stronger
interactions already apparent within five years.

These findings highlight the value of considering risk
factors simultaneously and support the development of
targeted prevention strategies for industrialized popu-
lations facing combined pollution and cardiometabolic
burdens.
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