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Forecasting occupational accidents
in Turkey using multivariate
ARMAX and NLARX models

Selcan Kaplanvural*™, Eren Tosyali? & ismail Ekmekgi?

Occupational accidents remain a critical issue in Turkey, with significant social and economic
consequences, and understanding accident trends is essential for developing effective prevention
strategies. This study employed both linear AutoRegressive Moving Average with Exogenous Input
(ARMAX) and Nonlinear AutoRegressive with Exogenous Input (NLARX) models to forecast future
occupational accidents using four accident-related populations (y1, y2, ¥s, Y4) derived from official
insurance records. Due to the lack of consistently reported monthly data from the Social Security
Institution (SSI), exogenous variables such as sectoral, economic, or demographic indicators were

not incorporated, and the models were therefore identified based solely on the endogenous accident
dynamics. The ARMAX identification process yielded a relatively large set of candidate parameters,
which were subsequently evaluated using statistical significance criteria; only coefficients with p
values below 0.05 and confidence intervals excluding zero were retained for interpretation. Model
performance was evaluated using the normalized mean squared error (NMSE), which was computed
separately for the training period, the test (out-of-sample forecasting) period, and the full dataset

for each model. This multi-level evaluation enabled a consistent comparison of in-sample fitting
accuracy, out-of-sample generalization capability, and overall predictive performance across ARMAX
and NLARX models. The significance-based analysis revealed distinct linear dynamic structures across
the output groups, with the (y1, y2) populations characterized by a larger number of moderate-
magnitude significant coefficients, whereas (ys, y4) exhibited fewer but more dominant linear effects.
The ARMAX model produced the lowest NMSE values across the training, test, and full datasets for
most populations, demonstrating particularly strong and stable predictive accuracy for y; and y». The
NLARX model yielded the best performance for y; and showed comparable NMSE values to ARMAX
for y2 and y4, although it exhibited higher forecasting errors for y3, especially in the test period.
Overall, the results indicated that while NLARX was capable of capturing nonlinear patterns in specific
cases, the ARMAX framework provided a more robust, interpretable, and consistently generalizable
representation of the dominant temporal dynamics governing occupational accident trends. These
findings highlighted the potential of multivariate time series models to support evidence-based
decision-making in occupational safety planning and policy development.

Keywords Occupational accidents, ARMAX, NLARX, Time series forecasting, OHS modelling

Occupational Health and Safety (OHS) is an interdisciplinary field dedicated to protecting the well-being of
workers by preventing workplace injuries, illnesses and accidents!?. Occupational accidents pose a major threat
to public health and workforce productivity®, and understanding their causes and predicting their occurrence
remain central concerns in OHS research®. Statistical analysis of accident records enables the identification of
risk-prone areas and critical factors, supporting the development of targeted prevention strategies”. Early efforts,
such as those by Andersson and Lagerlof, emphasized the importance of comprehensive accident databases and
laid the foundation for modern OHS data system®.

As accident databases have expanded, a wide range of data-driven analytical techniques has emerged in OHS
research. Beyond Natural Language Processing’, recent studies have employed machine-learning classifiers to
predict accident severity®, clustering algorithms to identify hidden risk patterns in high-volume datasets®, and

Vocational School of Health Services, Occupational Health and Safety, Istanbul Bilgi University, 34387 Istanbul,
Turkey. 2Department of Mechatronics Engineering, Faculty of Engineering and Natural Sciences, Istanbul Bilgi
University, 34060 Istanbul, Turkey. *Department of Industrial Engineering, Faculty of Engineering, Istanbul
Commerce University, 34840 Istanbul, Turkey. “email: selcan.cicek@bilgi.edu.tr

Scientific Reports|  (2026) 16:5696 | https://doi.org/10.1038/s41598-026-36210-0 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-026-36210-0&domain=pdf&date_stamp=2026-1-19

www.nature.com/scientificreports/

Bayesian approaches for probabilistic assessment of accident likelihood!?. These advanced analytical methods
are also increasingly applied in high-risk sectors. In the construction industry, deep-learning frameworks
such as CNN and LSTM architectures have been used to forecast accident frequency and model leading safety
indicators'!. Similarly, in the mining sector, deep-learning and text-mining approaches have been utilized
to automatically classify hazardous events and uncover latent risk themes from unstructured safety records,
providing valuable support for proactive hazard investigation and accident prevention'2.

Parallel to these text-based approaches, time series models have been widely used to forecast accident trends,
particularly through univariate methods such as AutoRegressive Integrated Moving Average (ARIMA)'".
ARIMA-based studies have been applied across various industrial settings, including Indian factories!4,
mining operations in Pakistan!®, and steel manufacturing!®. While these approaches offer reliable short-term
forecasts'’~1%, their univariate nature limits their ability to capture interactions among different accident types?.
To address this limitation, researchers have explored multivariate and structure-based modeling approaches
including unobserved component models?!, complex networks??, and Bayesian frameworks?® highlighting
the need to consider inter dependencies among accident populations. Furthermore, recent comparative time-
series studies such as those evaluating ARIMA, beta-ARMA, and KARMA models for occupational accident
mortality in Brazil underscore both the widespread reliance on classical autoregressive approaches®*. Long-term
analyses from high-risk industrial sectors likewise indicate that accident dynamics often follow hierarchical
and interdependent patterns, where shifts in one accident category can propagate through the broader safety
system?. These findings reinforce the necessity of adopting multivariate modeling techniques capable of
representing coupled temporal behaviors. Despite these advances, there remains a notable gap in the application
of multivariate system identification techniques particularly AutoRegressive Moving Average with Exogenous
Input (ARMAX) and Nonlinear ARX (NLARX) to occupational accident forecasting. These methods can
capture nonlinear, dynamic relationships among multiple correlated variables, such as minor injuries, major
injuries, and fatalities, while providing interpretable model structures?®.

Building on our earlier work, where we developed an ODE system inspired by the epidemiological SIR model to
describe the propagation of occupational accidents?’, the present study adopts a data-driven, multivariate system
identification perspective. In the previously proposed conceptual model, a hierarchical accident progression
was assumed, in which the insured worker population primarily contributed to minor accidents, while major
accidents represented the dominant transition state leading to fatal outcomes. Motivated by this structural
assumption, the accident dynamics are modeled through two coupled but separately identified subsystems,
namely (y1, y2) capturing the insured-minor accident interaction and (ys, ¥4 ) representing the major accident-
fatality relationship. Using real-world insurance data from Turkey, we model the dynamic interplay among
these accident severity groups and forecast future trends using ARMAX and NLARX frameworks. Within this
framework, ARMAX models are employed to capture dominant linear temporal dependencies, while NLARX
models are used to investigate potential nonlinear dynamics inherent in the accident propagation process.
Model performance is evaluated through the normalized mean squared error (NMSE), providing a transparent
and robust validation metric for time-series forecasting in occupational health and safety (OHS) research.

This study makes three key contributions to the occupational safety forecasting literature: (i) it provides
the first multivariate system-identification framework for modeling the coupled dynamics of insured, minor,
major, and fatal accident populations in Turkey; (ii) it offers a systematic comparison of linear ARMAX and
nonlinear NLARX approaches within a unified data-driven architecture; and (iii) it demonstrates how cross-lag
dependencies among accident categories can be leveraged to generate interpretable and policy-relevant forecasts
for national OHS planning. The structure of the paper is as follows: Section “Material and methods” introduces
the dataset and methodology. Section “Results” presents the model results and performance evaluation. Section
“Conclusion” summarizes key findings and outlines recommendations for future research.

Material and methods

Data description

In Turkey, as in many other countries, occupational accidents present serious challenges to public health and
workforce productivity?®. According to official data published by the Social Security Institution (SSI), at least 1500
workers have lost their lives in occupational accidents each year?. Fatal accidents are particularly prevalent in
high-risk sectors such as construction, mining, and transportation®*-32. The persistently high rate of occupational
accidents constitutes a major safety concern. The enactment of Occupational Health and Safety Law No. 6331
in 2013 marked a turning point in improving data reliability and strengthening supervision and preventive
efforts3. According to 2023 statistics, a total of 681,401 occupational accidents were reported, including 1966
fatalities, underscoring the urgency of adopting multidimensional approaches to workplace safety®’.

The SSI provides detailed and regularly updated statistics on insured workers, workplace conditions,
occupational accidents, and occupational diseases*!. Employees are classified into three main categories based
on their insurance status: 4a (private sector employees), 4b (civil servants), and 4c (self-employed individuals).
The available data are further segmented by sector (industry-specific rates), time (annual and monthly trends),
geography (provincial distribution), demographics (age and gender), work status (whether the employee was
working at the time of the accident), and duration of incapacitation (ranging from one day to five or more days).

Figure 1 shows the number of insured workers exposed to occupational and fatal accidents in Turkey between
2012 and 2023.

As illustrated in Fig. 1, the implementation of Occupational Health and Safety Law No. 6331, marked in red,
significantly impacted the reporting mechanisms for occupational accidents. Although a sharp decline occurred
during the COVID-19 pandemic, recent years have seen a renewed increase in both the number of insured
workers involved in occupational accidents and those involved in fatal accidents.
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Fig. 1. (a) Number of insured individuals exposed to occupational accidents. (b) Number of insured
individuals exposed to fatal occupational accidents in Turkey (2012-2023).

Population | Description

A The average of the total insured population under 4a
Y1 The number of accident-free insured individuals

Y The number of accident-minor insured individuals
Y3 The number of accident-major insured individuals
Y4 The number of accident-fatal insured individuals

Table 1. The classification of occupational accident populations.

In this study, the analysis begins in 2013, aligning with the enforcement of the occupational health and safety
law to ensure data consistency and reliability. The dataset extends through 2023, providing a comprehensive view
of the period. The time series consists of 132 monthly data points, covering the period from January 2013 to
December 2023. The year 2023 was selected as the endpoint of the dataset, as it corse that result in death.

The classification of populations used in this study is summarized in Table 1. All population values are
presented cumulatively and scaled per one million individuals (1/1,000,000).

Times series analysis

Time series analysis is a statistical technique that focuses on analyzing data collected or recorded at specific time
intervals, enabling researchers and analysts to identify trends, patterns, and seasonal variations over time®.
These analyses are very important in various fields, including economics, finance, environmental science and
engineering, as they enable the prediction of future values based on past data®-3. In this context, Yule made
great contribution to time series analysis, especially with his work on auto-regressive (AR) models, and has laid
the foundation for modern statistical studies in this field*. The AR model is denoted as AR(p) of order p. The
formulation of the model is expressed as follows Eq. (1)*.

P
Yi=a+) oViite (1)

i=1

where Y; is the value of the time series at time ¢. « is the constant, ¢ is the AR coefficients for each lag i. Y;_; is
the lagged values of the series (i.e. Y;—1, Yi—2, ,Y:_p), e is the error term at time .

The auto-regressive moving average (ARMA) model combines the components of (AR) and the moving
average (MA)*!. The formula of the ARMA model of order (p, q) is given by Eq. (2)"3.

P q
Y;:a{—ngiygg,i-‘rzoj'@tfj"‘et (2)
i=1 j=1

In the ARMA model, Y, Y;_;, e; and e;—; represent variables, where Y; is the current observation, Y;_;
represents the past observation, e; is the current error term and e;_; represents the past error terms. This model
is estimated using both the past observation Y;_; and the error terms e;— i

In another study, Box and Jenkins present the Auto-Regressive Integrated Moving Average (ARIMA)
methodology as a statistical approach to analyze time series data.!®. The main difference between the ARIMA
and ARMA models is that ARIMA can handle non-stationary time series by applying differencing, while ARMA
is designed for stationary time series*. The mathematical expression of the ARIMA model (p,d,q) is shown in
Eq. (3)*.
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here B represents the back-shift operator, defined as B¥Y; = Y;_j, and d denotes the number of times the series
must be differenced to achieve stationarity.

The Autoregressive Moving Average with Extra Input (ARMAX) model is a version of the ARMA model that
incorporates exogenous factors X into the modeling process**. The general form of the ARMAX model (p, g, 1)
is given as follows Eq. (4)*:

P q r
Y: :ClJrzfﬁth—i+Zt916t_j+z5kXt—k+€z (4)
i=1 j=0 k=1

here Xy, represents the exogenous variables,and p, q and r are the orders of the AR, MA and X terms,
respectively®.

The polynomial AR model (PAR or ARX) is derived from the AR model for nonlinear time series*®. This
approach is particularly useful when the relationship between the current value and past values is non-linear.
It enables a more accurate representation of the time series dynamics by capturing complex patterns and
dependencies in the data?®. The PAR model of order d is expressed as Eq. (5)*°

p d d
Vi=a+ > oVt » 0V 4+ aVilite (5)
i=1 j=1 k=1

where Zj:1 0; Y7+ 22:1 61Y, ), represents polynomial relationships involving past values of Vi,

including squared, cubed, or higher-degree terms>®°!.

Results

Model order

The workflow for the research presented in this study is summarized in Fig. 2. The ARMAX and NLARX
models representing linear and nonlinear autoregressive approaches were employed to forecast future trends
in occupational accidents in Turkey, where the SSI's monthly accident records (2013-2023) were organized
into four population groups (y1, Y2, y3, y4) as defined in Table 1. The workflow begins by structuring the SSI
accident records into a multivariate time series and applying basic preprocessing. The data are then split into
estimation and validation sets, after which two modelling paths are pursued: alinear ARMAX model with orders
selected using information-based criteria, and a nonlinear NLARX model employing polynomial regressors.
Both models are assessed through short- and long-term forecasts using NMSE metrics. The workflow concludes
with a comparative evaluation of model performance and interpretation of the dynamic relationships among
accident groups.

In line with the system identification workflow adopted in this study, the ARMAX model was estimated, vali-
dated, and forecasted using MATLAB’s System Identification Toolbox. While Fig. 2 provides a conceptual over-
view of the modeling pipeline, the detailed implementation steps of data preparation, ARMAX and NLARX
model estimation, validation, and performance assessment are formally described in Algorithm 1.

: Input: Monthly SSI accident data (2013-2023): y1,)2,73,V4

: Output: Forecasted accident trends and performance metrics
: Data preparation

Import data, handle missing values, and detrend all series.
Split data into training and testing subsets.

: Linear modelling (ARMAX/ARMA)

Select AR orders using arxstruc and selstruc.

Set np = 0 (no exogenous inputs) and choose MA orders.
9: Estimate the multivariate ARMAX model.

o I Y T S

10: Perform short-term prediction and long-term forecasting.
11: Nonlinear modelling (NLARX)

12: Define linear and polynomial regressors.

13: Estimate the NLARX model using nlarx .

14: Generate predictions and forecasts.

15: Model evaluation and interpretation
16: Compute NMSE and compare ARMAX and NLARX results.
17: Interpret interdependencies among accident categories.

Algorithm 1. ARMAX-NLARX Modelling Workflow
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Fig. 2. Minimal workflow of the proposed ARMAX-NLARX modeling framework for multivariate
occupational accident time series. Monthly SSI accident data (2013-2023) are organized into a multivariate
iddata structure, preprocessed, and divided into estimation and validation sets. Linear ARMAX and
nonlinear NLARX models are identified in parallel, followed by in-sample prediction and out-of-sample
forecasting. Model performance is evaluated using NMSE across all accident populations (y1-y4), enabling a
systematic comparison of linear and nonlinear dynamics.

As illustrated in Fig. 3, the test NMSE curves for all output variables exhibit a clear stabilization behavior
around Nirain = 80. For smaller training lengths, the NMSE values show pronounced variability, indicating
insufficient data to robustly capture the underlying system dynamics. Conversely, increasing the training length
beyond Nirain = 80 does not yield consistent or significant improvements in prediction accuracy across the
outputs, and in some cases leads to marginal degradation, suggesting the onset of overfitting or numerical
sensitivity. The emergence of this plateau in the test NMSE curves indicates diminishing returns with respect
to additional training data. Therefore, Nirain = 80 is selected as a reliable and well-balanced compromise that
ensures stable generalization performance while avoiding unnecessary model complexity.

ARMAX model: numerical evaluation and results

Before interpreting these polynomials, it is important to clarify the structural form of the ARMAX model used in
this study. Although the ARMAX framework allows the inclusion of external (exogenous) variables, the present
study does not incorporate any exogenous inputs. The dataset obtained from the Social Security Institution
(SSI) provides only accident-related populations (y1, ¥2, y3, ¥4) without consistent monthly economic, sectoral,
demographic, or regulatory indicators that could serve as external predictors for the 2013-2023 period.
Therefore, the ARMAX models used in this study operate solely on internal dynamics autoregressive terms and
cross-lag interactions among the accident populations resulting in a multivariate ARMA-type structure without
an X(t) component.

The first eighty data points of each population were used as the training set (ze), while the remaining data
formed the test set (zv). To appropriately capture short-term fluctuations and cyclical components in the data, a
detrending procedure was applied prior to model estimation.

To determine suitable autoregressive orders n,, we employed MATLAB’s arxstruc selstruc routine.
This procedure evaluates candidate models with autoregressive orders from 1 to 10 using a cross validation
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Fig. 3. Variation of the normalized mean squared error (NMSE) with respect to the training length Nirain
for the ARMAX and NLARX models. Panel (a) shows the training NMSE results, while panel (b) presents the
test NMSE results for all four outputs (y1-ya4). The vertical dashed line indicates the selected training length
(NVtrain = 80), corresponding to a stable NMSE region across outputs. Test NMSE values are emphasized for
model selection, as they better reflect generalization performance.

Population | n,, Ne
Y1 [5,4; 4, 5] [5,5]
Yo [5,4;4,5] |[5,5]
Y3 [10,9;6,7] | [10,7]
Y4 [10,9;6,7] | [10, 7]

Table 2. Selected ARMAX model orders n, and n.

framework: each candidate structure is estimated on the training subset and evaluated on the validation subset.
For every candidate, the Final Prediction Error (FPE) criterion is computed, which for a model with k parameters
and residual variance 62 is defined as:

&2N+k
N -k’

FPE = (6)

where N denotes the number of estimation samples.

Since FPE is mathematically equivalent to Akaike’s Information Criterion (AIC) up to a multiplicative
constant, minimizing FPE corresponds to an AIC-based model selection strategy that naturally penalizes
overly complex models®2. Thus, the final n, values were selected as those minimizing the validation FPE for
each population. Following standard practice in multivariate ARMA modeling, the n. values were chosen to
match the complexity of the AR component, ensuring a balanced and identifiable polynomial structure. Since
no exogenous input signals are included in the dataset, the n; term is not applicable and was omitted from the
model specification.

The resulting nq and n. values used for the four accident populations are reported in Table 2.

The general form of the ARMAX model (multiple-input multiple-output) is shown in Eq. (7)

A(2)y(t) = —Ai(2)yi(2) + C(2)e(t) )
where A(z) represents the AR polynomial for the populations, and —A;(z)y;(z) corresponds to the cross-
interactions in the model. Population y; is correlated with population y. In addition, ys and y4 are correlated.
A;(z) captures these cross-dependencies and reflects the influence of each group populations. The term C(z)e(t)
is the error term or noise polynomial, which is part of the MA model. The AR and MA components for the
populations 1, Y2, y3, and y4 are provided in Table 3.

In the Table 3, the coefficients in each polynomial are estimated based on the data, and the behavior of the
system is modeled by these relationships. To clarify the practical meaning of these coefficients, it is helpful to
illustrate how they describe the interaction dynamics among accident populations. For example, in the case
of y1 (), the cross-term Az (z) = 0.9995z" indicates that an increase in minor injuries (y2) in the previous
month has an almost one-to-one positive effect on the current value of y1. This suggests that fluctuations in
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Population | Polynomial | Coefficients Explanation
A(2) 1—1.0172"1 +1.0162~2 Dependency of y1 (t) on its own past values
y1(t) Az(z) 0.99952 1 Effect of previous time steps of y2 (¢) on y1 (t) (cross-dependency)
C(z) 1—0.7804z"' — 0.19072"2 Effect of past error terms
A(z) 1—1.017271 +1.016272 Dependency of y2 (t) on its own past values
ya(t) A1(z) 0.9995z 1 Effect of previous time steps of y1 (¢) on y2(t) (cross-dependency)
C(z) 1—0.78042"' — 0.19072"2 Effect of past error terms
A(z) 1—2.004z" 1 4+ 1.0092~2 Dependency of y3(t) on its own past values
ys(t) Aq(2) —0.312z71 Effect of previous time steps of y4 (t) on y3 () (cross-dependency)
C(z) 1—0.68332"1 —0.1148272 Effect of past error terms
-1 —2
A(z) }i-a {)féggézg, i 0. 5%?%2124 Dependency of y4(t) on its own past values
—1 —2
ya(t) Asz(z) &?9605985??7075; 0,0014542 Effect of previous time steps of y3(t) on y4 (t) (cross-dependency)
S . —2
C(z) 17(4{ é)léggzl_zg o g 4%'%5)_‘% Effect of past error terms

Table 3. Polynomials and coefficients for populations y1 (t), y2(t), ys(t), and ya(t).

y2 propagate directly into y1, reflecting strong coupling between these two accident categories. Similarly, the
negative coefficient in A4(z) for the y3 equation (A44(z) = —0.31227") implies that an increase in the number
of major injuries (y4) in the previous period tends to reduce the current value of y3, capturing an inverse short-
term relationship. These examples demonstrate how the AR and cross-interaction terms collectively characterize
the dynamic dependencies among accident populations, providing insights into how changes in one category
influence the others over time.

In this context, the numerical results of ARMAX model are illustrated in Fig. 4.

In Fig. 4, the ARMAX model results are presented for the outputs y1, y2, y3, and y4. Each time series is
divided into two segments by a dashed vertical line, representing the training and forecasting phases. The blue
curve denotes the measured SSI data, while the orange and pink curves correspond to the model prediction
during the training phase and the forecast during the testing phase, respectively. The first 80 months of data
were used for model training, and the remaining 52 months were reserved for forecasting. The NMSE values for
the training, testing, and complete datasets were computed using the ca 1NMSE function in MATLAB?®?, which
evaluates the normalized squared error between the measured and estimated data in Eq. (8).

_ Z(g(l‘7y)) — f(‘rvy))2
NMSE = =55 y)e ®

here g(x, y) and f(x, y) denote the actual data and the synthetic data, respectively. The error performance of
the ARMAX model for each population is summarized in Table 4. The NMSE values indicate that the model
achieves a high level of accuracy during the training (grediction) phase for all outputs. Specifically, the training
NMSE values are on the order of 10~ for y1 and 107" for y2, y3, and y4, demonstrating an excellent in-sample
fit. During the testing phase, which corresponds to multi-step open-loop forecasting, the NMSE values increase
as expected, reflecting the increased difficulty of long-horizon prediction. Nevertheless, the test NMSE values
remain below 10~ for all populations, indicating that the ARMAX model preserves satisfactory generalization
capability across the forecasting interval.

The statistical significance of the estimated ARMAX parameters for the two output groups is summarized in
Tables 5 and 6. The ARMAX identification procedure produced a total of 49 parameters for each output-group
model. Rather than reporting the full set, the tables list only the coefficients that are statistically significant at
the 5% level. Specifically, we retained parameters satisfying p < 0.05 and exhibiting 95% confidence intervals
that do not include zero. Parameters failing these criteria were omitted because their estimated effects were
statistically indistinguishable from zero and therefore provide limited interpretability with respect to the
dominant linear temporal structure. For the (y1, y2) model, multiple coefficients satisfy the significance criteria
and display small p values together with confidence intervals excluding zero, indicating that a subset of the
ARMAX terms consistently contributes to the linear temporal dependencies of the outputs. Notably, ps and
p22 have comparatively large negative estimates (approximately —1.65) with tight confidence intervals (e.g., for
pa, [—2.80, —0.51]), suggesting persistent negative temporal effects. In contrast, parameters such as ps, p12,
and p2g are positive (approximately 0.74 to 1.06), pointing to compensatory linear contributions. Several of
these terms exhibit extremely small p values (often on the order of 10™° to 10~°), strengthening the evidence
that they represent robust linear structure. At the same time, the presence of additional parameters with
comparatively large standard errors (not listed due to the significance filter) suggests a degree of redundancy
in the parametrization, which is not uncommon in multivariate ARMAX models fitted to datasets of limited
length. In contrast, the (ys, y4) model is characterized by fewer but more pronounced significant parameters
with substantially larger magnitudes. In particular, p1g and p19 display dominant coefficients (approximately
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Fig. 4. ARMAX model results for monthly occupational accident data. Panels show the temporal evolution

of (a) accident-free insured individuals (y1), (b) insured individuals with minor accidents (y2), (¢) insured
individuals with major accidents (y3), and (d) insured individuals with fatal accidents (y4). The solid blue lines
denote the observed data, the dashed red lines represent in-sample model predictions over the training period
(first 80 months), and the solid magenta lines indicate out-of-sample forecasts over the test period (remaining
52 months). The vertical dashed line marks the boundary between the training and test intervals.

Output | Train (Prediction) NMSE | Test (Forecast) NMSE | Full NMSE

Y1 1.15 x 1077 2.47 x 107° 3.25 x 1076
Y2 4.35 x 107° 1.16 x 1074 4.33 x 107°
y3 2.68 x 107° 7.17 x 107° 2.68 x 107°
Y4 2.99 x 107° 1.07 x 10~% 3.53 x 10~°

Table 4. ARMAX model performance in terms of NMSE for training prediction and testing multi-step
forecasting.

—11.33 and 13.16, respectively) with extremely small p values (< 107°), indicating more clearly identifiable
linear dynamics governed by a smaller set of influential temporal dependencies. Additional significant terms
(e.g.» P33, P34, and p3s5) exhibit smaller magnitudes but tight confidence intervals, suggesting that the model
also captures finer-scale linear effects reliably. Overall, the significance-based parameter analysis supports the
suitability of the ARMAX framework for capturing the principal linear characteristics of both output groups,
while the differing distributions (in both number and magnitude) of significant coeflicients are consistent with

the variations observed in their respective forecasting performances.
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Parameter | Estimate | Std. Error | Clgs9; Low | Clgs9; High | p value

P4 —1.654531 | 0.582605 | —2.796415 —0.512646 0.00451

Ps 0.741829 0.182512 0.384112 1.099546 4.81 x 107°
Ps —0.411854 | 0.008652 | —0.428811 —0.394897 <1076

Po 0.501119 0.004596 0.492111 0.510127 <10°¢

P1o —1.115868 | 0.235594 | — 1.577624 —0.654111 2.18 x 1076
P12 1.063190 0.397061 | 0.284965 1.841415 0.00741

pi7 —0.411854 | 0.009462 | — 0.430400 —0.393308 <1076

P18 0.501119 | 0.004907 | 0.491501 0.510737 <10°¢

P22 —1.654531 | 0.581963 | —2.795157 —0.513905 0.00447

p23 0.741829 0.182887 | 0.383377 1.100282 5.02 x 10~°
P24 —1.115868 | 0.233994 | —1.574488 —-0.657248 2.07 x 107°
P26 1.063190 0.395627 | 0.287776 1.838605 0.00720

Table 5. Statistical significance of ARMA parameters identified for the (y1,y2) output pair (only p < 0.05).

Parameter | Estimate Std. Error Clgs9 Low | Clgse, High | p value

P1 —1.090313 | 0.444396 -1.961313 —-0.219313 0.0141

P6 —1.018297 | 0.465850 —1.931345 —0.105248 0.0288

Pis —11.326142 | 0.391167 —12.092815 | —10.559469 <107¢

P19 13.155061 0.409644 12.352173 13.957949 <10~¢

P33 0019229 | 0.005256 0.008928 0.029531 2.54 x 10~
P34 -0.013273 |2.669 x 10~% | 0013797 | -0.012750 | < 10~6

P3s 0.002953 1.683 x 10~* | 0.002623 0.003283 <106

P36 —1.324360 | 0.550075 —2.402487 —0.246234 0.0161

Table 6. Statistical significance of ARMA parameters identified for the (y3, y4) output pair (only p < 0.05).

NLARX model: numerical evaluation and results

NLARX models possess the capability to capture nonlinear relationships between variables. In scenarios where
the relationship between occupational accidents and contributing factors such as workplace conditions, safety
measures, or employee behavior exhibits nonlinearity, NLARX models are better suited to represent these
complexities effectively. The basic formulation used in this model is given in Eq. (10).

y(t) = fly(t = 1),y(t = 2),...,y(t = n),u(t), u(t = 1),...u(t —m)) + e(t) ©)

here y(t) represents the number of occupational accident populations at the ¢ time. f{.) is a nonlinear function
that maps the past outputs and inputs to the current output. y(t — 1), y(t — 2), ..., y(¢t — n) are the past values
of the output variable, u(t), u(t — 1), ..., u(t — m) are the exogenous input variables and e(t) is the error term.

NLARX models possess the capability to capture nonlinear relationships between variables. In scenarios
where the relationship between occupational accidents and contributing factors such as workplace conditions,
safety measures, or employee behavior exhibits nonlinearity, NLARX models are better suited to represent these
complexities effectively. The basic formulation used in this model is given in Eq. (10).

y() = flyt —1),y(t —2),...,y{t —n),u(t),ut —1),...u(t — m)) + e(t) (10)

here y(t) represents the number of occupational accident populations at the ¢ time. f{.) is a nonlinear function
that maps the past outputs and inputs to the current output. y(t — 1), y(t — 2), ..., y(t — n) are the past values
of the output variable, u(t), u(t — 1), ..., u(t — m) are the exogenous input variables and e(t) is the error term.
The exogenous input was set to zero, as no consistent monthly exogenous indicators were reported by SSL

In this study, the nonlinear function f(-) is implemented using MATLAB’s polynomial regression based
NLARKX structure. No neural networks, wavelet networks, or advanced nonlinear architectures are emgloyed.
Instead, the nonlinear mapping is constructed from linear regressors, squared terms (such as y; (¢ — 1)), and
interaction terms (such as y1 (¢ — 1)y2(t — 1)ys(t — 1)ya(t — 1)), enabling the model to capture nonlinear
dependencies among the accident populations while maintaining interpretability. During parameter estimation,
MATLAB iteratively updates the model coeflicients to minimize prediction error, ensuring that the final NLARX
model provides an accurate nonlinear representation of the data. Following the definition of the nonlinear
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structure and the learning procedure, the NLARX model is applied to the occupational accident dataset as

described below.

The NLARX model utilizes the populations y1, y2, ¥3, and y4 as described in Table 1. The numerical results of
the NLARX model are computed using MATLAB. The first eighty data points of each population are designated
as the training set (ze), while the remaining data points constitute the test set (zv). Additionally, the dataset is
de-trended to remove any long-term trends or biases.

In this model, the inputs include the populations y1, y2, ys and ya, their squared terms (y1(t — 1)

2
>

ya(t — 1), ya(t — 1)%, ya(t — 1)?) and their interaction terms (y1 (t — 1) *yo(t — 1) *y3(t — 1) *ya(t — 1)).
These terms are incorporated into the system to capture potential nonlinear relationships and interactions among
the variables. The initial coefficients for the populations y1 and y2 were determined as [—0.394, 0.00565], while
the coefficients for y3 and y4 were initialized as [0.0028, —2.3175 x 1074, —1.1382 x 107°, 3.9849 x 107°].
These coefficients were subsequently optimized during the learning process to improve the model’s performance.
Unlike ARMAX models, NLARX models are identified through nonlinear optimization, and the estimation
procedure does not yield an analytical parameter covariance matrix. As a result, standard errors, confidence
intervals, and hypothesis tests for individual parameters cannot be computed in a straightforward manner.
Therefore, the evaluation of the NLARX models in this study focuses on predictive performance metrics rather

than parameter-level statistical inference.

Figure 5 presents the results obtained using the NLARX model. The blue curve corresponds to the measured
data, while the orange curve shows the one-step-ahead predictions generated during the training phase using
data up to the 80th month. The pink curve represents the multi-step open-loop forecasts produced for the period
between the 80th and 132nd months. The prediction performance of the NLARX model is evaluated using
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Fig. 5. NLARX (parallel structure) model results for monthly occupational accident data. Panels depict the
temporal evolution of (a) accident-free insured individuals (y1), (b) insured individuals with minor accidents
(y2), (c) insured individuals with major accidents (y3), and (d) insured individuals with fatal accidents (y4).
Solid blue lines represent the observed data, dashed red lines indicate in-sample predictions obtained from
the NLARX model over the training period (first 80 months), and solid magenta lines show out-of-sample
forecasts over the test period (remaining 52 months). The vertical dashed line denotes the boundary between
the training and test intervals.
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Output | Train (Prediction) NMSE | Test (Forecast) NMSE | Full NMSE

Y1 5.65 x 1078 3.34 x 107° 4.56 x 1077
Y2 2.15 x 10~° 1.17 x 10~% 4.19 x 107°
Y3 1.28 x 10~° 1.34 x 1073 4.36 x 1074
Ya 3.66 x 107° 2.21 x 1074 6.74 x 1072

Table 7. NLARX model performance in terms of NMSE for training prediction and testing multi-step
forecasting.

the NMSE, computed between the measured outputs and the corresponding model responses. As reported in
Table 7, the training NMSE values lie in the range of 1075 to 10", indicating an excellent in-sample prediction
capability of the NLARX model. During the forecasting phase, the NMSE values increase and range from 10~°
to 1073, which is expected due to the accumulation of errors in open-loop multi-step prediction. Despite this
increase, the obtained NMSE levels demonstrate that the NLARX model maintains a satisfactory forecasting
performance while capturing the underlying nonlinear dynamics of the system.

Conclusion

Building on our previous work utilizing a system of ordinary differential equations based on the SIR model, this
study introduces a data-driven, multivariate time-series framework to analyze and forecast occupational accident
dynamics in Turkey. In contrast to univariate forecasting approaches, the proposed framework explicitly models
cross-lag interactions among accident populations and therefore enables the assessment of interdependencies
between accident categories rather than treating each series in isolation. The primary aim was to predict future
occupational accident trends by examining the coupled evolution of four accident-related populations (y1, ¥2,
Y3, Y4) derived from SSI monthly records (2013-2023).

Consistent with the hierarchical propagation mechanism assumed in our earlier conceptual model, the
multivariate identification was implemented through two coupled but separately estimated subsystems: (y1, y2)
representing the insured-minor accident interaction and (ys3,v4) representing the major accident-fatality
relationship. Within this setting, linear ARMAX models (estimated without exogenous inputs) and polynomial-
regression-based NLARX models were constructed and evaluated using the NMSE, computed separately for the
training (prediction), test (multi-step forecasting), and full datasets.

The numerical results demonstrate that the ARMAX model provides strong and consistent predictive
performance across all populations. In terms of full-data NMSE, ARMAX achieved 3.25 X 10~ for Y1,
4.33 x 1072 for y2,2.68 X 1075 for y3,and 3.53 X 1075 for Y4, indicating accurate in-sample fitting and stable
generalization to the out-of-sample forecasting interval.

In comparison, NLARX achieved its best performance for y; with a full-data NMSE of 4.56 x 1077,
outperforming ARMAX for this population, and produced comparable accuracy for y2 (4.19 x 10~°). However,
its forecasting errors were substantially higher for y3 (4.36 x 107%) and y4 (6.74 x 1079), revealing reduced
robustness for the major and fatal accident dynamics. This discrepancy is consistent with the observation that the
(y3, ya) subsystem is characterized by fewer but more dominant linear effects, whereas NLARX estimated via
nonlinear optimization without an analytical parameter covariance matrix is best interpreted through predictive
performance rather than parameter-level statistical inference.

Beyond predictive accuracy, the ARMAX parameter significance analysis provided interpretable evidence
of distinct linear structures across the two output groups: the (y1, y2) subsystem exhibited a larger number of
moderate-magnitude significant coefficients, while the (y3, y4) subsystem was governed by fewer but markedly
larger-magnitude significant parameters. Taken together, these findings suggest that the dominant temporal
dynamics of occupational accident trends in Turkey are largely captured by linear multivariate dependencies,
which explains the strong and stable performance of the ARMAX framework across training and forecasting
horizons. At the same time, the improved NLARX performance for y; indicates that nonlinear components may
contribute in more stable accident-related populations, and that nonlinear models can be beneficial in specific
cases.

Overall, the results confirm that multivariate ARMAX/NLARX modeling provides an effective data-
driven tool for forecasting occupational accident trends and for examining coupled dynamics among accident
categories. The ARMAX approach stands out as a robust and interpretable baseline suitable for forecasting and
policy planning, while NLARX can complement it by capturing subtle nonlinear patterns where they exist.

These modeling insights may support occupational safety management by enabling more informed planning
and targeted interventions. By identifying coupled temporal patterns among accident populations, decision-
makers may better prioritize preventive actions such as enhanced safety training, proactive inspections, and
optimized resource allocation to mitigate future occupational accidents.

From a policy perspective, the results offer concrete guidance for occupational safety planning. The strong
and stable performance of the ARMAX model across all accident populations indicates that linear multivariate
forecasts can be used by public authorities as a reliable early-warning tool for monitoring accident trends. In
particular, the (y3, y4) subsystem, representing major accidents and fatalities, is governed by a small number of
high-impact dynamics, suggesting that policy efforts should prioritize targeted inspections, stricter enforcement
in high-risk activities, and focused preventive measures rather than broad, uniform interventions. Operationally,
upward shifts in forecasted major accidents (y3) may justify pre-scheduled targeted inspections in high-risk
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sectors, while short-term increases in predicted fatality trends (y4) may warrant intensified supervision,
mandatory toolbox trainings, or sector-specific audits during elevated-risk periods.

Despite the strengths of the proposed framework, some limitations should be acknowledged when
interpreting the results.Because consistently reported monthly exogenous indicators were not available, the
models focus solely on endogenous interactions among accident populations. The moderate length of the
SSI time series also places natural constraints on the identification of more complex multivariate especially
nonlinear structures. Furthermore, NLARX models do not provide analytical parameter uncertainty measures,
which shifts the emphasis toward forecasting performance rather than coefficient-level interpretation.Finally,
the analysis is based on national aggregated data; sector- or region-specific datasets may reveal additional
patterns not captured here.

Future research could therefore benefit from integrating reliable exogenous indicators (e.g., sector, occupation,
experience level, accident cause), employing longer or higher-resolution datasets, and applying the proposed
methodology to disaggregated high-risk sectors such as construction and mining, which would enhance both
explanatory depth and policy relevance.
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