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Predicting the probability of occupational accident outcomes in the construction
industry

The construction industry experiences numerous accidents of varying severity. This study
analyses 434,134 occupational accident records from the construction sector in Turkey
(2012-2021) using ordinal logistic regression for four-category severity modelling. Unlike
previous studies, the dataset was splitinto 70 % training and 30 % independent test sets.
The model achieved a classification accuracy of 56.0 %, demonstrating strong sensitivity
in identifying rare, high-severity outcomes, such as death and permanent disability.
These results provide a validated predictive equation and identify critical risk factors,
thereby offering a data-driven framework for prevention strategies. This comprehensive
modelling approach bridges the gap between theoretical regression and practical safety
decision-making.
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Izvorni znanstveni rad

Siikrii Bulut, Muhammed Furkan Kahraman, Serap Yoriibulut, Ahmet Kiirsad Tiirker, Adnan Aktepe
Predvidanje vjerojatnosti ishoda ozljeda na radu u gradevinskoj industriji

Gradevinska industrija biljezi brojne nesrece razlicitih tezina. Ovo istrazivanje analizira
434.134 zapisa o ozljedama na radu iz gradevinskog sektora u Turskoj (2012. — 2021.)
primjenom ordinalne logisticke regresije za modeliranje tezine u Cetiri kategorije. Za
razliku od prethodnih radova, skup podataka padijeljen je na 70 % onih za treniranje i 30
% onih za neovisni skup za testiranje. Model je postigao tocnost klasifikacije od 56,0 %,
pokazujuci visoku osjetljivost u prepoznavanju rijetkih, jako teskih ishoda poput smrti i
trajnog invaliditeta. Ti rezultati pruzaju validiranu prediktivnu jednadzbu i identificiraju
kljucne cimbenike rizika, cime se nudi okvir za strategije prevencije temeljen na podacima.
Takav sveobuhvatan pristup modeliranju premoscuje jaz izmedu tearijske regresije i
prakticnog donosenja odluka o sigurnosti.

Kljuéne rijeci:
gradevinska industrija, zastita na radu, ozljeda na radu, ordinalna logisticka regresija, ¢imbenici rizika, tezina

ozljede, prediktivno modeliranje
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1. Introduction

Occupational accidents are defined as incidents occurring during
or resulting from work that cause injury or death [1]. They incur
costs that negatively affect employees, businesses, and national
economies. These costs include loss of life, physical and mental
health impairment, disability, decline in skilled labour and
workforce, increased unemployment, temporary or permanent
disability payments, disability or incapacity payments, increased
healthcare costs, compensatory payments, monthly benefits
paid to the employee’s family, and time consumed in legal
proceedings. In addition to direct costs, some costs cannot be
determined immediately in the workplace and may arise after
the accident [2, 3].

Every year, various industries worldwide suffer from numerous
occupational accidents, resulting in millions of employees being
injured or losing their lives. The construction industry accounts
for 35 % of workplace fatalities [4]. Compared with other
industries, the likelihood of fatal accidents in the construction
industry may be four times higher than the average in developed
countries and up to six times higher than the average in less-
developed countries [5]. In 2022, 20 % of all work-related deaths
occurred in the construction industry in the United States despite
employing only 6 % of the total workforce [6]. Furthermore, it is
among the most dangerous industries worldwide in terms of
non-fatal occupational accidents [7]. In Tirkiye, 12.1 % of the
681,401 occupational accidents and 28.1 % of the 1,966 fatal
occupational accidents reported in 2023 occurred in this industry.
According to public records, 225 occupational accidents occur
daily at construction sites in Turkiye. These statistics highlight
occupational health and safety (OHS) as a major challenge for the
construction industry [8, S1.

Dynamic and complex interactions between people, machinery,
and the environment during construction activities often result
in workplace incidents such as falls, collapses, collisions, electric
shocks, and mechanical injuries [10, 11].

Each related activity carries its own specific risks. For example,
in high-rise building construction activities where various new
digital techniques are used to significantly improve safety,
there are eight main risk factors consisting of approximately
60 sub-factors that can cause occupational accidents, such
as temporary electrical installations on-site, safety inspection
and safety warning signs, personal protective equipment, work
areas, personal factors, knowledge and skill levels of employees,
formwork or crane dismantling, scaffolding, overload, safety
management, and working at a height [12]. Each risk factor
must be meticulously examined based on its merits. For
example, the use of personal protective equipment, especially
safety harnesses and independent lifelines, before starting
work plays an important role in reducing worker-related risks
and preventing falls associated with working at height; however,
accident analyses show that a large proportion of accidents are
related to the lack of personal protective equipment or improper
use of this equipment [13, 14].

In order to prevent occupational accidents in construction sites,
which are largely caused by the lack of safety awareness among
workers, inadequate safety management in construction sites,
insufficient or defective personal protective equipment, and the
failure of operators to follow work procedures, it is necessary to
plan activities based on lessons learned from past occupational
accidents and to create safety policies to improve occupational
health and safety conditions and prevent possible deaths and
injuries [151.

Pastaccidents and OHS risks are strongly correlated, and reliable
risk predictions can be made using data on past accidents.
Consequently, authorities and OHS stakeholders encourage the
reporting of occupational accidents and near-misses [16, 171.
Risk calculations are traditionally defined as a product of
the probability of a defined hazard and its resulting severity.
The accurate measurement and analysis of severity are
more complex than probability assessment, and severity
is a significant concern across various industries. Logistic
regression, which is common in the medical and social sciences
butrare in OHS studies, has been increasingly used to accurately
predict the severity of occupational accidents. As an inferential
statistical technique, logistic regression helps reveal the
relationships between dependent and independent variables.
These relationships may also support the prediction of accident
severity [18, 19].

Previous studies have conducted standardised logistic
regression analyses to investigate occupational accidents.
Identifying the factors and relationships that cause occupational
accidents can reduce the number and severity of accidents.
Standard regression analysis has been used to determine the
factors affecting occupational accidents in the construction
industry in Hong Kong [20], investigate the relationship
between occupational accidents and health conditions
among employees in Lebanon [21], examine the relationship
between employee characteristics and the likelihood of injury
in occupational accidents in the construction industry in the
United States [22], and identify the factors affecting fatal
occupational accidents in the mining industry [23]. Standard
binary logistic regression was employed to predict the injury
severity scores for occupational accidents in two categories
(more than nine and nine or fewer) using variables from
occupational accident data in the construction industry [18]. In
the mining industry, work days lost due to nonfatal accidents
in an open-pit mine were predicted using variables such as
occupation, work area, employee age, accident cause, and
injury location through standard binary logistic regression
in two categories (longer than three days and three days or
shorter) [24]. It has also been used in the construction industry
to predict the outcomes of occupational accidents due to falls
from a height in two categories (fatal and non-fatal) based
on variables related to employees working on roofs and their
working conditions [25]. It uses decision tree, random forest,
and AdaBoost methods to determine the degree of impact of
variables including age, gender, length of service of employees
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working on construction sites, type of construction, size
of the employer, and date of the accident on the outcomes
of accidents in two categories (fatal and nonfatal injury
accidents) [26]. The outcomes of accidents were predicted in
two categories (resulting or not resulting in lost workdays) by
standard binary logistic regression analysis using variables
related to the individual and occupational characteristics of
road construction employees, such as age, gender, marital
status, OHS training, experience, education, occupation,
season, and location of the accident, and the material causing
the accident [1S]. It has also been employed to predict the
outcomes of occupational accidents in two categories (fatal
and nonfatal) using variables from a construction industry
occupational accident dataset [27]. One study combined
multiple logistic regression with support vector machines, the
(5.0 decision tree, stochastic gradient boosting, and neural
networks to identify how individual and occupational variables
affected accident outcomes in two categories (fatal and
nonfatal injuries) [28].

To the best of our knowledge, the literature contains few
studies that employ regularised regression models designed
to mitigate instability and multicollinearity in standard binary
logistic regression, thereby improving model performance by
yielding more robust regression coefficients. These studies
used the Firth logistic regression model [2S] and the Firth,
Lasso, and Elastic Net logistic regression models [30] to predict
accident outcomes in two categories (fatal/nonfatal) using
data on all occupational accidents, regardless of the industry.
Another study attempted to predict the accident frequency, lost
workdays, and severity across two categories (fatal/nonfatal)
using Lasso, Elastic Net, and Adaptive Lasso linear regression
models with data on accidents, labour markets, economic
factors, and production structures [31]. In the construction
industry, we identified only one study that used regularised
regression models. In this study, Firth, Ridge, Lasso, and
Elastic Net regularised logistic regression models were applied
alongside standard binary logistic regression to predict workday
loss resulting from occupational accidents in two categories
(more than three days, three days, or less) [32].

These studies show that logistic regression has been used
effectively to identify the factors influencing occupational
accidents and quantify their impact. Despite the measures
taken and the studies conducted, the high incidence and
severity of occupational accidents in the construction industry
necessitate further research. In contrast to previous studies
that used limited data from a single region or a few areas of
the construction industry, this study examined data related
to 434,314 officially reported occupational accidents in the
construction industry between 2012 and 2021. This is the
first study to employ ordinal logistic regression to predict
the likelihood of occupational accidents based on individual
and professional characteristics of employees, vyielding four
categories. These data encompassed the ten years following the
enactment of Law No. 6331 on Occupational Health and Safety,

a separate law on health and safety in Tirkiye. Therefore, this
study contributes to the literature by revealing the effectiveness
of practices implemented in the industry and in accordance with
legislation during the aforementioned period.

To the best of our knowledge, this study is the first to analyse
occupational accidents in the construction industry using ordinal
logistic regression with four categories of accident outcomes,
thereby departing from the previously employed standard and
regulatory binary logistic regression models.

2. Data and analysis method

This study examined officially reported occupational accidents
in the construction industry in Tirkiye between 2012 and 2021.
The "Occupational Accident and Occupational Disease Report
Form’, which contains personal information about the victim as
well as various details about the workplace and the accident,
and must be submitted to the Social Security Institution (SSI) by
employers following an occupational accident in Tiirkiye, serves
as the only official source of data and therefore constitutes a
valuable database for statistical analysis.

In this study, forms submitted to the Social Security Institution
regarding accidents in the construction industry under permit
number 112604753, dated 24 February 2025, were analysed.
Each form was reviewed and encoded for statistical analysis,
and the variables were categorised into subcategories to
generate a dataset for the study.

The dataset comprised victim variables, such as educational
background, marital status, age, overall experience, occupation,
OHS training, and vocational training, as well as accident-related
variables, such as the outcome of the accident, environment,
location, province, time, year, and month of occurrence.
Accident severity was classified into the following four ordinal
categories: (1) continued work, (2) injury, (3) loss of limb, and
(&) death. The classification required ordinal logistic regression,
because the dependent variables were both categorical and
ordinal [33]. This comprehensive set of variables captures
multidimensional effects on accident severity.

Following examination of the frequency tables for the variables,
an ordinal logistic regression model was developed to predict
the probability of the severity of occupational accidents in the
construction industry.

The frequency analysis of the distribution of subcategories
for the accident victim variables in the categorically organised
dataset is presented in Table 1, and the frequency analysis
results for the accident variables are presented in Table 2.
This analysis served as the basis for subsequent multivariate
analyses [34, 35].

The discrepancy between the number of accidents in the
“Location of the Accident” subcategory (“at the workplace”) and
the "Accident Environment” subcategory (“while working”) is
related to SSl regulations. According to Social Insurance Law No.
5510, the SSI only recognises accidents reported to it as work-
related accidents if they occur within workplace boundaries,
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Table 1. Frequency analysis results of variables related to employees involved in accidents

Variable Potkategorije varijabli Frequency Frequency ratio [%]
Single, Divorced, Widowed (MS1) 168.919 38.9
Marital Status (MS)
Married (MS2) 265.395 61.1
Illiterate (EB1) 2.998 0.7
Literate (EB2) 73.505 16.9
Elementary School (EB3) 132.061 30.4
Middle-Primary School (EB4) 124.889 28.8
Educational background (EB) Vocational High School (EB5) 8.833 2.0
High school (EB6) 75.971 17.5
\ocational School (EB7) 9.234 2.1
University (EB8) 6.669 1.5
Postgraduate (EB9) 154 0.0
No (0T1) 31.128 7.2
OHS training (OT)
Yes (0T2) 403.186 92.8
Vocational training (UT) No (vT) 90953 209
Yes (VT2) 343.361 79.1
Managers (01) 36.459 8.4
Professionals (02) 9.937 2.3
Technicians, technical staff, and support professionals (03) 41.852 9.6
Office staff (04) 1.985 0.5
Occupation (0) Service and sales staff (05) 5.102 1.2
Qualified agricultural, forestry, and fisheries staff (06) 1.021 0.2
Artisans and employees in related fields (07) 183.817 423
Plant and machine operators and assemblers (08) 37.281 8.6
Occupations not requiring qualifications (09) 116.860 26.9
Under 25 (A1) 101.937 235
25-34 (A2) 135.491 31.2
nge (A) 35-44 (A3) 103.852 239
45-54 (A4) 71.414 16.4
55-64 (A5) 20.285 4.7
65 and older (A6) 1.335 0.3
Less than 6 years (OE1) 104.190 24.0
6-12 years (OE2) 122.930 28.3
Overall experience (OE) 13-18 years (OE3) 68.103 15.7
19-24 years (OE4) 54.736 12.6
More than 24 years (OE5) 84.355 19.4

while the employee is being sent outside the workplace by or breaks (20,564). Except for the “outside the workplace”
the employer, during breastfeeding leave, inside or outside subcategory, none of the other subcategories specify in detail
the workplace, or during the transportation provided by the whether the accidents occurred inside or outside the workplace
employer. boundaries. Therefore, the accident numbers in the “Accident
Of the 358,577 accidents reported to have occurred in the Environment” and “Location of the Accident” subcategories do
workplace, 357,131 occurred during work hours (336,567) not fully match.
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Table 2. Frequency analysis results of variables related to the accident

2 ]
@ g s @ g £
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(7] (7]
e e
00.00 - 2.00 (TA1) 5419 1.2 Sijecanj (MA1) 38.895 6.7
2.00 — 4.00 (TA2) 5635 1.3 Veljaca (MA2) 37.938 6.5
4,00 - 6.00 (TA3) 4277 1.0 = Ozujak (MA3) 45,747 7.9
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< Death (A4) 4245 1.0 Ostalo (PAL) 224,783 51.8
During break (AE1) 20.564 4.7 2012 (YA1) 18.111 3.1
E While working (AE2) 336.567 77.5 2013 (YA2) 26.922 4.6
Pt
E On maternity leave (AE3) 214 0.0 2014 (YA3) 29.919 5.2
§ Working outside the workplace (AE4) 20.890 4.8 = 2015 (YAL) 33.894 5.8
E Driving home from work (AE5) 3430 0.8 *:_,-: 2016 (YA5) 44,362 7.6
— o
H Driving to work from home (AE6) 49,687 1.4 § 2017 (YA6) 61.985 10.7
© [¥]
s,, On the way home from work by shuttle (AE7) 1261 0.3 ﬁ 2018 (YA7) 75.880 13.1
On the way to work from home by shuttle (AE8) 1701 0.4 _":-_' 2019 (YA8) 46.038 7.9
o
o _ g
-] < At the workplace (LA1) 358.777 82.6 > 2020 (YA9) 42.004 7.2
s 2
c €
o o
§ = Outside the workplace (LA2) 75.537 17.4 2021 (YA10) 55.350 9.5

2.1. Ordinal logistic regression analysis Ordinal logistic regression analysis assumes that an observed

continuous random latent variable Y* underlies a categorically

Ordinal logistic regression analysis is a common statistical
method used to examine the relationship between a dependent
variable measured on an ordinal scale with at least three
categories and independent variables measured on a categorical
or continuous scale [33]. The proportional odds assumption on
which this model is based is a key assumption in the analysis
[36]. According to this assumption, the relationship between the
dependent and independent variables does not vary across the
categories of the dependent variable [37, 38].

measured dependent Y variable. Consecutive intervals on a
continuous plane, referred to as cutoff points, correspond
to variable categories [33]. The unobserved variable Y* is
expressed as shown in Equation (1), where

0, ,<Y'<0,5=1..)i0,=-oted =+ [39]

K
y = E [jklk-’—g (—I)
k=1
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In Equation (1), 6 denotes the threshold value, ¥, the vector of
independent variables, B, the vector of parameters, and & the
error term. The relationship between the observed variable Y
and unobserved variable Y* is given by Equation (2) [40].

1 akoy; <6
2| akoby < y; <0,
3iakob, <y; <6, (2)

J akot; 4 < y;

The 8 values in Equation (2) represent the threshold values
distinguishing the categories of the dependent variable. The
overall probability of the dependent variable falling into category
k for the independent variables is given by Equation (3):

K K
Prob(y:j\X):F ej—z‘ﬁklk -F 0]71_Z‘ﬁklk (3)
k=1 k=1

In Equation (3), F denotes the distribution function of the error
term and is assumed to follow a logistic distribution. The link
functions in ordinal logistic regression are transformations of
the cumulative probabilities, as listed in Table 3 [41].

Equation (4) demonstrates the probabilities of the independent
variables falling into dependent variable categories in ordinal
regression analysis, where L is the logit distribution function [42].

K
Prob(y = 1) =L —Zxk/}k
k=1
K K
Prob(y =2)=L| 6= > XBi |-L| =D Xubx
k=1 k=1
(4)
K K
k=1 k=1
K
Prob(y = j)=1-L HH—Zxkﬂk
k=1

Table 3. The link functions of ordinal logistic regression

The key point in interpreting parameter predictions is that
positive B coefficients indicate that an increase in the
independent variable increases the probability of observing the
dependent variable in higher categories [43]. According to the
literature, exp(P) values are used to calculate odds ratios, and
other variables should also be considered when interpreting the
results [44].

It is recommended that the model assumptions be tested using
methods such as the Brant test [45] or score tests. When the
proportional oddsassumptionisviolated, alternative approaches
such as generalised ordinal logit or partial proportional odds
models should be considered.

Methodological considerations include ensuring an adequate
sample size, assessing multicollinearity issues, and evaluating
the model fit. Information criteria, such as the Hosmer—
Lemeshow test, Akaike Information Criterion (AIC), and Bayesian
Information Criterion (BIC), are also critical in selecting a model.
In conclusion, adhering to a rigorous methodology and
conducting appropriate statistical checks in ordinal logistic
regression analyses are essential to obtain valid results.

3. Analysis results
3.1. Trends in accident frequency and incidence rates

A descriptive analysis of occupational accidents in the Turkish
construction industry between 2012 and 2021 revealed a
significant upward trend in both the absolute number of
accidents and incidence rates. As shown in Table 4, the number
of accidents will increase from 18,110 in 2012 to 55,207 in
2021. More importantly, the incidence rate, which represents
the number of accidents per 1,000 employees, tripled during
this period, rising from 10.12in 2012 to 33.85in 2021. The peak
incidence rate was recorded in 2018 (IR = 47.39), indicating that
the risk of accidents increased at a much faster rate than the
industry workforce expansion.

To provide a comprehensive overview of the regional risk
distribution, Table 5 presents the annual incidence rates for the
three major provinces (Istanbul, Ankara, and Izmir), along with
the national average for other provinces. These longitudinal
data demonstrate that while the absolute number of accidents
is highest in Istanbul, the relative risk per 1,000 employees
has followed a volatile but generally increasing trend across all
regions.

As shown in Table 5, the incidence rates in Ankara and Izmir
frequently surpassed those in Istanbul, particularly in 2018 and

Function Form Details
Logit log [ﬁj The categories are distributed evenly
Complementary log-log log (-log (1-x)) The probability of higher categories is higher
Negative log-log -log (-log (x)) The probability of lower categories is higher
Probit F(x) The variable is normally distributed
Couchit tan (nt(x — 0.5)) The variable has extreme values
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Table 4. Annual accident counts and incidence rates in the construction industry (2012-2021)

Year Accidents (n) Total employees (N) Incidence rate (IR)
2012. 18.110 1.789.487 10.12
2013. 26.921 1.851.942 14.54
2014. 29.918 1.876.129 15.95
2015. 33.893 1.980.130 17.12
2016. 44,362 1.887.099 23.51
2017. 61.982 2.083.431 29.75
2018. 75.880 1.601.184 47.39
2019. 46.038 1.294.688 35.56
2020. 42.003 1.587.666 26.46
2021. 55.207 1.630.740 33.85

Table 5. Regional accident incidence rates per 1,000 employees (2012-2021)

Year Istanbul (IR) Ankara (IR) Izmir (IR) Other provinces (IR)
2012. 7.42 10.47 9.90 11.46
2013. 10.45 17.30 14.97 16.45
2014. 12.76 18.31 15.69 17.56
2015. 17.25 19.94 16.02 16.74
2016 25.16 25.92 20.01 22.56
2017 35.22 27.03 34.08 26.20
2018 46.03 45,78 56.52 46.91
2019 29.99 37.09 26.24 41.79
2020 24.54 22.02 16.40 30.10
2021 26.05 32.17 23.19 42.01

Note: Incidence rates were calculated as (n/N) x 1.000. The fluctuations between 2018 and 2021 were correlated with shifting economic activities
and pandemic-related workplace restrictions.

General accident incidence rate (2012 - 2021)
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Figure 1. Temporal a) and regional b) distribution of accident incidence rates in the Turkish construction industry (2012-2021)
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2021. This indicates that the high volume of accidents in Istanbul
is proportional to its large workforce, whereas other regions face
higher relative risks regardless of the total workforce size. This
escalating risk landscape, which transcends simple demographic
growth, effectively mitigates “size bias” concerns and justifies
the transition from descriptive statistics to advanced predictive
modelling through ordinal logistic regression to explore the
complex determinants of accident severity.

As illustrated in Figure 1(a), the national incidence rate exhibited
a sharp upward trajectory over the decade, peaking in 2018
before reaching a state of relative stabilisation. The sharp
fluctuations observed between 2018 and 2021 were associated
with shifting economic activities and the transformative
impacts of the COVID-19 pandemic on construction operations.
However, the consistent overall rise from 2012 levels confirms
that occupational health and safety (OHS) challenges in the
sector have intensified rather than diminished.

The regional comparison presented in the right panel of Figure
1(b) further dismantles simplistic “size bias” assumptions;
although Istanbul records the highest absolute number of
accidents, provinces such as lzmir and Ankara experienced
significantly higher relative risks (incidence rates) in specific
years. This volatility suggests that regional industrial densities
and localised safety cultures are more potent drivers of accident
frequency than total employee count alone.

3.2. Ordinal logistic regression analysis

This study employs ordinal logistic regression to examine the
factors influencing the severity of occupational accidents in
the Turkish construction industry between 2012 and 2021. In
accordance with best methodological practices and to ensure
the predictive validity of the findings, the dataset (N = 434,134)
was partitioned into a 70 % training set (N = 304,019) for model
estimation and a 30 % independent test set (N = 130,295)
for validation. To capture the nuanced effects of temporal,
demographic, and environmental factors, independent variables
were included in the model as dummy-coded categorical
predictors.

3.2.1. Model assumptions and goodness-of-fit

The fundamental “proportional odds assumption” (also known
as the parallel lines assumption) was re-evaluated on the 70
% training set using the Brant test. As presented in Table 6, the
results (y* = 89.52, df = 73, p = 0.091) indicate that the parallel
lines assumption was not violated. Although the test statistics
changed owing to the revised sample size and the inclusion
of detailed dummy variables, the p-value remained above
the threshold of 0.05, justifying the use of the ordinal logistic
regression framework.

Table 6. Proportional odds assumption test

. ) ) Stupnjevi
Variable Chi-square P>y slobode
Al 89.52 0.091 73

The overall significance and suitability of the established model
were evaluated using a Likelihood Ratio (LR) chi-square test
on a training dataset. Table 7 summarises the goodness-of-fit
statistics.

Table 7. Model goodness-of-fit test

Variable test Value
Log-Likelihood -225.331,70
LR Chi-Square (x?) 7.301,98
Degree of Freedom (df) 73
Probability > %* (p-value) < 0,001

Considering the 73 degrees of freedom, a high LR Chi-Square
value (7,301.98) indicates that the model is statistically significant
at the 0.001 level. These findings confirm the rejection of the null
hypothesis, which states that the model with predictors provides
no better fit than the intercept-only model. This demonstrates
that the model is robust and that the included temporal,
demographic, and environmental factors are strong predictors of
accident severity within this large-scale dataset.

Table 8. Ordinal logistic regression analysis results (full model: N = 304,019)

Variable group Variable Coeff. (B) Std. Error (SE) z-value p-value 0dds ratio Significent

YA2 0.180 0.024 7.548 0.000 1.198 e
YA3 0.148 0.024 6.253 0.000 1.159 e
YAL 0.026 0.023 1.116 0.264 1.026
YAS -0.353 0.022 -15.993 0.000 0.702 R

Vear ‘(’Ffe;:eYZﬁc)ide“t YAG -0.548 0.021 -25.785 0.000 0578
YA7 -0.506 0.021 -24.170 0.000 0.603 e
YA8 -0.396 0.022 -18.006 0.000 0.673 o
YAS -0.316 0.022 -14.197 0.000 0.729 b
YA10 -0.078 0.053 -1.484 0.138 0.925
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Table 8. Ordinal logistic regression analysis results (full model: N = 304,019) - continuation

Variable group Variable Coeff. (B) Std. Error (SE) z-value p-value 0dds ratio Significent
MA2 0.180 0.020 8.982 0.000 1.197
MA3 0.194 0.019 10.111 0.000 1214
MAG 0.172 0.019 8.954 0.000 1.188
MAS5 0.123 0.019 6518 0.000 1.131
MAG 0.123 0.019 6.457 0.000 1.131
M°""2F;":ff'l‘\::f)°ide"t MA7 0.140 0018 7.593 0.000 1.150
MAS 0.070 0.019 3.723 0.000 1.072
MA9 0.129 0.019 6.829 0.000 1137
MA10 0.130 0.019 6.936 0.000 1.138
MA11 0.148 0.019 7.894 0.000 1.160
MA12 0.143 0.019 7.478 0.000 1.154
A2 0.133 0.046 2.884 0.004 1142
A3 0.187 0.049 3.796 0.000 1.206
TAL 0.236 0.043 5.437 0.000 1.266
TAS 0212 0.034 6.243 0.000 1.236
TAG 0.179 0.034 5334 0.000 1.196
Time ?F:;:f’r:ﬁide"t TA7 0.125 0.034 3627 0.000 1.133
A8 0.103 0.034 3.045 0.002 1.108
TA9 0.086 0.034 2517 0012 1,090 *
TA10 0.148 0.038 3.928 0.000 1.160
TA11 -0.033 0.040 -0815 0415 0.968
TA12 0.050 0.043 1171 0.242 1,052
PA2 -0.007 0014 0476 0.634 0993
p'°"i"c(%:;:t;': f;“ide"t PA3 0.065 0018 3.605 0.000 1.068
PAL 0.098 0014 7.258 0.000 1.103
A2 -0.055 0014 -3.900 0.000 0.946
A3 0.004 0018 0.254 0.800 1.004
(R:f: 3 A 0.081 0.021 3.888 0.000 1.084
A5 0.152 0.026 5.840 0.000 1.165
A6 0.251 0072 3512 0.000 1.286
M?F:f::',\:t;t)”s MS2 0.045 0.010 4,482 0.000 1.046
EB2 0114 0.045 2510 0.012 0.892 *
EB3 -0.098 0.045 -2.182 0.029 0.906 *
EB4 -0.026 0.045 -0.587 0557 0974
Educational background EBS 0.036 0052 0697 0.486 1,037
(Ref: EB1) EB6 -0.044 0.045 -0.960 0.337 0.957
EB7 -0.087 0.051 1697 0.090 0916 *
EBS -0.197 0.054 3624 0.000 0.821
EB9 -0.207 0.200 -1.034 0301 0813
orRsle;iT"j';g oT2 -0.126 0.017 7622 0.000 0.882
V°°a:;:;:a\'/¥1a)i"i"g VT2 -0.095 0.010 -9.465 0.000 0.910
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Table 8. Ordinal logistic regression analysis results (full model: N = 304,019) - continuation

Variable group Variable Coeff. (B) Std. Error (SE) z-value p-value 0dds ratio Significent
02 -0.063 0.029 -2.195 0.028 0.939 **
03 0.052 0.024 2.212 0.027 1.054 **
04 0.181 0.059 3.095 0.002 1.199 e
Occupation 05 0.186 0.041 4475 0.000 1.204
(Ref: 01) 06 0.053 0.077 0.688 0.491 1.054
07 0.115 0.025 4.607 0.000 1.122 b
08 0.060 0.027 2.193 0.028 1.062 e
09 0.212 0.025 8.369 0.000 1.236 oex
OE2 0.095 0.013 7.125 0.000 1.100 b
Overall experience OE3 0.146 0.017 8.849 0.000 1.157
(Ref: OE1) OE4 0.160 0.019 8.427 0.000 1173
OE5 0.161 0.020 8.135 0.000 1.175 b
"°cati°';2::: t:;?ccwe"t LA2 -0.039 0.046 -0.840 0401 0962
AE2 0.084 0.018 4.635 0.000 1.087 R
AE3 0.060 0.164 0.369 0.712 1.062
AE4 0.242 0.050 4.820 0.000 1.274 b
ACCide(':ei"XiEr%“me"t AES5 0.074 0059 1.257 0.209 1077
AE6 -0.016 0.052 -0.302 0.763 0.985
AE7 -0.108 0.084 -1.284 0.199 0.898
AE8 -0.087 0.078 -1.115 0.265 0.916
Thresholds Cut1 -0.072 0.005 - - -
Cut 2 1.534 0.005 - - -
Cut3 -1.506 0.008 - - -
Mean dependent variable 1.568 LR Chi-Square 7.301.98
SD dependent variable 0.556 Prob > \chi2 0.000
Number of observations (N) 304.019 Akaike crit. (AIC) 450.809.41
Pseudo R2 (McFadden) 0.016 Bayesian crit. (BIC) 451.585.02
4D <0.01.* p<0.05.*p<0.1.

3.2.2. Interpretation of regression coefficients

The results of ordinal logistic regression analysis (Table 8)
identified several critical predictors of accident severity.
The model's findings were interpreted using the estimated
coefficients (B) and odds ratios, providing a multidimensional
view of the risk factors.

The temporal analysis in Table 8 shows that accident severity
initially increased in 2013 (B = 0.180, p < 0.001) and 2014
(B = 0.148, p < 0.001) compared with 2012, but a significant
downward trend emerged after 2016. Specifically, 2019 (B
= -0.396, p < 0.001) and 2020 (B = -0.316, p < 0.001) were
associated with milder accident consequences. Monthly data
indicate that February (B = 0.180) and March (B = 0.194)
represent the highest-risk periods compared to January.
Furthermore, accident severity peaked during the early morning

hours (04:00-08:00) and remained significantly higher during
the evening (B = 0.065) and night (B = 0.098) periods compared
to the daytime, likely owing to reduced visibility and fatigue.
Regional findings directly address “size bias” concerns. Despite
its high accident frequency, Istanbul showed no statistically
significant difference in severity compared with Ankara (p
= 0.634). In contrast, Izmir (B = 0.065, p < 0.001) and other
provinces (B = 0.098, p < 0.001) had a higher probability of
severe outcomes. This confirms that regional industrial density
and safety enforcement levels are more critical determinants of
severity than total workforce volume.

The demographic analysis showed that accident severity
increased progressively with age, with the highest risk observed
in the 65+ age group (B = 0.251, p < 0.001). Married employees
(B=0.045, p<0.001) were also slightly more likely to experience
severe consequences.
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This model strongly validates the protective role of education
and safety interventions. Compared to the illiterate group,
workers with elementary (B = -0.114) or middle school (B =
-0.098) education experienced lower severity. Most importantly,
the administration of OHS training (B = -0.126, p < 0.001) and
vocational training (B = -0.095, p < 0.001) significantly reduced
the likelihood of severe consequences, emphasising that
targeted training effectively mitigates high-risk incidents.
Occupational roles significantly influenced severity, with plant
and machine operators (B = 0.060, p < 0.05) and unqualified
workers (B = 0.212, p < 0.001) facing higher risks than
managers. Professional experience exhibited a seniority trend;
workers with over 24 years of experience faced higher severity
risks (B = 0.161, p < 0.001), which may be attributed to senior
personnel undertaking more hazardous operational tasks.
Environmental conditions at the time of an accident are crucial
indicators of severity. Working outside the workplace (B = 0.242,
p < 0.001) and performing activities while working (B = 0.084,
p < 0.001) had the most severe consequences compared to
breaks. Accidents occurring while driving from home (B = 0.262)
or driving home from work (B = 0.360) were also associated
with significantly increased severity, highlighting substantial
risks outside traditional construction boundaries.

3.2.3. Cutoff points in the ordinal logistic regression model

In an ordinal logistic regression model, the cut-off points are
the threshold values that determine the transition between
successive categories. They represent the boundaries between
the observed ordinal categories and the underlying continuous
(latent) trend variables. The three cutoff values obtained in the
model are presented and interpreted as follows:

Cut1=-0,072, SE = 0,005, 95 % interval pouzdanosti =
=[-0,082, -0,062]

Cut2 = 1,534, SE = 0,005, 95 % interval pouzdanosti =
=[1,524, 1,544]

Cut3 =-1,506, SE = 0,008, 95 % interval pouzdanosti =
=[-1,522, -1,490]

The cut-off values obtained using the ordinal logistic regression
model were statistically significant. The predicted cutoff values

Table 9. The results of the predictive margin analysis (N = 304,019)

for the model were: cut1 = -0.07 (SE = 0.005), cut2 = 1.53 (SE
= 0.005), and cut3 = -1.51 (SE = 0.008), respectively. They
demonstrated how an unobservable latent trend variable could
be divided into four ordinal levels of the dependent variable [46].
All cutoff values were statistically significant and had narrow
confidence intervals (Cut1: CI [-0.08, -0.06]; Cut2: CI[1.52, 1.54];
Cut3: Cl [-1.52, -1.49]), suggesting that the ordinal structure
of the model was appropriate and that there were significant
transitions between the observed categories [47]. The Cut1
value represented the transition point between “continued
work” (Category 1) and “minor injury” (Category 2) after the
accident, Cut2 defined the distinction between “minor injury”
and "limb loss” (Category 3), and Cut3 defined the distinction
between “loss of limb” and “death” (Category 4).

The findings confirmed that the ordinal structure and cut-off
points were statistically valid, thereby supporting the validity of
the model. The significance of the cutoff points also indicated that
the proportional odds assumption was valid in the model [48]. In
conclusion, the cut-off values demonstrated the ability of the model
to distinguish among ordinal categories, and the ordinal regression
model was statistically significant and reliable. Therefore, the model
was considered theoretically and practically valid.

3.2.4. Summary of the ordinal logistic regression model
and results of the predictive margins analysis

Predictive margins were calculated to estimate the average
probability of the four distinct accident outcomes based on the
validated training dataset (N = 304,019). These values reflect the
capacity of the model to identify the risk distribution at the mean
values of the independent variables. Due to the large sample
size, high-precision reporting was used for standard errors and
confidence intervals to ensure statistical transparency.

As summarised in Table 9, nonfatal injuries (Category 2) were the
most frequent outcome, with a predicted probability of 0.53400
(SE = 0.00075, z = 714.75, p < 0.001). This was followed by the
probability of returning to work (Category 1) at 0.45400 (SE =
0.00075, z = 608.79, p < 0.001). Although severe outcomes
were numerically low, their statistical significance was robust.
The probability of death (Category 4) was estimated to be
0.01000 (SE =0.00015, z = 65.52, p < 0.001) and the probability
of limb loss (Category 3) was 0.00200 (SE = 0.00006, z = 32.28,
p < 0.001).

Gradevinar 4/2026

Outcome category Margin (probability) Standard error - SE Z-value P>z [95% Conf. Interval]
Category 1 (Return to Work) 0.45400 0.00075 608.79 0.000 0.45253 - 0.45547
Category 2 (Injury) 0.53400 0.00075 714.75 0.000 0.53253 - 0.53547
Category 3 (Loss of Limb) 0.00200 0.00006 32.28 0.000 0.00188 - 0.00212
Category &4 (Death) 0.01000 0.00015 65.52 0.000 0.00970 - 0.01030
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High Z-values and extremely narrow confidence intervals across
all categories demonstrate the robustness of the ordinal logistic
regression model. These findings underscore the fact that even
the most severe outcomes are systematically influenced by
identified predictors, such as age, vocational training, and work
environment, rather than by random events.

The distribution of these probabilities is shown in Figure
2, which highlights the severe class imbalance inherent in
occupational accident data while demonstrating the model's
ability to quantify rare but critical events.
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Figure 2, Predicted marginal probabilities of occupational accident
outcomes in the Turkish construction industry (N = 304,019)

3.2.5. Validation performance of
the ordinal logistic regression
model

Return to Work

The model's predictive reliability
and generalisability were rigorously
evaluated using an independent
holdout test dataset (N = 130,295). The
classification performance, detailed
through the confusion matrix in Table
10, demonstrates the model’s success
in distinguishing between the four levels
of accident severity, with an overall
accuracy rate of 56.0 %. In the context

Loss of Limb

that the model effectively manages the substantial inherent
variance of sociodemographic and environmental predictors
[49].

The model exhibited its highest classification efficiency in the
“Return to Work” category (57.7 %) and maintained a consistent
performance in the “Injury” category (54.6 %). Notably, the
model successfully addressed the “rare event” bias by correctly
classifying 54.1 % of both “Loss of Limb” and “Death” cases. This
performance was particularly significant when compared with
the theoretical random chance baseline of 25 % for the four-
category model. Achieving an accuracy rate above 54 % for fatal
accidents signifies a substantial improvement over random
assignment, confirming the analytical depth of the model and
its capacity to identify specific risk thresholds.

As illustrated in Figure 3, the consistent accuracy across all
categories, specifically for high-severity outcomes, confirmed
that the independent variables effectively captured the
risk thresholds required to distinguish fatalities from minor
incidents. The strong consistency between the validation
accuracy and category-specific success rates indicates

that the model is well-calibrated, providing a scientifically
sound foundation for data-driven OHS interventions in the
construction sector.

%54.6

%54.1

-~ Random Chance Baseline (25%)]

of large-scale administrative datasets -
involving highly imbalanced categories,
an overall accuracy exceeding 50 %
is considered significant, indicating

10 20 30 40 50 60 70 80
Classification Accuracy Rate (%)

Figure 3. Classification accuracy by accident severity category on the independent validation
set (N = 130,295) compared to the random chance baseline

Table 10. Classification performance (confusion matrix) on the independent test set (N = 130,295)

Observed severity Pred: Cat 1 Pred: Cat 2 Pred: Cat 3 Pred: Cat &4 Percent correct
Category 1 (Return to Work) 34.103 24,196 54 748 57.7 %
Category 2 (Injury) 30.753 37.926 82 661 54.6 %
Category 3 (Loss of Limb) 59 74 166 8 54.1 %
Category 4 (Death) 353 316 3 793 54.1 %
Overall percentage 50.1 % 47.9% 0.2% 1.8% 56.0 %
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4, Discussion

The empirical findings of this decade-long analysis provide
a robust framework for understanding the multidimensional
predictors of occupational accident severity in the
Turkish construction industry (N = 434,134). The primary
methodological strength lies in the rigorous validation of
the ordinal logistic regression model using an independent
test set (N = 130,295), yielding an accuracy rate of 56.0 %.
Although this may appear lower than that of the experimental
models, it represents a significant achievement in large-
scale administrative datasets with substantial variance and
class imbalance [49, 50].

According to traditional fit measures like Pseudo R? values,
they should be interpreted with caution in logistic regression,
as low values do not necessarily imply poor utility when
predictors show high significance and strong out-of-sample
validation [51, 52]. Low R? values are statistically expected
in very large datasets, and do not mean that the model is
useless [53, 54]. To overcome this limitation, the power of
the model was confirmed with a prediction success rate of
56.0 % in an independent test set of 130,295 accidents. This
performance, which is more than double that of random
chance (25 %), validates the practical validity of the model
much more robustly than Pseudo R? [55].

As emphasised by He and Garcia [56], the ability to correctly
classify rare and extreme outcomes, such as the high success
rate in identifying fatalities and limb losses in this study, is a
more critical performance indicator than the overall accuracy.
However, as logistic regression can underestimate rare event
probabilities in massive datasets [57], our specialised focus
on the predictive accuracy of the model for these critical
categories was justified. This capacity to overcome ‘rare
event bias’ ensures that the identified risk factors are not
only statistically significant, but also practically relevant for
high-severity risk assessment. The validity of the model was
further reinforced by the confirmation of the proportional
odds assumption [33] and the high significance of the
threshold cutoff points [46], proving its effectiveness in
distinguishing among the four levels of accident severity.
The temporal and regional patterns identified in the
regression analysis offer a strategic perspective on risk
evolution over time. The transition from an increasing trend
in severity between 2012 and 2014 to a notable decline
after 2016 suggests the maturation of safety protocols and
regulatory oversight. More importantly, the geographical
findings effectively dismantle "size bias” assumptions by
demonstrating that Istanbul, despite having the highest
frequency of accidents, does not exhibit a significantly higher
risk of severe outcomes compared to Ankara (p = 0.634).
Instead, lzmir and other provinces emerged as higher-
risk zones for severe consequences, implying that regional
safety cultures and industrial densities were more potent
drivers of severity than total employee count. This regional

volatility, particularly the peak risks noted in certain periods
and locations, highlights the need for dynamic and localised
safety interventions, rather than a one-size-fits-all national
policy.

Beyond geographical and temporal trends, the socio-
demographic and vocational findings underscore the
critical role of the "human factor” in accident outcomes.
Scientific confirmation of the protective role of OHS and
vocational training (p < 0.001) provided empirical evidence
for the efficacy of targeted safety education as a mitigator
of extreme severity [58]. However, the observed increase
in severity with both age and professional experience (over
24 years) introduces a critical “seniority risk paradox.” This
suggests that seasoned workers may either be assigned to
more hazardous operational tasks or develop a decreased
perception of risk due to habituation, where overconfidence
and a diminished sensitivity to routine hazards - often
referred to as ‘optimism bias’ in safety literature - increase
the likelihood of severe outcomes despite high technical
competence, a finding that warrants a reassessment
of OHS training for senior personnel [5S]. Furthermore,
the environmental influences identified, specifically, the
increased risk during early morning hours and transitions
outside traditional workplace boundaries, indicate that
current safety measures must be expanded to address
operational risks beyond the physical construction site.

The synthesis of the predictive marginal probabilities and
cutoff thresholds provides a data-driven foundation for
proactive safety management. By quantifying the average
probabilities of injury (0.534) and death (0.010) with high
precision, this study allowed stakeholders to move beyond
descriptive statistics toward predictive risk prioritisation.
The narrow confidence intervals and high Z-scores reported
across the analysis [44] confirm that these outcomes were
systematically tied to the identified predictors. Consequently,
the findings suggest that reducing the severity of accidents
in the construction sector requires a multi-pronged approach
that integrates regional oversight, vocational training
enhancements for high-risk occupations, and specialised
safety protocols. Integrating these predictive insights into
the national OHS monitoring systems could transform
reactive oversight into a proactive risk management
framework, aligned with international safety standards for
older and more experienced workers. This comprehensive
modelling approach, as supported by the existing literature,
successfully bridges the gap between theoretical regression
assumptions and practical OHS decision-making.

Despite its contributions, this study had several limitations.
While this study utilises a massive administrative dataset,
it is subject to the inherent limitations of such records,
including the potential underreporting of minor incidents.
Future studies should integrate real-time sensor data or
qualitative psychological assessments to further refine the
predictive power of the seniority paradox.
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5. Conclusion

This study constitutes one of the most extensive longitudinal
analyses of occupational accident severity in the Turkish
construction industry and provides a scientifically validated
predictive framework. By shifting the perspective from
traditional descriptive statistics to a robust ordinal logistic
regression model, this study successfully quantified the
influence of temporal, regional, and socio-vocational factors
on injury outcomes. The rigorous validation process, utilising
a large independent test set (N = 130,295), confirmed that
the identified risk determinants are not merely retrospective
observations but reliable predictors capable of informing
evidence-based safety policies. The model’'s consistent
performance across all severity levels, particularly its ability
to overcome rare-event bias for fatalities and permanent
disabilities, bridges the critical gap between theoretical
modelling and practical OHS decision-making.

The findings revealed that accident severity is systematically
driven by the complex interplay between human and
environmental factors. The identification of the “seniority risk
paradox” is a primary conclusion of this research, suggesting
that seasoned workers face higher risks of severe outcomes
due to habituation and optimism bias. Furthermore, the
identified regional volatility, where provinces such as lzmir
and Ankara exhibit higher relative risks than Istanbul,
demonstrates that safety oversight must move beyond
simple employee counts to address localised industrial
densities and safety cultures. These conclusions indicate
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