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Across national statistics, construction repeatedly ranks among sectors with the highest injury and fatality rates.
Vehicle-related accidents constitute a modest share of minor injuries yet contribute a significant fraction of
construction fatalities. This study analysed 16,781 Spanish construction vehicle-related accidents recorded from
2009 to 2022 (2.5% severe-fatal) to identify determinants of injury severity and develop predictive models.
Records were retrieved from Delt@, the compulsory national electronic occupational injury reporting platform.
Variables were structured into two domains (organisational, contextual) and five categories. Methods combined
descriptive profiling, x* association tests, mutual-information ranking and three machine-learning classifiers
(Random Forest, XGBoost, multilayer perceptron). Seven predictors—hour block, worker age, job tenure, site
zone, deviation pattern, injury type and body region—showed the strongest association with severity. Separate
models were trained on contextual and organisational feature sets. The contextual model detected 87.1% of
severe/fatal cases (balanced accuracy 88.1.%), while the organisational model detected 59.3% (balanced ac-
curacy 62.1%). The findings emphasise the importance of scheduling (time-of-day exposure), targeted training
for short-tenure and at-risk age groups (30-59 years old), and control of the site zone. These results provide
practical guidance for managers, regulators, engineers and safety practitioners seeking to reduce the number of
vehicle-related accidents on construction sites, particularly those with a high level of severity.

1. Introduction

Occupational accidents represent a significant challenge for com-
panies, administrations, workers and society in general [1,2]. Among
the productive sectors, the construction sector has had the highest total
and fatal occupational accident rates in different countries around the
world for many decades [3-7].

Researchers have linked this persistently high rate to the sector’s
dynamic work settings [8-9], other authors point to the lack of training
of workers as one of the main causes [10], and other studies highlight
the influence of inadequate risk perception by workers [11] and the lack
of workers’ awareness of occupational safety [12]. Indeed, a lack of
occupational safety culture, in a dynamic and constantly changing
environment, with constant movements and interactions between
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personnel, materials, and work equipment, means that safety risks are
often overlooked, and more injuries (both minor and serious) are
generated by occupational accidents [13-15].

Another line of work on accidents in the construction sector is that
carried out according to the categories with the highest number of ac-
cidents, with falls, struck-by accidents, entrapment, and electric shocks
being the most important typologies [6,16,17]. Specific work has been
carried out on accidents caused by falls from heights [18-22], on acci-
dents caused by electrical electrocutions [23-25], and on accidents
caused by tower cranes [26-28].

Struck-by accidents by construction site vehicles and by falling ob-
jects represent a low percentage of minor accidents [6,29], but instead
represent the second cause of fatal occupational accidents in construc-
tion [30-32], although, despite their importance, they have not been
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given due attention in the scientific literature to date [33-36].

Based on the data collection of occupational accidents in each
country’s regulations, the category struck-by injuries includes collisions
with equipment, private vehicles, falling materials, vertically lifted
materials, horizontally transported materials, and trench collapses [33].
Such a broad category is not a productive approach for the analysis of
outcomes at lower levels, as a level of specificity is lost [35].

The study conducted by Thomson (1996) [37] concluded that most
struck-by accidents occurred due to a lack of compliance with Occupa-
tional Safety and Health Administration (OSHA) regulations and a lack
of equipment maintenance. Hinze et al. (2005) [33] analysed struck-by
accidents collected in the OSHA database between 1997 and 2000 and
concluded that many workplace injuries and fatalities were a direct
result of non-compliance with OSHA standards, particularly in the areas
of signalling, materials handling, cranes, trenching, and material
handling equipment. Other studies that have further broken down the
struck-by-accidents category, such as Riaz et al. (2006) [17] using UK
accident data, found that the percentage of total injuries caused by
contact with machinery and being struck by a moving vehicle was 4 %
and 2 % respectively. Zhu et al [6] in their study collected accident data
for struck by vehicles, noting that in the USA there were 156 fatalities in
2012 in the private sector, while these values were even higher in public
road construction works, accounting for 53 % of accidents, reaching a
total of 442 fatal accidents between 2003 and 2010.

Wozniak and Bozena (2024) [38] in their study conducted in the
Polish construction sector between 2015 and 2020 obtained that the
category “Being run over by a vehicle/hit by a vehicle”, which includes
collisions in the man-machine, machine-machine and machine-object
systems, were the most common dangerous events, with 5.48 % of the
total accidents.

In Spain, Camino-Lopez et al. (2008) [39] analysed construction
accidents between 1990 and 2000 according to the type of accident,
obtaining that 1.2 % of the total accidents were due to the category
“Construction site vehicles”, but significantly, the percentage of fatal
accidents amounted to 15.9 %, with a total of 481 fatalities in the study
period.

Based on the category "Being hit and/or run over by vehicles in the
construction sector" is not a very well-studied aspect, and no previous
studies have been carried out in Spain, together with the high mortality
rate of this type of accident when they occur, this article aims to fill this
gap in the scientific literature.

The studies analysed show that accidents involving vehicles on
construction sites account for a significant proportion of serious and
fatal injuries in construction. Run-overs/back-overs and, in particular,
the manoeuvre of reversing dumpers and lorries, are recurrently listed as
serious accidents in different work areas. As demonstrated in the works
of Bunn et al. (2025) [40], Romano and Cassini (2014) [41] and Fan
et al. (2019) [42].

The field of predictive modelling in construction safety has under-
gone substantial growth. A survey of the scientific literature reveals the
application of supervised algorithms to predict severity or types of in-
juries [43-46]. Furthermore, natural language processing (NLP) has
been employed to extract causal factors and typologies from accident
reports [47]. Moreover, systematic reviews have been published that
highlight the potential and acceptance of these techniques in occupa-
tional safety [48,49]. Despite the advances witnessed in severity pre-
diction models in occupational safety over the past decade [50-52],
significant limitations persist in the realm of accidents caused by vehi-
cles on construction sites. The most important limitation is the marked
imbalance between classes (minor accidents versus serious, very serious
or fatal accidents), which renders it challenging to detect critical cases
reliably [53,54]. In addition to the aforementioned points, the absence
of external validation and the reliance on global metrics must be
considered. It has been demonstrated that these metrics do not always
reflect practical utility in contexts of high case asymmetry [55,56].
Moreover, there is a paucity of studies that compare different
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approaches according to the domain of the variables of interest. The
present study contributes to overcoming these limitations by utilising a
comprehensive national register of accidents involving construction
vehicles, selecting the most influential predictors of severity, and
developing two specific models (organisational and contextual). The
integration of machine learning methodologies with balancing strate-
gies and metrics tailored to critical cases facilitates the development of
more effective predictive instruments that can be seamlessly integrated
into preventive practices, aligning with the guidelines established by
international organisations [57-59].

This study aims to explore the evolution of occupational accidents
caused by construction site vehicles in the construction industry in Spain
for 2009-2022, to analyse the relationship between the main key factors
in the severity of the accidents, and to develop a classification model
with the most influential variables from a data-driven perspective. For
the development of the classification model, the use of neural networks
and classification trees has been proposed.

The results of this study could provide employers, workers, legisla-
tors, prevention technicians, and researchers with valuable information
to improve safety conditions on construction sites, thereby reducing the
risk of workers suffering from both minor and serious accidents, as well
as fatal accidents, and limiting the social and economic impacts of these
incidents.

The rest of the article is structured as follows. Section 2 describes the
materials and methods. The results and discussion are presented in
Sections 3 and 4, respectively, and finally, Section 5 shows the research
conclusions.

2. Materials and methods
2.1. Data scope, source and pre-processing

This research covers all Spanish construction vehicle-related occu-
pational accidents recorded between 2009 and 2022. This is the most
recent continuous period for which all national records had undergone
administrative validation at the time the data was extracted. Events
resulting in medical leave during working hours that are reportable
under the law are included in the dataset. Accidents that occurred while
commuting and incidents that are not reportable were excluded to
ensure the data is comparable and consistent with the regulations.

All case records originate from the Delt@ national electronic decla-
ration platform, which is a statutory system through which employers
(or their designated occupational hazard prevention services) must
report occupational injuries within legally specified deadlines. The
Ministry of Labour provides anonymised, quality-controlled extracts
once duplicate identifiers, inconsistent fields (e.g. an age-tenure com-
bination that is not possible) and incomplete mandatory fields have been
flagged and reconciled internally. This multi-stage validation process
ensures high data completeness and reduces under-reporting bias for
vehicle-related events [60].

Construction was defined according to CNAE divisions 41-43
(aligned with the European NACE Rev. 2 classification system) [61], and
for more detailed analysis, we also retained a set of 12 aggregated ac-
tivity subclasses (see Supplementary Table S1 for the classification) to
allow for further stratification (e.g. building, civil engineering, and
specialised trades).

A common methodological thread in earlier work is the extraction of
predictor variables from compulsory occupational injury report forms to
explain severity outcomes; this methodology has been adopted in con-
struction studies [39-63], investigations in the metal sector [64], as-
sessments within Andalusian public universities [65], and analyses of
mining accidents [66]. A case was classified as vehicle-related by
applying a structured filter to the ’contact form’/’mechanism’ fields,
retaining the collision/impact categories that corresponded to mobile
construction plant, site logistics vehicles or material handling equip-
ment interacting with a worker (whether they were standing, walking,
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operating or being transported).

The severity of the condition was categorised according to the stat-
utory four-level clinical/functional prognosis, which is divided into the
following categories: light, serious, very serious and fatal. In the context
of descriptive outputs, the four discrete levels were maintained. How-
ever, for modelling, a binarisation process was employed to categorise
into non-critical (light) and critical (serious, very serious, and fatal)
categories. This approach enables the prioritisation of machine learning
capabilities towards the early identification of high-impact cases,
thereby mitigating extreme class fragmentation. It should be noted that
the percentages of very serious and fatal cases are individually less than
1 %. The overall proportion of critical cases in the study window is 2.5
%, producing a class imbalance ratio of approximately 1:39.

Predictor variables were organised into two analytical domains—(i)
organisational (temporal scheduling, workforce and firm attributes) and
(ii) contextual (task/site circumstances and injury manifestation)—and
into five higher-level categories (time, worker, company, situation,
injury consequence). Within these, 12 subgroups (weekday, hour block,
shift hour, age group, job tenure, activity code, firm size, usual task, site
zone, deviation pattern, injury type, body region) capture both exposure
context and outcome morphology. This structure was outlined to sepa-
rate relatively exogenous site/task conditions from organisational con-
trollables, to enable a specific modelling to test whether contextual
information alone can reach operationally relevant sensitivity, and to
reduce possible multicollinearity problems in the predictive model
development (Table 1).

Initial data quality screening was performed, resulting in the
removal of records with missing or implausible key fields (<0.5 % of raw
entries). As the number of exposed workers was unavailable, it was not
possible to calculate incidence rates. Consequently, analyses were
instead based on absolute counts and relative proportions within
severity strata.

2.2. Analytical framework

The analytical workflow comprised three sequential phases with
these main activities: (1) exploratory data profiling and preparation
according to the constraints outlined in subSection 2.1; (2) bivariate
association and information-theoretic ranking for predictor selection;
and (3) classifier modelling and evaluation. As illustrated in Fig. 1, a
simplified schematic is presented.

Phase 1 — Data Curation and Baseline Analysis involves conducting
exploratory studies, profiling, and data processing. Descriptive statistics
were generated for each subgroup to characterise temporal trends (e.g.,
the contraction following the financial crisis, the pandemic-related
decline) and structural patterns (e.g., changes in age and seniority dis-
tribution). The severity share metrics for light (L), serious (S), very
serious (VS) and fatal (F) accidents were summarised both overall and
stratified by each predictor. This provided a preliminary visual indica-
tion of potential differences among each group.
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Data quality screening was conducted before analysis. The source
dataset was the Spanish official registry of occupational accidents
(Delt@, Ministry of Labour), which is mandatory and validated
administratively. After filtering for construction-sector cases and acci-
dents involving site vehicles, 16,781 valid records were retained for
descriptive statistics. For predictive modelling, additional cleaning steps
were taken: records with vague or residual categories (e.g., ‘Other’, ‘Not
specified’) in key predictors were excluded to enhance interpretability.
Duplicates and inconsistent records were checked and found to be
minimal (<1 %). No systematic imputation was necessary. The final
modelling sample was therefore slightly smaller than the full descriptive
dataset. A detailed description of the data screening steps is available in
Supplementary Table S2.

During Phase 2 — Statistical Screening, each categorical predictor
was subjected to cross-tabulation with the four severity levels and was
subsequently assessed through the implementation of chi-square (%)
tests of independence. To ascertain which specific category of severity
cells were responsible for the significant chi-squared results, corrected
standardised residuals (CSR) were examined. Those cells for which |
CSR| > 1.96 were materially contributing at a = 0.05, while those for
which |CSR| > 2.58 were deemed to indicate stronger divergence at o =
0.01. In instances where ordinal structure was present, such as in age
group, job tenure, and shift hour, Somers’ D was utilised to quantify the
direction and magnitude of the ordered association. The effect sizes for
the association tests were also reported using Cramér’s V coefficient.
This approach complemented the use of ¥ analysis, which is insensitive
to ordering.

To progress beyond the limitations of purely significance-based
screening, the mean mutual information (MI) was computed between
each predictor and severity (two-level: non-critical and critical,
considering light cases as non-critical and the rest as critical). This
approach was undertaken to capture the reduction in uncertainty about
severity that is provided by the knowledge of the predictor category.
Furthermore, a G-statistic (likelihood ratio) was considered for inter-
pretive consistency. Predictors were then subjected to a three-tier
ranking system, incorporating statistical significance, MI magnitude,
and practical interpretability.

For each categorical predictor X and injury severity Y, mutual in-
formation (MI) is a quantitative metric that quantifies the average
reduction in uncertainty about Y after observing a category of X. MI is
computed as follows (Eq. (1)):

Pij
Pi « pj

@

MI (Xi, Y) = Pij«log
i

where pj; is the joint proportion for level i of X and severity level j, and p;,

pj are the corresponding marginals. Higher MI indicates stronger

dependence. In order to calculate the G-statistic, it is first necessary to

compute the mutual information of each categorical predictor, Xi, with

severity. When this value is multiplied by 2NIn2 (Eq. (2)), the

Table 1
Structure of the predictor variables: domain, groups, variables, coding and number of associated categories.
Domain Group Variable Code Description #Category
Organisational Time Weekday DOW Day on which accident occurred 7
Hour block HB One-hour interval (07-20 h) 14
Shift hour SH Position within worker’s shift 12
Worker Age group AGE Worker age bracket 8
Job tenure TEN Time employed on site 8
Company Activity code (NACE) NACE Economic sector classification 12
Firm size FS Headcount class 7
Contextual Situation Usual task uT Task classified as usual vs not 2
Site zone Sz Location within site 3
Deviation pattern (Deviation) DEV Abnormal initiating event 10
Injury Consequences Injury type INJ Lesion diagnostic category 15
Body region BR Main anatomical site injured 9

*Full category labels are provided in Table S1 (Supplementary Information).
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Fig. 1. Research framework. Source: own elaboration.

likelihood-ratio statistic G is obtained, which is used to test indepen-
dence. It is evident that, under the condition that the expected cell
counts are not sparse, G can be adequately approximated by the

X2 (n=1)%(r—1) distribution that possesses (n-1)(r-1) degrees of

freedom; here n denotes the number of categories of Xi and r the number
of distinct severity outcomes.

G=2x«N=xm2«MI (Xi, Y) (2)

MI is a measure of symmetry and non-negativity. It is therefore a
valuable tool for the analysis of data sets with a range of categories, as it
allows for meaningful comparisons between predictors. In particular, MI
enables an assessment of the deviation of the joint distribution from
independence, thus providing a comprehensive analysis of the rela-
tionship between the predictor variable. Combined use of MI and the G-
Chi test as a formal contrast is documented in the scientific literature
[67]. Variables were retained if the null hypothesis of independence was
rejected at p < 0.05. This approach allowed us to rank predictors by
strength of association with severity and to exclude non-significant
variables. The top predictors were identified as the fundamental ele-
ments that constituted the core feature sets for the classification models.
The remaining variables were retained solely to provide descriptive
context, to mitigate the impact of feature noise and the occurrence of
overfitting.

Statistical analyses were carried out in IBM SPSS Statistics v31.0
(IBM Corp., Armonk, NY, USA; 2025) [68]

Phase 3 — Modelling includes the development of two classification
models for construction accidents involving construction vehicles using
three machine learning techniques (Table 2). Three algorithmic families
were evaluated: Random Forest, Extreme Gradient Boosting (XGBoost)
and Multilayer Perceptron (MLP). It is evident that these algorithms,
exhibiting disparate degrees of capability, are generally efficacious in
reducing overfitting and processing large databases. However, notable
variations exist in their susceptibility to noise, interpretability, and the
capacity to propose non-linear models.

The development of models was undertaken for each of the two
domains that had been proposed for the predictor variables. Each
domain enables an evaluation of whether its contextual or organisa-
tional data alone can provide actionable insights, and what incremental
value the predictors add. The first model, Construction Vehicle Accident

Table 2
Comparison of construction vehicle accident classification models.

Feature CVAC—O (Organizational CVAC—C (Contextual
Factors) Factors)
Full Name Construction Vehicle Construction Vehicle
Accident Classifier Accident Classifier
Organizational Factors Contextual Factors
Input Variable Temporal, Personal & Accident Consequences &
Groups Business Circumstances

Output Classes

Machine Learning
Techniques
Used

Main Objective

Non-critical (minor)- Critical (severe, very severe, fatal)
Random Forest, XGBOOST, Multilayer Perceptron (MLP)

Identify severity based on
internal & structural factors
Statistically significant
variables in organizational
domains (Phase 2)

Identify severity based on
situational & impact factors
Statistically significant
variables in contextual
domains (Phase 2)

Derived From

Severity Classifier — Organisational Factors (CVAC—O), classifies such
accidents as either non-critical (minor) or critical (severe, very severe, or
fatal), based on time-related, worker, and company group variables
identified as statistically significant in terms of accident severity during
Phase 2. In contrast, the second model, Construction Vehicle Accident
Severity Classifier — Contextual Factors (CVAC—C), was built using the
statistically significant variables found for the situation and injury
consequences groups, also identified in Phase 2. Of the seven possible
variables to be considered in the model CVAC—O, five are numerical
and two are categorical. For the CVAC—C model, there are 5 possible
variables to consider, all of which are categorical. Once the influential
variables to be used in constructing the models have been selected, we
work with the chosen numerical variables, processing their numerical
data without grouping by field. The selected categorical variables will be
processed using the One-Hot Encoding technique [69] to enable them to
be used in numerical models.

Although the data have been grouped into two classes (No-Critical
and Critical), the number of Critical class records is significantly lower
than the number of No-Critical class records, resulting in an unbalanced
data set. To address the severe class imbalance, the SMOTE (Synthetic
Minority Oversampling Technique) algorithm [70] was employed,
which synthesises additional minority observations by interpolating in



A. Sanchez-Lite et al.

feature space between each minority point and selected nearest neigh-
bours. The expansion of the minority class in this manner serves to limit
the dominance of the majority class, thereby facilitating the develop-
ment of more comprehensive and less overfit decision boundaries by the
classifier. The development of the models was centred on the reliable
identification of critical accident cases.

The modelling of the supervised learning models utilised KNIME
(Konstanz Information Miner. Version 5.5.0) [71], with its 5.0.0
open-source Analytics Platform release [72] providing a visual,
low/no-code interface that has seen extensive uptake across multiple
scientific disciplines (biology, chemistry, engineering, medicine,
cybersecurity) [73].. The data set was partitioned into two distinct sets:
70 % was assigned for model training, while the remaining 30 % was
reserved for the validation of the model’s performance. Categorical
variables were transformed into dummy variables using the One to
Many (PMML) node in KNIME. To prevent data leakage, the trans-
formation was fitted exclusively on the training sample after the 70/30
data partition. The resulting PMML model was then applied to the val-
idation/test data using the PMML Transformation Apply node, ensuring
identical dummy-variable structures between both subsets (Figure S1).
This approach avoids incorporating information from the validation set
into the model during training, thereby preserving model generaliz-
ability and avoiding overly optimistic performance estimates [74]. The
missing values were not incorporated into the model. One-hot encoding
produces n dummy variables for a categorical variable with n categories,
which can introduce redundancy into the prediction model. This
redundancy does not lead to overfitting in the models used. Although
tree-based models such as Random Forest can tolerate multicollinearity
effectively, as they can select relevant features and ignore redundant
ones during training and empirical comparisons with linear models in
high-multicollinearity datasets support this [75], we retained (n-1)
dummy variables without compromising model performance. The
SMOTE technique [76] was exclusively implemented on the training
sample. SMOTE node was configured with five nearest neighbours,
oversampled the minority Class (the Critical Class) with fixed random
seeds set to 0, and applied it only to the train branch (after encoding).
The SMOTE parameters are also provided in Supplementary Table S2.

The optimisation of the model was conducted using Parameter
Optimisation Loop nodes. The optimisation hyperparameters for each
model are presented in Table 3.

Model hyperparameters were optimised once on the full 70 %
balanced training partition. The resulting configuration was then eval-
uated with k-fold cross-validation within the training set to assess sta-
bility and mitigate potential overfitting. After fixing the optimal
configuration, models were retrained on the entire training partition.
Their generalisation performance was finally assessed on the untouched
30 % external test set, which was not used at any stage of training or
parameter tuning. To further check robustness, model performance was
also calculated on the unbalanced version of the 70 % training sample,
to confirm that results will be consistent across balanced and unbal-
anced conditions. This sequential two-step strategy (internal cross-
validation for stability and external test set for generalisation) priori-
tises computational efficiency, preserves an unbiased test set for final
evaluation, and is consistent with recommended practices in predictive
modelling [77].

Table 3
Optimisation parameters for building the classification model.
Machine Learning Technique Parameter Value
Random Forest tree depth 6-10
Extreme Gradient Boosting (XGBoost) eta 0.1-0.3
maximum depth 4-6
minimum depth 1-4
Multilayer Perceptron (MLP) Hidden layer 1-2
number of hidden neuronal 6-12

Activation function sigmoid
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Supplementary Figure S1 shows the layout of the nodes used in the
construction of the neural network classification models with the KNIME
tool. Supplementary Table S2 details node configurations. To guarantee
reproducibility, Partitioning, SMOTE, Random Forest, XGBoost, MLP
Learner, and X-Partitioner nodes were configured with fixed random
seeds. The default seed value was set to 0 across the workflow, ensuring
identical results upon independent execution. This is also provided in
Supplementary Table S3

Model evaluation was carried out on the untouched 30 % external
test set. The primary selection criterion was the absolute number of true
positives in the critical severity class, given its greater preventive rele-
vance. In cases where models achieved the same number of critical de-
tections, the F2-score for the critical class was used, since this metric
emphasises recall over precision. To ensure balanced performance
across both classes, we also defined a Global Performance Score (GPS)
(Eq. (3)) [78], calculated as the harmonic mean of the F2-scores for the
critical (F2Cc) and non-critical classes(F2NCc) (Egs. (4) and 5). This
combination of criteria prioritises the reliable detection of severe acci-
dents while maintaining overall model robustness. This global index
GPS is based on the four terms of the confusion matrix (true positives
(TP), true negatives (TN), false positives (FN) and false negatives (FN))

2
GPS=—= &)
I S + —_—a
F2Cc F2NCc
Where F2 is:
5% TP
P = T a- N Q)
N
F2NCc = S )

5% TN + 4 « FP + FN
3. Results
3.1. Data curation & baseline analysis

A total of 16,781 accidents by construction site vehicles occurred in
Spain between 2009 and 2022, 15,845 accidents in men (94.4 %) and
936 in women (5.6 %). Fig. 2 presents a consolidated time series,
illustrating both the aggregate number of construction vehicle-related
accidents and the subset resulting in fatalities across the study period.
Firstly, the total accidents decreased to the minimum values between
2012 and 2014, coinciding with the peak of the Spanish economic crisis.
Subsequently, there is a progressive increase in the number of accidents,
which was only interrupted in 2020 as a result of the decrease in activity
caused by the confinement due to the COVID 2019 pandemic. As for the
number of fatal accidents, there is no clear trend. Of the 86 fatalities,
only 2 were women.

Accidents by construction site vehicles mostly involve Spanish
workers, both in minor accidents (15,128 accidents; 90.1 % of the total)
and fatal accidents (74 fatalities; 86 % of the total). With very low
values, the second nationality in terms of minor accidents is Romanian
(320 accidents; 1.9 %), and in terms of fatal accidents, it is Moroccan (4
deaths; 4.7 %).

Most vehicle-related accident cases occurred while workers were
moving between work areas (~81 % of light events; ~85 % of fatal
cases), whereas only about one in six total cases originated at the usual
workstation, and <3 % in other locations

Figs. 3 and 4 show a summary of accidents for the variables Age
group, Hour block, Firm Size, Job tenure, Deviation pattern, Body re-
gion, Workplace Area, and Site zone based on severity

3.2. Statistical screening: variable selection

This subsection presents the analyses of the y? contingency tables,
which were employed in the study to outline the relationships between
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Fig. 2. Annual evolution of construction vehicle-related accidents and associated fatalities (2009-2022). Own elaboration.

the study variables and accident severity. The importance of each var-
iable as a predictor of accident severity was quantified using the results
of the contingency tables and Mutual Information values (MI) for each
analysed variable. These results provide support for each of the variables
that were selected as potential predictors of accident severity

3.2.1. Time variables

This subsection presents the analysis of the variables: weekday, hour
block, and shift hour

Table S4 (Supplementary Information) shows the contingency table
for the variable weekday and severity. Results indicate that there is no
dependent relationship between them (y2 = 21.613, df = 18 and p =
0.25). The effect size for the association tests was low (Cramér’s V
coefficient=0.02). Therefore, the day of the week cannot be considered a
predictor of accident severity. There is no difference in the number of
accidents, both total and fatal, depending on the day of the week.
However, there is a considerable decrease during the weekend, which is
typically a non-working day on most construction sites.

The analysis of the contingency table (Table S5) indicates a depen-
dent relationship between the hour block and severity variables. This
relationship was found to be statistically significant (y2 = 78.168, df =
0 39, and p < 0.001; Somers D coefficient =—0001; Cramér’s V coef-
ficient=0.04). The hour block and severity are related; however, only 10
corrected standardised residuals (17.86 %) were significant at the 95 %
confidence level (p > 1.96).

The highest number of related vehicle constructions is in the morn-
ing, from 9:00 to 13:59 hours (52.5 % Tn; 52.9 % Ln; 44.3 % Ls; 47.4 %
VSn; 29.0 % Fn). In addition, the period between 18:00 and 18:59 shows
the highest percentage of critical accidents (6.7 % Sn, 10.5 % VSn and
15.1 % Fn).

Finally, the shift hour variable was analysed. As Table S6 shows,
there is no dependent relationship between shift hour and severity (32 =
40.312, df = 33, and p = 0.178; Cramér’s V coefficient=0.03). Accident
severity reveals significant fluctuations based on the specific time of the
shift hour variable. The highest number of total, minor, and severe ac-
cidents occurred at the start of the working day (less than an hour and in
the first hour; 31.7 % Tn; 31.8 % Ln; 30.6 % Sn), and the highest number
of fatalities occurred in the fourth and first hour of the shift hour (15.1 %

and 14.0 % respectively).

3.2.2. Worker variables

The contingency analysis reveals a correlation between accident
severity and the age of the workforce (y* = 136.230, df =33, p < 0.001;
Somers’ D coefficient = 0.016) with 16 corrected standardised residuals
(50.00 %) significant at the 95 % confidence level (p > 1.96). Cramér’s V
coefficient=0.05), as shown in Table S7. The age groups with the highest
accident rates are between 30 and 39 (Tn 34.3 %) and 40 and 49 (Tn
27.8 %). Notably, the highest number of fatalities is observed among the
age group between 40 and 49 (Fn 45.3 %) followed by the age group
between 50 and 59 (Fn 27.9 %), and if the age ranges 30 to 39 and 50 to
59 are grouped with it, 86 % of fatal accidents are concentrated.

The job tenure variable refers to the duration of time a worker has
been employed by a company, rather than their overall industry. The
contingency table (Table S8) shows a correlation between accident
severity and job tenure (y*> = 48.176, df = 21, and p < 0.001; Somers D
coefficient =0002; Cramér’s V coefficient=0.03), with 8 corrected
standardised residuals (25 %) reaching significance at the 95 % confi-
dence level (p > 1.96). The distribution of job tenure and severity is non-
uniform. The highest accident rates occur when workers have less
seniority in the company. The group of workers with less than one year
of experience account for 41.2 % of total accidents (Tn), 41.1 % of minor
accidents (Ln), 45.8 % of serious accidents (Sn), 36.8 % of very serious
accidents (VSn) and 45.4 % of fatalities (Fn). It is noteworthy that the
rate of fatal accidents among workers who have been with the company
for less than a month is 12 %, a figure which is considerably higher than
the rate of minor accidents for this same group.

3.2.3. Company variables

This subsection includes the variables activity code (NACE) and firm
size. The firm size variable was analysed. Table S9 presents the con-
tingency analysis, showing no correlation between accident severity and
firm size (y2 = 23.172, df = 18 and p = 0.184; Cramér’s V coef-
ficient=0.02). The highest accident percentage has been recorded
among companies employing fewer than five workers (31.7 % Tn; 31.8
% Ln; 30.6 % Sn; 21.1 % VSn; 23.3 % Fn), which are the most charac-
teristic companies in the Spanish construction sector. Following this
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range, the range with the highest values is between 11 and 25 workers,
and between 26 and 50 workers. These data are remarkable because
these companies, in theory, have more resources for the organisation of
occupational risk prevention.

3.2.4. Situation variables

This subsection presents the analysis of the variables: task, site zone,
and deviation pattern. Firstly, the results of severity are presented
concerning the task variable. The contingency table indicates no
dependence between accident severity and site zone (2 = 0.382, df = 6
and p = 0.944; Cramér’s V coefficient=0.01). Most accidents occur at
the usual work (90.8 % Tn; 90.8 % Ln; 91.7 % Sn; 89.5 % VSn; 90.7 %
Fn).

Secondly, the relationship between site zone and severity variables is
analysed. Both variables are related (y2 = 100.278, df = 6 and p <
0.000; Somers D coefficient =—0001; Cramér’s V coefficient=0.06)
(Table S10), with only 3 corrected standardised residuals (25 %) being
significant at the 95 % confidence level (p > 1.96).

Finally, in the group of situation variables, the relationship between
severity and deviation pattern is analysed. Both variables are related but
not strongly enough to be considered for predicting severity (y2 =
89.289, df = 27 and p < 0.000; Somers D coefficient =—0009; Cramér’s
V coefficient=0.04) (Table S11), with 10 corrected standardised re-
siduals (27.78 %) significant at the 95 % confidence level (p > 1.96). In
most accidents, the deviation, i.e. the unusual event that has negatively
impacted the normal work process and has resulted in the occurrence or
cause of the accident, that generates them (Ln 67.0 %; Sn 67.8 %; VSn
78.9 %; Fn 100 %) is found under the heading ‘Loss of machine control’.
The second group corresponds to ‘Voluntary body movement’ (Ln 15.1
%; Sn 12.1 %; VSn 15.8 %).

3.2.5. Injury consequences variables

In this subsection, the severity of accidents is analysed, focusing on
the variables of injury type and body region.

Injury type and severity variables present a dependent relationship
between accident severity and injury (32 = 2412.624, df = 21land p <
0.001; Somers D coefficient =0.019; Cramér’s V coefficient=0.22)
(Table S10). A total of 20 corrected standardised residuals (62.5 %) are
significant at the 95 % confidence level (p > 1.96). It can be concluded
that injury type and severity are related. As shown in Table S12, there
are fifteen categories in this variable, but there are no accidents reported
in seven categories The highest number of minor injuries is found within
the group ‘Dislocations, sprains and strains’ (Ln 55.1 %) followed by the
group ‘Wounds, superficial injuries’ (Ln 22.8 %). Serious and very
serious injuries fall into the groups ‘Multiple lesions’ (SAR 27.7 %; VSAR
57.9 %) and ‘Crushed bones’ (SAR 53.5 %; VSAR 21.1 %), while most
occupational fatalities fall into the group ‘Multiple lesions’ (FAR 87.2 %,
75 deaths).

In Table S13, results indicate a correlation between accident severity
and body region (y2 = 876.139 df = 24, and p < 0.001; Somers D co-
efficient =0.033; Cramér’s V coefficient=0.20). 23 corrected stand-
ardised residuals (63.89 %) are significant at the 95 % confidence level
(p > 1.96). Among the fatal accidents (Fn) 74 % are in the group “Whole
body and multiple parts”. The second group, far behind with 7 fatalities
(8.1 %) is the “Head”. With regard to light accidents, the “Neck” group
includes the highest number of minor accidents as a result of being on
construction site vehicles (43.7 % Ln).

As described in the methodology section, the amount of information
each variable contains about the severity variable was calculated using
the mutual information (MI) value. The variables Hour Block, Age, Age,
Site Zone, Deviation Pattern, Injury Type and Body Region were
selected. These variables exhibit the highest MI values, along with a
significant p-value (p < 0.05) (Table 4).
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Table 4
Mutual information values (MI), G-statistic and p-value for the selection of
influential variables. The selected variables are in bold.

Variable MI G-stat p-value
Weekday 0.0006 10.0619 0.1221
Hour Block 0.0011 20.7030 0.0021
Shift Hour 0.0010 17.3791 0.0664
Age 0.0040 73.0876 < 0.001
Company Staff 0.0006 11.3127 0.0792
Job Tenure 0.0008 13.6876 0.0333
Usual Work 0.0000 0.6970 0.4038
Site Zone 0.0018 32.2438 < 0.001
Deviation Pattern 0.0017 30.9322 0.0001
Injury Type 0.0464 840.7435 < 0.001
Body Region 0.0248 450.6054 < 0.001

3.3. Modelling: classifier model development

The classification models described in the previous section have been
implemented using the KNIME Analytics Platform. Each model contains
38 nodes. Random Forests, XGBoost Tree and RProp MLP Learner nodes
were used to develop the random forest, XGBoost and neuronal network
models (see Supplementary Figure S1). The CVAC—O model in-
corporates the variables identified as significant in phase 2: Hour Block,
Age, and Age. Conversely, the CVAC—C model incorporates the
remaining significant variables identified in the preceding phase: Site
Zone, Deviation Pattern, Injury Type, and Body Region. A total of 120
classification models were developed. The selection of the most appro-
priate model for the data was determined by utilising 70 % of the
samples, as described in the methodology section. The model with the
highest number of true positives in the critical severity class was
selected. The F2 score for the critical class, and the GPS coefficient
values were also considered. The model with the highest number of true
positive samples of the Critical class was considered for models with the
same GPS index value. The validation of the model was confirmed using
the remaining 30 % of the samples, confirming the fulfilment of the
condition mentioned above. Table 5 shows the optimal model parame-
ters for each of the techniques used.

Table 6 presents the confusion matrix values of the optimal CVAC—O
models for each of the three machine learning techniques, evaluated
under three conditions: (i) the 70 % training sample without over-
sampling, (ii) k-fold cross-validation within the 70 % training data with
oversampling of the minority class through synthetic instance genera-
tion, and (iii) the independent 30 % external test set. After thoroughly
evaluating the available options, the neural network technique has been
selected as the optimal approach for the CVAC—O model. This decision
is supported by the independent 30 % external test set, which demon-
strates the highest value for the true positives in the critical severity class
as well as for critical class F2 scores and the GPS index.

RProp MLP Learner node implements the RPROP algorithm, using
multilayer feed-forward networks (MLP) with a sigmoid activation
function. It adjusts the size of the backpropagation steps independently
by weight based only on the sign of the gradient. The final output of the

Table 5
Optimal parameters selected for each machine learning technique and classifi-
cation model.

Machine Learning Parameter CVAC—C CVAC—O

Technique Model Model

Random Forest Tree depth 7 9

XGBOOST Eta 0.10 0.2
Maximum depth 4 6
Minimum depth 1 4

Multilayer Perceptron Hidden layer 1 1

(MLP) Number of hidden 8 10

neuronal

Activation function Sigmoid
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Table 6
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Confusion matrix, F2- score and GPS index values for the optimal CVAC—O models applying each of the three machine learning techniques.

Construction Vehicle Accident Classifier Organizational Factors (CVAC—O)

Machine Learning

Technique

Random Forest

HGBOOST

Neural
Networks

Sample

Training (70 %) Cross
Validation

External Testing (30 %)

Training (70 %) No
Oversample

Sampling

Training (70 %) Cross
Validation

External Testing (30 %)

Training (70 %) No
Oversample

Sample

Training (70 %) Cross
Validation

External Testing (30 %)

Training (70 %) No
Oversample

Observed Predicted Percent F2-Score (Mean +  GPS (Mean +
No Critical  Correct SD) SD)
Critical
No- 7242 1730 80.72 % 0.693 + 0.337 0.242 + 0.02
Critical
Critical 162 89 35.46 % 0.143 + 0.03
Overall 97.28%  2.72% 79.49 % F2- Score GPS
No- 3004 841 78.13 % 0.814 0.224
Critical
Critical 74 34 31.48 % 0.130
Overall 97.27 % 2.73 % 76.85 % F2- Score GPS
No- 7119 1853 79.35 % 0.825 0.358
Critical
Critical 114 137 54.58 % 0.229
Overall 97.28 % 2.72% 78.67 %
Observed Predicted Percent F2-Score (Mean + GPS (Mean +
No Critical  Correct SD) SD)
Critical
No- 8896 76 99.15 % 0.988 + 0.002 0.079+ 0.02
Critical
Critical 250 1 0.40 % 0.042+ 0.01
Overall 97.28%  2.72% 96.47 % F2- Score GPS
No- 3822 23 99.40 % 0.990 0.063
Critical
Critical 105 3 2.78 % 0.033
Overall 97.27% 273 % 96.76 % F2- Score GPS
No- 8926 46 99.49 % 0.991 0.284
Critical
Critical 215 36 14.34 % 0.166
Overall 97.28 % 2.72% 97.17 %
Observed Predicted Percent F2-Score (Mean +  GPS (Mean +
No Critical  Correct SD) SD)
Critical
No- 5503 3469 61.34 % 0.663 + 0.04 0.262 + 0.02
Critical
Critical 101 150 59.76 % 0.163+ 0.02
Overall 97.28 % 2.72% 61.29 % F2- Score GPS
No- 2498 1347 64.97 % 0.663 0.278
Critical
Critical 44 64 59.26 % 0.174
Overall 97.27 % 2.73 % 64.81 % F2- Score GPS
No- 5712 3456 62.30 % 0.672 0.267
Critical
Critical 97 154 61.35 % 0.167
Overall 97.34 % 2.66 % 62.28 %

model with a single hidden layer is expressed by Eq. (8).

y=o <Zw;z>*h,-+b<2>) 8

=1

where m is the number of neurons in the hidden layer w®) is the weight
connecting the hidden neuron h; to the output neuron, b®: bias in the
output neuron, ¢ is the sigmoid activation function (Eq. (9)) and h; is the
value of the activation wing of the hidden neurons (Eq. (10)).

1

“Tve ©)

o(2)

n
hj = 0( WEjU *Xi+b;1)> (10)
i=1

In Eq. (10), n denotes the number of input variables, w is the
weight connecting the input x; with the hidden neuron hj, and bj®") is the
bias of the neuron h;.

The parameters (weights and biases) of the neural network of the
CVAC—C classification model are documented in Tables S14 and S15.
Tables S16 and S17 show weights and biases parameters for the
CVAC—O neural network classification model.

The values of the confusion matrix for the optimal CVAC—C models

of each technique are presented in Table 7. Considering the model se-
lection criteria explained above, the multilayer perceptron model has
also been selected as the best predictor model for severity.

For the neural network models, predicted class probabilities of the
external validation sample (30 %) were extracted to analyse confidence
in critical case predictions. Probability distributions were plotted to
visualise the separation between critical and non-critical cases (Fig. 5).
These analyses allow assessing discrimination of the neural networks
beyond standard accuracy metrics. For classification purposes, a prob-
ability threshold of 0.50 was applied: cases with a predicted probability
of at least 0.50 were assigned to the critical class, while those with a
predicted probability of less than 0.50 were assigned to the non-critical
class.

To calculate the normalised independent variable importance of
each as predictors in the multilayer perceptron models (Fig. 6), the raw
importance was first calculated as the sum of the product of the weights
of each neuron along the paths linking each input to the output(s) and
then rescaled so that the most influential predictor took the value 100 %.
This metric allows variables to be ordered by relative influence within
the network [79,80]. The categorical predictor variables with n levels
have been expanded to n dummy variables. The normalised importance
of these variables has been calculated by summing the values obtained
for the importance of each of their dummy variables
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Table 7
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Confusion matrix, F2- Score and GPS index values for the optimal CVAC—C models applying each of the three machine learning techniques.

Construction Vehicle Accident Classifier Contextual Factors (CVAC—C)

Machine Learning Random Forest  Sample Observed Predicted Percent F2-Score (Mean +  GPS (Mean +
Technique No Critical  Correct SD) SD)
Critical
Training (70 %) Cross No- 7831 1141 87.28 % 0.913 + 0.006 0.625 + 0.001
Validation Critical
Critical 41 210 83.67 % 0.478 + 0.011
Overall 97.28 % 2.72% 87.18 % F2- Score GPS
External Testing (30 %) No- 3326 519 86.50 % 0.888 0.593
Critical
Critical 15 93 86.11 % 0.445
Overall 97.27 % 2.73 % 86.49 % F2- Score GPS
Training (70 %) No No- 7767 1205 86.57 % 0.889 0.608
Oversample Critical
Critical 26 225 89.64 % 0.462
Overall 97.28 % 2.72% 86.65 %
HGBOOST Sampling Observed Predicted Percent F2-Score (Mean + GPS (Mean +
No Critical ~ Correct SD) SD)
Critical
Training (70 %) Cross No- 8236 736 91.80 % 0.933 + 0.003 0.627 + 0.010
Validation Critical
Critical 66 185 73.71 % 0.481+ 0.008
Overall 97.28%  2.72% 91.30 % F2- Score GPS
External Testing (30 %) No- 3535 310 91.94 % 0.932 0.630
Critical
Critical 31 77 71.30 % 0.477
Overall 97.27%  2.73% 91.37 % F2- Score GPS
Training (70 %) No No- 8271 701 92.19 % 0.932 0.638
Oversample Critical
Critical 53 198 78.88 % 0.498
Overall 97.28 % 2.72% 91.82 %
Neural Sample Observed Predicted Percent F2-Score (Mean +  GPS (Mean +
Networks No Critical  Correct SD) SD)
Critical
Training (70 %) Cross No- 7986 986 89.01 % 0.912 + 0.006 0.639 + 0.007
Validation Critical
Critical 38 213 84.86 % 0.492+ 0.010
Overall 97.28 % 2.72% 88.90 % F2- Score GPS
External Testing (30 %) No- 3432 413 89.26 % 0.909 0.646
Critical
Critical 14 94 87.04 % 0.501
Overall 97.27 % 2.73 % 89.20 % F2- Score GPS
Training (70 %) No No- 8004 968 89.21 % 0.911 0.664
Oversample Critical
Critical 21 230 91.63 % 0.522
Overall 97.28 % 2.72 % 89.28 %

20
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M No Critical Class
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Fig. 5. Predicted probability distributions of the 30 % external validation sample for neural network models: CVAC—O (left) and CVAC—C (right): own elaboration.

4. Discussion in other countries [6,31,32]. Examining the evolution of the data during
the study period reveals a decrease in the accident rate during the
economic crisis years (2012-2014) and during the confinement result-
ing from the COVID-19 pandemic. This trend underscores the signifi-

cance of the construction sector to the economy and its impact on

Hit and run over by construction site vehicles in the construction
sector are mostly light accidents but are one of the most important
causes of fatal accidents in the construction sector in Spain, as is the case

10
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Fig. 6. Normalised importance values of the variables in the model CVAC-0 (a) and CVAC—C (b): own elaboration.

occupational accident rates.

No correlation has been made between the number of employees in
the construction sector and the number of accidents per year, and by the
autonomous community. Still, in global terms, it can be affirmed that
there is a relationship between the level of activity in the sector and the
number of employees [81,82] and the accidents, i.e., the greater number
of employees at the construction sector, the more hit and run over by
vehicles tend to occur.

Hour block, age, job tenure, site zone, deviation pattern, injury type,
and body region are significant in the severity of accidents at the 95 %
confidence level for the accidents by construction site vehicles in the
construction sector in the analysis of the consistency tables. These var-
iables, together with the variable shift hour, have the highest values of
the Mutual Inflation (MI) report. All of them, except the variable shift
hour, were selected for the development of the predictive models. The
shift hour variable was not selected as the G-stat was not significant.

Regarding the results concerning the time variables, there is no in-
fluence of the workday on the severity of the accidents, so it is not
possible to speak about the “weekday effect” or “Monday effect”
described by other authors in Spain [83] and other countries [84,85].
Nor is there a relationship between the severity and the shift hour var-
iable. The number of total accidents decreases as the hours of the
workday pass, contrary to expectations and associated with workers’
accumulated fatigue, results like those obtained in other studies [86,87].

Regarding the hour block variable, accident occurrence was most
dominant around 9:00 and 13:59, consistent with the injuries/fatalities
data of most construction found in other studies [16,33]. On the other
hand, in the predictive CVC—O model, this variable has the least in-
fluence. An interesting point is that in the predictive model, the influ-
ence of this variable is greater for critical accidents than for non-critical

11

accidents, which is in line with the results obtained by Hinze.

Construction site vehicle accidents arise mostly in men and, in the
case of fatalities, almost entirely in men. These results are consistent
with the distribution of the working population by gender in the Spanish
construction sector. Of the 16,781 accident cases analysed, 94.4 %
correspond to men and 5.6 % to women. This distribution mirrors the
composition of the Spanish construction workforce, where women
represent only around 11 % of total employment in the sector [88]. The
predominance of male accident cases, therefore, reflects differential
exposure, not necessarily a higher individual probability of injury by sex

Non-fatal accidents were most common among workers aged 30-49,
whereas fatal cases were concentrated between ages 40 and 59. These
results align with the findings of other studies in the construction sector
in the USA [16] and other productive sectors such as the metal sector in
Spain [64]. The number of accidents among workers under 30 years of
age is lower, contrary to the results of other studies specific to the
construction sector [42,65]. This could be explained by several factors:
the better physical conditions due to the age of younger workers [89,
901, the difficulty of older workers to adjust to new roles, changing job
circumstances [91], or overconfidence stemming from age and experi-
ence related to the position [92,93]. The higher share of severe accidents
among older workers could reflect factors such as task assignment,
physical condition, or risk perception; however, these explanations
cannot be confirmed with the present dataset. Age is the most influential
variable in the CVC—O model.

Within the construction sector, the sub-sector Building construction
and Electrical, plumbing and other installations on construction sites
present the highest number of total and light accidents. Regarding the
fatal accidents, in addition to the subsector Building construction, the
Demolition and site preparation. This data could be used to enforce
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training requirements for workers in companies operating in these
specific sub-sectors [16,94].

There is no influence of the company staff regarding the severity of
the accident, but the highest number of accidents is observed in com-
panies with fewer than five employees, with the next highest number of
accidents occurring in companies with 11 to 25 employees. These results
are in line with other studies in Spain’s construction sector [39,63] and
demonstrate that the lack of resources in small enterprises makes it more
difficult to adhere to occupational safety and health regulations [14,16],
leading to less safe working environments that heighten the likelihood of
accidents occurring [95].

The results obtained for fatalities in the construction sector con-
cerning length of service show that approximately between 40-45 % of
the total and fatal accidents occur to workers with less than one year of
experience in the company. These results are consistent with other
specific works in Spain, such as the one on the metal sector in the
autonomous community of Andalusia by Carrillo-Castrillo et al. (2016)
[96] or the one on fatal accidents in Spain by Fuentes-Bargues et al.
(2023) [97]. Carrillo-Castrillo et al. (2016) [96] suggested these situa-
tions are caused by unsuitable work methodologies or an absence of
sufficient training. To address this issue, the introduction of a more
proactive information policy, as well as training on occupational safety,
would be a valuable addition, even before the start of activities within
the company [98]. This variable has significant importance in the pre-
dictive CVC—O model.

The analysis by accident location and whether the workers were
carrying out their usual work shows that the great majority of accidents
involved workers carrying out their usual work and moving between
work areas. The continuous changes on construction sites, and if on top
of that changes in the work areas entail both internal and external
movements on the construction sites, generate a lack of appreciation of
dangerous situations on the part of the workers [16]. These situations
could be solved by greater involvement of the supervisors, site man-
agers, site managers, preventive resources, etc [14] and by the intro-
duction of technology that allows remote location and monitoring for
simple proximity alerts between teams and workers on construction
sites. Examples of these systems are the one proposed by Riaz et al [17],
which proposes combining global positioning systems (GPS) with
intelligent sensors and wireless networks, or the one proposed by Zhu
et al., combining radio frequency techniques (RFT), ultra-wideband
(UWB) and global positioning systems. This variable has the least in-
fluence on the CVAC—C model. The influence of this variable is greater
in critical accidents. If we examine the contribution of each dummy
variable in the normalised significance, it becomes apparent that the
variable with the greatest contribution corresponds to the usual work
(accident reported in the usual workplace), which also coincides with
the scientific work of Hinze and Romero cited above.

The main deviation that leads to an accident is “Loss of machine
control”, with 67.7 % of the total accidents and 86.0 % of the fatal ac-
cidents. This result is perhaps predictable due to the type of accident
related to vehicles and work equipment, but it is like other results about
fatal accidents, such as the work of Santos et al. in Portugal [99] and
Fuentes-Bargues et al. in Spain [64]. This variable is important in the
CVAC—C predictive model. It has a greater influence on determining
whether an accident is critical. The dummy variable that contributes
most to its normalised importance is “Loss of machine control”. This
result aligns the predictive model with the studies mentioned above.

When the consequence of the accident is the death of the worker, the
injuries are found within the group “Multiple injuries”, and the injured
body part is identified within the group “Whole body and multiple parts”
(74.0 %). In the case of light accidents, injuries corresponding to “Dis-
locations, sprains and strains” and “Wounds, superficial injuries” ac-
count for 76.1 %. These results are like the results obtained globally in
the construction sector in Spain [14,62] and in other sectors, such as the
mechanical sector [100-103].

In light accidents, the body part injured with the highest percentage
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is the “Neck” group (44.7 %), which is associated with bumps and jolts
because of running over or driving vehicles. The group of variables
associated with the consequences of accidents show the highest nor-
malised significance values of the CVAC—C model. The contribution to
the normalised significance of the dummy variables of these variables to
the determination of the accident as critical or non-critical is also in line
with the results of this research and the studies described above.

The dataset does not include exposure data (e.g., hours worked,
machine operation time) or detailed worker characteristics (e.g., health
status, training), which prevents causal inference. Results should
therefore be interpreted as associations rather than causal effects

The limitations of the machine learning models developed are linked
to the data itself and to the modelling methodology of each of the
techniques chosen. The starting data are very unbalanced (ratio of
critical samples to non-critical ones is low) and are limited., The primary
limitations and challenges of the research include the absence of indi-
vidual data in accident reports for certain variables that could provide
statistically significant explanatory power, such as completed education
level, workers’ educational background, training and experience on the
job, and health and safety training. Additionally, a further limitation is
that specific incidence rates cannot be calculated for each variable
examined due to the unavailability of data on hours worked. To address
the overfitting issues, the number of samples in the critical case has been
increased, and non-linear techniques, such as neural networks, have
been incorporated. Several scientific studies utilise SMOTE as a valid
technique to circumvent the aforementioned limitations [104-106]. In
this instance, the data has been divided into two samples (70 %—30 %)
to train the model with a balanced sample and then validate its behav-
iour with a sample of 30 % of the data (unbalanced sample). Increasing
the number of cases in the minority sample (training sample), all three
techniques used have yielded good results. The two-step approach to
mitigate risks of variance increase, or overfitting due to SMOTE, over-
sampling, applying SMOTE exclusively to the training set (70 %), and
validating on a separate imbalanced test set (30 %), together with to
compare across three algorithms, and applying to the training sample
(70 %) without applying SMOTE, confirms that results are consistent
across balanced and unbalanced conditions. obtaining consistent pre-
dictive patterns (see Tables 6 and 7). This approach could reduce the
likelihood that the results are artefacts of oversampling. However, in
general, the number of true positive cases has decreased with the vali-
dation sample. This decrease was significant for the HGBOOST tech-
nique, and only slight for the Random Forest technique, with the neural
network models demonstrating the best performance. The outcome
achieved with the trained model using the validation sample is attrib-
utable to how SMOTE balances the initial sample [107]. As
Moreno-Torres (2012) [54] explained, the model trained with the
balanced sample and tried to predict the unbalanced sample cases tends
to think that there is more data for one class than the other. Seto et al.
(2022) [108] also state that applying gradient boosting makes the un-
balance of the data worse. This is less critical when applying Random
Forest [109] or a neural network [56]. The hyperparameter ranges
explored in this study were defined based on preliminary tests and prior
applications in construction safety research, to ensure computational
feasibility and avoid unstable configurations under highly imbalanced
data. Nevertheless, we acknowledge that broader search spaces (e.g.,
deeper trees, wider learning rates, or larger neural architectures) could
provide alternative optimal configurations. These hyperparameters
were optimised using the full 70 % balanced training set and subse-
quently validated through k-fold cross-validation, rather than by means
of a nested cross-validation scheme. While this strategy preserved an
untouched 30 % test set and allowed for efficient optimisation, nested
cross-validation would provide a less biased estimate of generalisation
error. Future work could therefore explore extending the robustness of
the proposed models.

From a practical perspective, our findings suggest several areas
where safety management in the construction industry should be
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strengthened. Workers with low tenure require targeted induction and
mentoring programs to mitigate their higher vulnerability, while older
workers (40-59 years) would benefit from ergonomic adaptation and
closer supervision, given their disproportionate share of severe and fatal
accidents. Mobility across construction sites, particularly movements
between work areas, should be re-designed through segregated routes,
traffic control plans, and the systematic use of signallers, as this scenario
accounts for the majority of critical accidents. Micro-enterprises and
subcontractors, which concentrate a high proportion of fatal cases, de-
mand tailored training and simplified auditing mechanisms to ensure
compliance with safety standards. Finally, technological aids such as
360° cameras, proximity sensors, and reverse alarms, as well as digital
predictive tools for real-time monitoring, should be mainstreamed to
reduce risks associated with vehicle manoeuvring and loss of control.
These recommendations are consistent with EU-OSHA and NIOSH
guidelines and provide a practical pathway to translate predictive in-
sights into preventive action

5. Conclusions

Vehicle run-over construction site incidents make up a modest share
of minor injuries yet remain one of the main sources of fatal harm on
Spanish worksites.

The variables hour block, age, job tenure, site zone, deviation
pattern, injury type, and body region, significant in the severity of
related construction vehicle accidents and chosen for the generation of
the classification models, show within the models a similar behaviour to
the conclusions found in previous scientific studies.

The CVC—O model allows for the classification of accident severity
considering variables related to the significant characteristics of the
company found in the official DELT@ database. The variable with the
greatest impact is the worker’s age. Construction site vehicle accidents
occur mostly in men and, in the case of fatalities, almost entirely in men.
Regarding age, the highest accident rates are between 30 and 49 years,
and in the case of fatal accidents, between 40 and 59 years. These are
experienced middle-aged workers, which may suggest overconfidence in
their work as a trigger for accidents. There is no "Weekday effect” or
“Monday effect” in the construction vehicle accidents. The highest
number of accidents occurs in the early hours of the working day, and
the time of day with the highest number of accidents is concentrated
between 9:00 and 13:59 and between 18:00 and 18:59, so checks by
supervisors, safety technicians, and project managers should be rein-
forced in these time slots. Government and/or sectoral information and
awareness-raising policies to prevent hit-and-run accidents in the con-
struction sector should focus mainly on micro-enterprises (less than 5
workers) and small enterprises (up to 25 workers), as they have the
worst accident rates. At the construction company level, the training of
new workers must be reinforced, as the worst accident figures are for
workers with less than one year’s experience. This training could even
be carried out before joining the company by online means. On specific
issues, it would also be necessary to remember the use of PPE (helmets,
safety belts, etc.) and to take refresher courses on driving machinery and
vehicles.

The CVAV-C model considers the variables specific to the circum-
stances and consequences of the accidents reported in the database. The
variables Body Part Injured, Injury and Deviation have the greatest in-
fluence on the model, especially in the case of critical accidents. The
results of this study reinforce the need for a review of the protocols for
the use of PPE (helmets, safety belts, etc.) by managers and supervisors,
as well as the requirement for specific training for workers who are
responsible for driving vehicles and machinery on a construction site.

These findings demonstrate significant associations between acci-
dent severity and factors such as age, tenure, and company size, but
causal mechanisms cannot be established with the present data

As seen in the literature review, there are not many studies on hit and
run over by vehicles at the country level, so developing comparisons
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with accident data from other countries would be an interesting future
line of work. The potential repercussions of accidents involving con-
struction vehicles on women employed within the construction sector
will also be a focal point in forthcoming research.

Beyond identifying key predictors of accident severity, this study
also highlights concrete opportunities for improving safety management
in construction, particularly regarding vulnerable worker groups, in-
ternal mobility, and the adoption of preventive technologies, as dis-
cussed above.
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