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Abstract. Work safety control and analysis of accidents during 
construction performance are one of the most important issues 
of construction management. The paper focuses on post-accident absence 
as an element of occupational safety management. Somehow, the length 
of the post-accident absence can be treated as an indicator of building 
performance safety. The paper attempts to answer the question of whether  
it is possible to use boosted classifier ensembles to predict the post-accident 
absence length using a small set of historical observations, and which 
classification algorithm is the most promising to solve the prediction 
problem. It also proves that there is a dependence between the length of the 
post-accident absence and the cause of the accident or working conditions 
The choice of boosted algorithms is not accidental. Thanks to the use 
of aggregation methods it is possible to build classifiers that predict 
precisely and do not require any initial data treatment, which simplifies 
the prediction process significantly. The model of the prediction problem 
has been clarified. To identify the most promising classifier ensemble 
the prediction accuracy measures of selected classification algorithms were 
analyzed. The data used to build models was gathered on national (Polish) 
construction sites. 
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1 Introduction 

An accident at work is defined in ESAW (European Statistics on Accidents at Work) 
methodology as a discrete occurrence during work which leads to physical or mental harm. 
Fatal accidents at work are those that lead to the death of the victim within one year, while 
non-fatal accidents at work collected within ESAW [1, 2] are those that imply at least four 
full calendar days of absence from work. For many years, in a majority of EU Member States, 
the highest incidence of accidents has been reported for persons employed in construction. 
In addition, for decades, more than half of all absence days registered are concentrated in only 
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three sectors of economic activity: manufacturing, construction and wholesale and retail 
trade. According to ILO [3] report, averagely, every 10 minutes one construction worker 
bears death during his work. This puts the construction industry at the head of the most 
hazardous professions basically due to the high variability of working conditions. 

Accident statistics are being gathered and analyzed in all countries – in Poland by GUS 
(Main Statistical Office), in Europe by Eurostat, worldwide by ILO. However, collecting 
accidents’ statistics itself is not the essence of the problem; it is identifying cause-and-effect 
relationships, the most common accidents’ scenarios, factors affecting the severity of 
accidents, and occupational groups burdened with the highest risk of an accident. In Poland, 
such studies were conducted by Hoła’s team, who developed computer knowledge database 
and a mathematical model of an accident event development in the construction industry [4, 
5]. In turn, Drozd [6, 7] analyzed the costs of accidents and the length of a post-accident 
absence. A study on the above-mentioned papers and global research carried out by Saiful, 
Razwanul and Tarek [8], Mistikoglu et al. [9], Chua and Goh [10], or Chan, Leung and Liu 
[11] indicate that there is a strong need to build models of advisory systems supporting H&S 
management in its various aspects. Such systems should be effective, easy to use, and predict 
precisely with the historical data.  

The paper matches up with work safety modelling problems. It attempts to answer the 
question whether it is possible to use boosted decision trees (a selected type of classifier 
ensembles) to predict the post-accident absence length using historical observations, and 
which algorithm is the most promising to apply in the prediction problem.  

1.1 Why the post-accident absence and classifier ensembles? 

The paper focuses on post-accident absence as an element of occupational safety 
management. According to Drozd [6], the length of the post-accident absence can be treated 
as an indicator of building performance safety. It is strongly affected by the working 
experience of the injured and the size of the company. In Polish conditions, the absence 
decreases with the increasing size of the company, which proves that larger construction 
companies pay more attention to works safety.  

To solve the prediction problem classifier ensembles are suggested. In contrast to other 
prediction methods, classifier ensembles consist in building different models of the same 
phenomenon and then combining their judgments [12, 13]. The multi-model supervised 
learning in statistical data analysis has been used successfully in picture recognition, medical 
and biological sciences, customer segmentation, business modelling, etc. However, it is still 
less popular in project and construction planning, which is a pity, because aggregation 
algorithms, especially those based on decision trees or random forests, as Koronacki and 
Ćwik [14] claim, are thought to be the most effective classifiers. They do not require any 
initial data treatment, pre-processing, or analysis, which simplifies the prediction process 
significantly. They can also be used in case of missing data, what happens when collecting 
information on the construction site. 

2 Mathematical model of the prediction problem 

To predict the length of the post-accidence absence let’s consider set U containing N 
observations which are different accidents at work. Each observation is described by a vector 
of attributes [xi1, xi2, …, xiL, yi]. There are two kinds of attributes: predictors (called the input 
data) X1,…, XL and one target attribute Y (called the output data). Variables xi1, xi2, …, xiL, 
yi describe attributes’ values for the observation i (i = 1,2,…N). The value of the target 
attribute is a class label. Therefore, set U can be defined as (1): 
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Predictors are the circumstances of the accident. They are usually recorded to the accident 

report, and these are: the size of the company (the level of employment), work experience 
of the injured, type of work performed by the injured just before the accident, source of the 
accident, mechanization of works performed by the injured just before the accident. The 
target attribute is the length of the post-accident absence. The goal of the classification 
problem is to construct, using the historical data, a mathematical model that predicts the class 
of the unlabeled examples. This means that the dependence between the length of post-
accident absence Y and accident’s circumstances X=[X1,…, XL] is being sought.  

Classification can be done using a single classifier or a classifier ensemble, where 
a variety of classifiers (either different types of classifiers or different instantiations of the 
same classifier) are pooled before a final decision is made. Intuitively and mathematically, 
classifier ensembles provide an extra degree of freedom in the classical variance tradeoff, 
allowing solutions that would be difficult or impossible to reach with a single classifier [15]. 
There are several methods of combining classifiers: bagging (bootstrap aggregation), 
boosting, stacking, etc. In the present paper boosting technique is being analyzed. In this 
technique, learners are learned sequentially with early learners fitting simple models to the 
data. The training set used for each member of the series is chosen based on the performance 
of the earlier classifier in the series [16]. Observations wrongly classified by a single 
classifier receive a higher weight in order to be chosen to the next training set, so the 
algorithm is ‘forced’ to learn using them. The final classifier arises as a result of weighted 
component voting.  

To build prediction models the data collected on 87 different construction sites in Poland 
and presented by Drozd [6] was used. The information about accidents was obtained from 
the statistical accident reports made after each accident. The observed predictors and the 
range of their historical values are collected in Table 1.  

Table 1. Predictors and their historical values. 

Predictor’s name Type of predictor’s 
value Observed predictors’ values 

company size 
(the level of employment) 

numeric (number of 
company’s 
employees) 

from 4 to 241 

experience of the injured 
workers 

Numeric (number of 
years of work in 

construction) 
from 1 to 16 

type of work performed by 
the injured just before the 

accident 
binary 1 in case of work at heights,  

0 in other cases 

the source of the accident binary 

1 – if the accident was caused by the 
worker himself (worker’s psycho-

physical state or improper behaviour, 
incl. not using protective equipment), 
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0 – if the accident was caused by 
inappropriate workplace organisation 

and improper protection of the 
workplace 

the state of mechanization of 
works performed by the 
injured just before the 

accident 

binary 
1 – if work was performed with 
equipment being moved or with 

a machine in motion, 0 – in other cases 

 
In the examined data collection the target value (the length of the post-accident absence) 

varied between 2 and 29 days, while its mean value was 24.4 days and the standard deviation 
was 5.9 days. It should be mentioned here that, in Poland, if you are absent from work for 
more than 30 days, you are directed to repeat detailed medical examinations before returning 
to work. Therefore, for minor injuries, 29 or 30 days are usually the highest values. 
The problem that is being discussed and proposed methodology of its solution  
is of a discriminatory type. Therefore, the length of absence was divided into 6 separate 
classes (intervals): 0-5 days, 6-10 days, 11-15 days, 16-20 days, 21-25 days and 26-30 days. 

3 The experiment 

To answer the question of whether it is possible to use boosted decision trees to predict the 
post-accident absence length, and what is the prediction accuracy, two aggregation 
algorithms were examined: AdaBoost.M1 and Logit Boost. Five different classifiers were 
tested:  
- Decision Stump – a weak, one-node decision tree, 
- random tree classifier – a class for constructing a tree that considers randomly chosen 

attributes at each node and performs no pruning, 
- J48 tree – a class for generating an unpruned or a pruned C4.5 decision tree, 
- LMT tree – a classifier for building logistic model trees, which are classification trees 

with logistic regression functions at the leaves; the algorithm can deal with binary and 
multi-class target variables, numeric and nominal attributes and missing values; 

- REPT tree – a fast decision tree learner, which builds a decision tree using information 
gain and prunes it using reduced-error pruning (with backfitting). 

To obtain training sets it was acted in two ways: 70% dataset split and cross-validation 
with a different number of folds (incl. leave-one-out cross-validation) were performed. The 
maximum number of iterations was set to 100 and no resampling was allowed. All the 
calculations were performed in WEKA 3.8. environment.  

The best predicting algorithms are gathered in Table 2. The prediction accuracy is a 
percentage of correctly classified instances, while MAE stands for a mean absolute error.  

Table 2. Comparison of the prediction accuracy obtained with different ensembles.  

Classifier Max. prediction 
accuracy of a 

single classifier 

Aggregation 
algorithm 

Max. prediction 
accuracy of a 

classifier ensemble 

MAE 

Decision 
Stump 58,6% AdaBoost.M1 65,3% 0,23 

LogitBoost 77,0% 0,08 
LMT 74,7% AdaBoost.M1 75,8% 0,11 
J48 72,4% AdaBoost.M1 77,0% 0,08 

Random tree 73,6% LogitBoost 77,0% 0,08 

REPT tree 69,0% AdaBoost.M1 79,3% 0,12 
LogitBoost 79,3% 0,16 
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4 Discussion and conclusions  

Accuracy measures for different ensembles and models built in Weka indicate that, whatever 
the loss function is, logit (LogiBoost algorithm) or exponential (AdaBoost.M1), classifier 
ensembles, as expected, provide better prediction accuracy than a single decision tree. 
The best improvement is observed for the weak Decision Stump classifier. Better prediction 
(at 81,6%) was obtained only with Random Committee aggregation algorithm and Random 
Tree classifier being aggregated, which was a result of supplementary calculations. Similar 
prediction accuracies, ca. 75-80%, were achieved within Random Forest method and for 
different bagging ensembles. It means that the value of ca. 80% accuracy is a ceiling value 
for the data being analyzed, whatever the aggregation method is. It's not bad but it's not 
excellent either. Moreover, when analyzing the confusion matrix and detailed accuracy 
measures, such as the F-measure and PRC Area, see Fig. 1, it was noted that the prediction 
accuracy for classes 0-5 and 6-10 is very low, regardless of the aggregation algorithm. Then, 
in the course of further research and in order to build a reliable decision model it is necessary 
to expand the knowledge database with observations for which the post-accident absence 
varies between 0 and 10 days.  

 
Fig. 1. Classifier output for LogitBoost algorithm and Random Tree as a base classifier – an extract 
from Weka application window view. 

The research proved that there is a strong dependence between the length of the post-
accident absence and selected accident’s circumstances. It also proved that classifier 
ensembles based on boosting algorithms are a valuable tool to support the prediction of the 
length of the post-accident absence, even if the set of historical data used to learn the classifier 
is relatively small or there is data missing. The most time-effective algorithms: boosted J48 
decision tree and Decision Stump will be analyzed in further research.  
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