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Machine Learning Approach for Modeling
Prediction of Human Errors due to Stress
Based on Work Environment and Job

Demands
ABSTRACT

Previous research has elucidated the prediction of human errors through the integration of eye tracking
andmachine learningmethods. However, work-related stress can directly influence human errors due to
the environment and job demands. In addition, the methods applied in previous studies were limited to
computer-based tasks only. This research utilizes direct measurements of the human body and the
environment, thereby not being limited to specific types of work only. The aim of this study is to
develop a predictive model for human error occurrence due to stress based on the work
environment and job demands, using a classification algorithm approach in machine learning.
Machine learning algorithms such as random forests and decision trees are applied to classify the
occurrence of human errors. The research process begins with collecting a dataset, data
preprocessing, modeling, and evaluation. The results show that both algorithms achieve a model
accuracy and recall of >90%. Both algorithms can be used to predict human errors.

Introduction
Product quality is a primary concern in manual manufacturing processes, where the produced products
need to be widely accepted, meeting usability and requirement specifications (Dhafr et al., 2006).
Generally, product quality is determined through inspection processes based on acceptance or
rejection standards. Product quality implies that the produced items are free from any kind of
product defects (Saptari et al., 2014).

In manual manufacturing processes, defects can be influenced by human actions as performance
shaping factors, where deviations occurring during the process are considered human errors (Bubb,
2005; Saptari et al., 2015; Torres et al., 2021). These deviations are caused by the inability or failure
to perform specific tasks. Failures that occur define the form of human reliability (Dhillon, 2013;
Rasmussen & Laumann, 2018; Wahyuning & Atiko, 2022).

Human reliability indicates the likelihood of success or failure of humans in operating a system within a
specified minimum time frame (Dhillon, 2013). Failure to perform specific tasks affects work
performance and results in operational disruptions (Wahyuning & Atiko, 2022). Decreased
performance is one manifestation of fatigue due to the decline in musculoskeletal and cognitive
functions, which often occur simultaneously (Wahyuning & Atiko, 2022).

Heavy physical workload is one of the factors that contribute tomental fatigue (Xing et al., 2020; Sui et al.,
2022). Workload refers to the magnitude of job demands and the increased muscular requirements
during work activities (Wahyuning & Atiko, 2022). This fatigue arises after going through the strain
phase. The strain phase is part of the general adaptation syndrome, where the body attempts to
cope with the most perceived stressors. Fatigue occurs as a prolonged effect of sustaining and
overcoming strain from the most perceived stressors (Landy & Conte, 2013; Wahyuning, 2017).

During stress, the adrenal glands in the brain secrete hormones such as epinephrine and norepinephrine
to protect the body in stressful situations (Taelman et al., 2008; Scanlon & Sanders, 2014). The impact of
this secretion results in increased blood pressure, which affects changes in heart rate (HR) and heart rate
variability (HRV) (Wahyuning, 2017; Wahyuning et al., 2017). Therefore, an individual’s stress condition
can be indicated by changes in HR and HRV.
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Work stress is influenced by various factors such as workload, responsibility, job opportunities,
workplace issues, job requirements, health conditions, control span, job demands, and physical
environment (National Institute for Occupational Safety and Health, 2017; Sumardiyono et al., 2020;
Wahyuning, 2017). Sources of stress can be psychological/psychosocial demands as well as physical
stressors. Physical stressors include noise, air temperature, lighting, and vibration, as well as job
tasks/demands (work speed, mental workload, and working hours), including production targets that
create time pressure (Ifrikar et al., 2006; Landy & Conte, 2013; Saptari et al., 2014; Wahyuning et al.,
2017). These factors are the root causes of decreased performance that ultimately lead to human
errors (Wahyuning & Atiko, 2022).

Studies on predicting human errors have been conducted by Damacharla et al. (2019), Saboundji &
Robert (2020), and Wahyuning and Atiko (2022). Human reliability using the mean time to human
error (MTTHE) approach is employed to predict the occurrence time of human errors (Wahyuning &
Atiko, 2022). This research models when human errors occur based on stress resulting from physical
workload (Wahyuning & Atiko, 2022). However, the predictive model does not directly take into
account stress and physical workload but relies on historical data and time intervals between failures.

Another approach to predicting human errors is through machine learning. In the first study, gaze
movement and mouse cursor movement features were used to classify task success and failure
(Saboundji & Robert, 2020). Several machine learning techniques were applied, including decision
tree (DT), logistic regression (LR), support vector machines (SVM), random forests (RF), and long
short-term memory (LSTM). LSTM yielded the highest accuracy of 86%. In the second study, the eye
tracking metric method was employed, using the SVM machine learning technique, achieving an
accuracy of nearly 98% (Damacharla et al., 2019). However, previous studies (Damacharla et al.,
2019; Saboundji & Robert, 2020; Wahyuning & Atiko, 2022) did not consider performance decline
triggers as the main variables in predicting task success or failure.

In this research, machine learning is used to predict task success or failure/human errors, indicating
human performance in manual-based manufacturing processes, using a data-driven approach.
Failures/errors in manual-based manufacturing can be influenced by the environment, job demands,
and stress.

The utilization of machine learning as a computational tool plays a crucial role in the effectiveness of
prediction models (Damacharla et al., 2019; Saboundji & Robert, 2020), data mining, pattern recognition,
and information extraction (Ge et al., 2017; Ismail et al., 2021). Machine learning can provide fast results
in predicting human errors, enabling the early handling of potential product defects. This research will
employ machine learning techniques such as DT and RF to classify the occurrence of errors. These
techniques are chosen for their good performance on small and relatively simple datasets and their
ability to be understood without relying on specialized statistical knowledge for interpretation (Patel
& Prajapati, 2018; Bansal et al., 2022). The aim of this study is to develop a predictive model for
human error occurrence due to stress based on the work environment and job demands, using a
classification algorithm approach in machine learning.

Methodology
This prediction model is constructed based on quantitative data collected from the garment industry.
The study utilizes secondary data obtained from case studies conducted at sewing workstations
involving six operators (Lucky, 2022). Measurements were taken on the sewing machine operators.

The predictionmodel of human error usingmachine learning involves the use of predictor variables and
a target variable (Table 1). The predictor variables are used to predict the target variable. Stress
measurement is conducted using the HRV data approach. HRV has parameters such as MeanRR,
SDNN, RMSSD, Mode, MxDMn, pNN50, AMo50, CV, Total Power, HF, LF, VLF, LF/HF, HF/LF/VLF, and
HR (Tarvainen et al., 2014; Rotenberg & McGrath, 2016; Kim et al., 2018; Järvelin et al., 2019;
Sarafinjuk et al., 2020; Attar et al., 2021; Ananda & Wahyuning, 2022; Lucky, 2022; Welltory Team, 2023):

•Mean RR (R-R interval) is the average time between consecutive heartbeats in normal-normal
intervals.
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•MxDMn (difference betweenmaximum andminimum value) indicates a more active parasympathetic
nervous system activity, and this is associated with a better body recovery capability.
•MO (Mode) refers to the value or values that occurmost frequently in the distribution of RR intervals.
In HRV analysis, the mode is often used to indicate the range of RR intervals that are dominant or
most commonly occurring during a specific period of time.
• AMo50 (mode amplitude) evaluates sympathetic activity, and a higher value indicates amore active
sympathetic system.
• SDNN (standard deviation of normal-to-normal), RMSSD (root mean square successive difference),
pNN50 (proportion of NN50), and HF (high frequency) indicate an increase in stress when their
values decrease.
• VLF (very low frequency), LF (low frequency)—the higher their values, the higher the stress level.
• Total power indicates how much power the body has and how well it adapts to stress.
• LF/HF indicates which system works harder between the parasympathetic or sympathetic.
• HF/LF/VLF (wave balance) indicates the strength of the system regulating heart activity.
• The coefficient of variation (CV) is the ratio of the standard deviation (SD) of RR intervals to themean
RR interval, typically expressed as a percentage. This parameter is used to measure the relative level
of variability of RR intervals in HRV.
• HR can provide an indication of a person’s stress level. The HR response to stress is influenced by the
autonomic nervous system, which is divided into two main branches: the sympathetic nervous
system and the parasympathetic nervous system.

Work environment and job demands are other variables used in this research. In this study, the work
environment parameters used are air temperature (°C), globe temperature (°C), wet bulb temperature
(°C), humidity (RH), and lighting (Lux). Thesework environment parameters serve as predictors of human
errors. In coping with heat exposure, the human body increases skin temperature andmaintains its core
temperature close to 37°C, while HR and cardiac output increase and redirect blood circulation to the
skin (Wahyuning & Laksemi, 2021). Job demand is a predictor variable that consists of the production
targets that operators need to achieve within a batch.

The target variable is the prediction of human errors. Inaccuracy or mistakes in decision-making are
often referred to as human errors, which occur in a significant portion of tasks that require
cognition. Human performance reliability represents the probability of failure, indicating the
likelihood that humans will fulfill all specified human functions under those conditions (Wahyuning
& Atiko, 2022). In this study, the target variable is the occurrence of human errors or not (binary).

In this study, machine learning is used to enhance the effectiveness of the predictionmodel through the
modeling process. The modeling process involves several stages, starting from data collection,
preprocessing, modeling, and evaluation. The modeling process utilizes classification machine
learning algorithms.

Table 1.
Research Variables

Predictor Variables Target Variable

Stress (HRV) MeanRR, SDNN, RMSSD, Mode, MxDMn, pNN50,
AMo50, CV, Total Power, HF, LF, VLF, LF/HF, HF/

LF/VLF, and Heart Rate

Occurrence of Error
or Not (Binary)

Work Environment Air Temperature (°C), Globe Temperature (°C),
Wet Bulb Temperature (°C), Humidity (Rh), and

Lighting (Lux)

Job Demands Production Target
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DATA COLLECTION
The dataset used in this study consists of measurements of HRV, working environment, job demands,
and occurrence of human errors (Lucky, 2022). The collected dataset consists of 270 instances and
includes 21 predictor variables and 1 target variable, which is human error. In the target variable,
the occurrence of human errors is indicated by the number 1, while the absence of errors is
indicated by the number 0 (binary). The assessment of human errors is based on the presence of
defects in a production lot. On the other hand, the absence of errors indicates that a production lot
is defect-free and in a resting condition.

PREPOCESSING DATA
Data preprocessing is an important stage in the successful implementation of modeling algorithms
(García et al., 2015; Cheng et al., 2018; Fernández et al., 2018a). The data preprocessing begins with
cleaning the dirty data, which includes handling missing data, correcting erroneous data, and
standardizing representations of the same data (García et al., 2015). Additionally, this stage also
involves eliminating data collection errors and outliers (Ismail et al., 2021). Outliers are removed
from the modeling dataset as they can degrade the performance of machine learning models (Liu
et al., 2004; Kao et al., 2017). Control chart techniques are used to detect outliers using 3-sigma rules
(Bakar et al., 2006; Kee et al., 2022). As a result of removing outliers, missing values are replaced
with the mean value of the attribute or using Bayesian inference (Ismail et al., 2021).

The next step is to balance the data between positive and negative instances of the target variable. The
Synthetic Minority Oversampling Technique (SMOTE) is used to balance the data (Fernández et al.,
2018b; Asniar et al., 2021). This technique is used for oversampling by generating new synthetic
data points for the minority class, which differ from the original instances. This approach helps
reduce the impact of overfitting on the minority class (Kovács et al., 2020). SMOTE works by
randomly selecting minority data points and creating synthetic data points based on the
neighboring data. This technique aids the model in better understanding the minority class and
mitigating the bias resulting from imbalanced data. A balanced dataset exhibits distinct value
ranges across variables.

Data normalization is used to balance the scale of each feature (attribute/column). The min-max
technique is employed to normalize the data based on Equation 1 (García et al., 2015).
This technique maps the value range between 0 and 1, making it easily interpretable. This step is
crucial for enhancing data quality and the performance of machine learning algorithms (Singh &
Singh, 2019).

X =
X − Xmin

Xmax − Xmin
(1)

Explanation:

X : Normalized result

Xmax : Maximum value of the variable

X : Original value of x

Xmin : Minimum value of the variable

Xmax : Maximum value of the variable

MODELING AND EVALUATION
The prediction model is built using machine learning algorithms based on Equation 2. This study
classifies the occurrence or absence of human errors as an indication of human performance using
machine learning techniques, namely DT and RF. The DT algorithm makes decisions like a human,
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making it easy to understand in data searching, text extraction, certified medical fields, and search
engines (Patel & Prajapati, 2018). The ensemble learning method RF is used for classification. The RF
algorithm works by constructing multiple DTs from the training data and combining the results of
each DT to make the final decision (Prajwala, 2015). Model validation is performed by dividing the
data into 70% for training and 30% for testing (Kavzoglu et al., 2020; Nguyen et al., 2021).

Y =
Xn

i = 1

Xi (2)

Explanation:

Y : Target variable (human error)

X : Predictor variables of human error,

where i= 1, 2, 3, : : : , n

The prediction model is evaluated using accuracy and recall as evaluation parameters. Accuracy is the
ratio of correct predictions (both positive and negative) to the total data (Equation 3) (Vujović, 2021). The
higher the accuracy value, the fewer human errors are missed by the model.

Accuracy =
TP + TN

TP + TN + FN + FP
(3)

Recall is also considered in the evaluation, indicating howmany true positive observations are correctly
predicted by the algorithm (Vakili et al., 2020). Recall represents the ratio of true positives to the total of
true positives and false negatives (Equation 4). The higher the recall value, the more human errors are
successfully identified by the model.

Recall=
TP

TP + FN
(4)

Explanation:

TP : True Positive

FP : False Positive

FN : False Negative

TN : True Negative

Results and Discussion
In the initial stage of data preprocessing, nomissing values were found. However, outliers were detected
in the dataset, specifically in the HR variable as shown in Figure 1. The outlier data points are removed
from the dataset. After removing the outlier data, it was found that there were 55 missing values in 14
out of 21 predictor variables, as indicated in Table 2. The missing values will be replaced with the mean
value of the respective variables.

The imbalance data ratio in the target variable is 70%:30%, as shown in Figure 2. The 70%:30% ratio
indicates that the majority class accounts for 70% of the total data, while the minority class only
accounts for 30% of the total data. Imbalanced data in the target variable can lead to bias in the
resulting model, as the model tends to predict the majority class better than the minority class.
Therefore, it is necessary to perform up-sampling on the minority class to address the data
imbalance issue.
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SMOTE is used to address the imbalance data issue, resulting in a balanced ratio between the two classes
(50:50), as shown in Figure 3. This can enhance the accuracy and performance of the generated model,
especially in predicting theminority class. The number of instances also increases to 387. However, there
is a significant disparity in the scale of values across the variables.

Data normalization is performed to bring the scale of the variables closer together, based on Equation 2.
As a result, all values of variable x are within the range of 0–1. This range of values helps improve the
performance of machine learning algorithms and prediction models as it allows the algorithms to work
more effectively and efficiently with normalized data (Singh & Singh, 2019).

The application of the DT and RF algorithms yielded excellent accuracy levels, with a high degree of
agreement between predicted and actual values of over 90% (Table 3). This indicates that the
models are reliable in predicting human errors. The RF algorithm has a higher accuracy and recall
rate than the DT algorithm, but both are still suitable for predicting human errors based on stress,
working environment, and job demands.

This study successfully predicted human errors using machine learning algorithms. Stress, working
environment, and job demands were used as predictor variables, which yielded high accuracy
and recall values. The accuracy achieved in this study was lower than a previous study
(Damacharla et al., 2019). With an accuracy rate above 90%, the predictive model built in this
study remains effective. Additionally, this research utilized predictor variables that directly
contribute to the increase in human errors through direct measurements on the human body
and the working environment. Previous studies were challenging to apply to manual
manufacturing cases as they required computer-based tasks. The predictive model developed
in this study is not limited to manual manufacturing industry but can be applied to any job
involving human factors.

The prediction results can be influenced by other factors such as the quality and completeness of the
data used. Therefore, proper data preprocessing is crucial to generate accurate and reliable results.
Factors such as data input errors, incomplete data, or sampling biases can affect the accuracy and

Figure 1.
Histogram of data outlier (heart rate).
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Figure 2.
Data imbalance.

Table 2.
Missing Value Record

Predictor Total Missing Value Record

Total Power (ms2) 8

LF/HF 7

Amo50 (%) 6

VLF (ms2) 6

HF (ms2) 5

SDNN (ms) 4

CV 4

HF/LF/VLF 4

LF (ms2) 3

Pencahayaan (Lux) 3

MxDMn (s) 2

RMSSD (ms) 1

Mode (ms) 1

Heart Rate (bpm) 1
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validity of the model. Hence, careful assessment of the model’s limitations and proper interpretation of
the obtained results are necessary.

Conclusion
The utilization of machine learning classification algorithms, namely DT and RF, have demonstrated high
accuracy in predicting human error performance. Additionally, this study takes into account the influence of
stress, working environment, and job demand as a predictor variable for human error, enhancing the
validity and relevance of the predictive model. This research has practical implications in preventing
product defects caused by human error. The prediction of human errors provides an initial estimate for
taking steps to reduce product defects. Production managers can determine break times for workers
based on predictions of the probability of human errors. The study requires expanding the application
of the model to other occupations by increasing the dataset, predictor variables, and different types of
jobs to improve the validity and generalizability of the predictive model. Therefore, further research can
be developed by examining other factors that influence human error in the workplace.
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