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This study aims to analyze the factors that affect Human Error in maritime operations using logistic
regression. The main factors studied include Fatigue, Workload, Experience, and Navigation Com-
plexity, as well as the interaction between these variables on the possibility of human error. The study
draws on human reliability theory, which highlights that human error is influenced by fatigue, workload,
and the complexity of the work environment. The method used was binary logistic regression with 50
observations, where Human Error being the dependent variable. The analysis was carried out in two
stages: (??) testing the direct effects of Fatigue and Workload and (??) testing the moderation effects of
Experience and Navigation Complexity. The results showed that Fatigue and Workload increased the
probability of Human Error, with odds ratios of 1.848 and 1.721, respectively. However, the moder-
ation model was insignificant, with a concordant percentage of only 59.3%, indicating a less accurate
prediction. This study recommends risk mitigation strategies, such as managing work schedules, in-
creasing rest time, and optimizing workload distribution. In addition, the development of more accurate
prediction models with machine learning or multilevel logistic regression is recommended to improve
the effectiveness of the analysis.

© SEECMAR | All rights reserved

1. Introduction.

Safety in maritime operations is a major concern in the ship-
ping industry, considering the high risk faced due to human
error. According to a report from the International Maritime
Organization (IMO)[1],[2], more than 75% of maritime acci-
dents are caused by human error, which involves fatigue factors,
workload, navigation complexity, as well as environmental con-
ditions such as weather and visibility3. Therefore, understand-
ing the factors that contribute to human error is crucial in an
effort to improve shipping safety[4],[5],[6]. Several previous
studies have examined the relationship between human factors
and errors in maritime navigation, but are still limited in the
use of robust data-driven approaches.789 Traditional statistical
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analysis often only provides an overview without being able to
capture complex patterns hidden in operational data. Therefore,
Machine Learning (ML)-based approaches are beginning to be
used to identify the main factors that contribute to human error
and predict potential errors before they occur. [10],[11],[12] In
this study, we developed a predictive model to identify variables
that affect human error in maritime operations. This model inte-
grates logistic regression analysis, correlation analysis between
variables, and model performance evaluation with AUC-ROC
and confusion matrix. We also examined the effects of interac-
tions between variables, such as how fatigue mediates the rela-
tionship between workload and human error, and whether expe-
rience can moderate the impact of navigation complexity on hu-
man error. [13],[14],[15] This research is expected to contribute
to the development of a data-based safety prediction system,
which can be applied in a real-time ship monitoring system.
[16],[17],[18] Thus, the results of this study can be a reference
for regulators, ship operators, and academics in developing hu-
man error risk mitigation strategies to improve efficiency and
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safety in the maritime industry[19],[20],[21].

2. Literature Review.

2.1. Human Error in Maritime Navigation.

Human error is one of the main causes of accidents in the
maritime industry. According to Rothblum (2000), [22], [23],
[24] about 75–96% of ship accidents are related to human fac-
tors, including fatigue, workload, and navigation complexity.
This factor is often exacerbated by poor weather conditions and
the lack of experience of sailors (Grech et al., 2002). [25]
Research by Hetherington, Flin, & Mearns (2006)[26], [27],
[28] shows that fatigue has a significant impact on decision-
making in the maritime environment. This condition is also
reinforced by the study of Smith et al. (2013)[29],[30],[31],
which found that long task durations and lack of rest time can
increase the risk of human error. Therefore, a data-driven ap-
proach is needed to identify the key factors that contribute to
human error in navigation.

2.2. Analysis of Factors Affecting Human Error.

Several studies have examined the relationship between var-
ious factors and human error in ship operations. Reason (1990)
[32], [33], [34] developed the theory of the Swiss Cheese Model,
which explains how human error can occur due to a combina-
tion of factors, including fatigue, experience, and environmen-
tal conditions. A study by Chauvin et al. (2013)[35],[36] ex-
amined the effect of workload on the performance of the ship’s
crew, showing that an uncontrolled increase in workload can
lead to decreased concentration and increase the potential for
accidents. In addition, Wróbel et al. (2017)[37],[38],[39] de-
veloped a human error risk model that shows that crew experi-
ence can play a role as a moderating factor to the complexity
of navigation, reducing the negative impact of difficult situa-
tions at sea. In this study, we analyzed how fatigue, experi-
ence, weather, waves, visibility, navigation complexity, work-
load, and task duration affected human error using logistic re-
gression analysis and Machine Learning methods. We also test-
ed mediation and moderation, where fatigue can be a mediator
between workload and human error, and experience can be a
moderator in the relationship between navigation complexity
and human error.

2.3. Machine-Learning Approach to Human-Error Prediction.

The use of Machine Learning (ML) in maritime safety anal-
ysis is growing. According to Zhou et al. (2018)[40],[41],[42],
ML-based models, such as logistic regression, random forest,
and neural network, can improve the accuracy of accident pre-
diction by processing historical data from various factors that
contribute to human error. A study by Bhardwaj et al. (2021)
[43],[44],[45] shows that AUC-ROC analysis and confusion ma-
trix can be used to evaluate the effectiveness of prediction mod-
els in detecting human error. In addition, Lu et al. (2020)
[46],[47],[48] proposed a cross-validation method to improve
the reliability of the model, by dividing the data into training
and testing sets to avoid overfitting.

3. Research Methodology.

3.1. Research Design.

This study uses a quantitative approach with statistical anal-
ysis and machine learning to identify factors that contribute to
human error in maritime navigation. This study is designed as
an observational study with secondary data collected from ship
operational records and maritime incident reports. The meth-
ods used in this study include logistic regression to analyze the
relationship between independent variables and human error as
dependent variables. Wald Chi-Square analysis to identify the
variables that have the most influence on human error. Medi-
ation and Moderation Analysis to evaluate the fatigued role as
a mediator and experience as a moderator. Machine Learning
approach to improve the accuracy of human error prediction.

3.2. Data Collection.

The data in this study was obtained from ship navigation op-
erational reports, seafarer data, and maritime incident reports.
The variables collected include:

Table 1: Variable.

Source: Authors.

Data was collected from 50 sample cases to be analyzed by
statistical and machine learning methods.

3.3. Data Preprocessing.

Before the analysis, the data goes through several stages of
preprocessing:

• Data Cleanup: Deletes missing or invalid data.

• Data Normalization: Adjust variable scales to be appro-
priate for Machine Learning analysis.

• Data Sharing: Data is divided into training sets (80%)
and testing sets (20%) for model validation.
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3.4. Data Analysis Techniques.

3.4.1. Logistic Regression Analysis.
Logistic regression models are used to identify the relation-

ship between independent variables and human error as depen-
dent variables. The logistic regression equations used are:

log
( P
1 − P

)
= β0 + β1X1 + β2X2 + · · · + βnXn

where:

• P is the probability of human error.

• X1,X2,...,Xn are independent variables.

• β0 is the constant, and βn is the regression coefficient.

The Wald Chi-Square analysis was used to test the signif-
icance of each variable in the regression model. Mediation
and Moderation Analysis: To test whether fatigue is a medi-
ator between workload and human error using the Baron &
Kenny (1986) method. Moderation Analysis Tests whether the
experience of sailors moderates the relationship between nav-
igation complexity and human error using the interaction of
variables in regression. Machine Learning Approach: Several
Machine Learning techniques are used to improve the predic-
tion accuracy of Random Forest and Decision Tree to under-
stand the pattern of independent variables against human error.
AUC-ROC Curve to evaluate the performance of the prediction
model. Confusion Matrix to analyze the prediction error rate
of the model. Model Validation The model is tested using the
k-fold cross-validation technique (k=5) to ensure model gener-
alization and avoid overfitting.

4. Results and Discussion.

Table 2: The MEANS Procedure.

Source: Authors.

Table 2 presents descriptive statistics using the MEANS
Procedure, including the number of observations, averages, stan-
dard deviations, and minimum and maximum values.

Average fatigue 5.84 (SD=2.70),
Experience 9.70 years (SD=5.30),

Weather 3.24,
Wave 2.59,
Visibility 5.90 km,
Navigation Complexity 2.94,
Workload 5.90 (SD=2.82), and
Task Duration 9.56 hours (range 4-15).
The data shows significant variations in the fatigue, experi-

ence, and workload of the crew.

Table 3: Probability modeled is Human Error=1. Stepwise Se-
lection Procedure.

Source: Authors.

Table 3 presents the results of logistic regression analysis
using the LOGISTIC procedure to model Human Error as a bi-
nary response variable. The model used is binary logit with
Fisher’s scoring optimization technique. Data with a total of
50 observations were read and used in the analysis. The re-
sponse profile showed that in 50 observations, 10 cases (20%)
experienced Human Error, while 40 cases (80%) did not. The
model was successfully converged according to the criteria of
GCONV=1E-8, with a -2 Log L value of 50.040, which indi-
cates the model’s compatibility with the data. Table 4 shows
the results of the Residual Chi-Square Test with a Chi-Square
value of 11.5715 at 8 degrees of freedom (DF) and a p-value of
0.1714, which indicates that the model has no significant dif-
ference between the predicted value and the actual value. The
results of the Intercept estimate show a value of -1.3863 with
a standard error of 0.3536. The Wald Chi-Square of 15.3745
with a p-value < 0.0001, indicates that intercept is significant
in influencing the likelihood of Human Error. The next step is
to analyze independent variables to see which key factors con-
tribute to the risk of human error.

Table 4 presents the results of logistic regression to predict
Human Error = 1. The model achieved convergence (GCONV
= 1E-8), with AIC dropping from 44.653 to 42.307 and -2 Log
L dropping from 42.653 to 24.307, indicating an improvement
in the model with covariance. The Likelihood Ratio Test (χ2

= 18.3456, p = 0.0188) confirmed the model was better than
without covariates. Fatigue (p = 0.0331, OR = 1.848), Work-
load (p = 0.0436, OR = 1.721), and Intercept are significant.
Navigation Complexity is not significant. The model has a con-
cordance of 90.0%, Somers’ D = 0.799, and c-statistic = 0.900,
indicating high accuracy.



A. Setiawan et al. / Journal of Maritime Research Vol XXIII. No. II (2026) 62–69 65

Table 4: Probability modeled is Human Error=1.

Source: Authors.

Table 5 shows the results of logistic regression on the test
data with Human Error as the response variable. The model
undergoes complete separation, causing the coefficient estima-
tion to be unstable. The Fit Statistics model shows -2 Log L ≈
0.001, an indication of overfitting. AIC and SC differ signifi-
cantly between models with and without covariates. The global
hypothesis test (BETA=0) showed a p > 0.26 for all tests. The
odds ratio of several infinite variables (>999,999), indicates an
imbalance in the data. Concordance of 100% and Somers’ D
= 1,000 indicate perfect predictions, but overfitting makes the
model difficult to generalize.

Figure 1 shows the ROC Curve (Receiver Operating Char-
acteristic) for the logistic regression model in predicting Human
Error. The ROC Curve describes the relationship between the
True Positive Rate (TPR) and the False Positive Rate (FPR) at
various probability thresholds. A curve near the top left corner
shows a high-performing model, while a diagonal line shows
a model with random predictions. If the Area Under the Curve
(AUC) is close to 1.0, it means that the model has excellent pre-
dictive capabilities. In this case, the AUC value appears to be
quite high, which suggests the model can distinguish between

Table 5: Probability modeled is Human Error=1.

Source: Authors.

Human Error and non-Human Error events well.

Figure 1: ROC Curve for Model.

Source: Authors.

Figure 2 shows Influence Diagnostics, which is used to iden-
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Figure 2: Influence Diagnostics.

Source: Authors.

tify data points that have a major influence on the logistic re-
gression model. This analysis includes various metrics such as
DFBETAS, DFFITS, Cook’s Distance, and Leverage (Hat Val-
ues). If there is a data point with a high leverage value or Cook’s
Distance that exceeds the threshold, then the data has the poten-
tial to be an outlier or have a great influence on the estimation of
model parameters. This can cause distortions in the prediction
results and reduce the reliability of the model.

Figure 3: Fit Diagnostics for Fatigue.

Source: Authors.

Figure 3 shows Fit Diagnostics for a regression model with
a dependent Fatigue variable. This analysis is used to evaluate
the extent to which the regression model is able to explain the
variability of the data and detect patterns or errors in model-
ing. One of the important aspects of fit diagnostics is normal-
ity and residual distribution. If the residuals are not normally
distributed or show a specific pattern, this indicates that the re-
gression model may not be appropriate. In addition, residual
plot scatters against the predicted values help in detecting het-
eroscedasticity. If the residual points are scattered randomly,

this indicates that the assumption of constant residual variance
is met. However, if there is a specific pattern, the model may
need to be modified. Overall, Fit Diagnostics helps in evaluat-
ing whether the regression model is performing well or if fur-
ther adjustments are needed to improve the accuracy of Fatigue
predictions.

Figure 4: Residual for Fatigue.

Source: Authors.

Figure 5: Fit Plot for Fatigue.

Source: Authors.

Figure 4 displays the Residual Plot for Fatigue, evaluating
whether the linear regression assumptions are met. Residual is
the difference between the observation value and the model’s
prediction. If the residuals are scattered randomly around the
zero line without a specific pattern, the model has good ho-
moscedasticity and linear relationships. Conversely, curved pat-
terns or increased residual variation may indicate heteroscedas-
ticity or non-linearity. In addition, outliers or leverage points
need to be analyzed, as points that are far from the main pat-
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tern can have an excessive influence on the model and affect the
regression results.

Figure 5 shows the Fit Plot for Fatigue, showing the rela-
tionship between Workload and Fatigue in a regression model.
Linear regression lines represent the model’s predictions, while
data points indicate actual observations. If the dots are evenly
distributed around the line, the model is considered quite good.
Conversely, spread patterns or points that are far from the line
indicate that the model is less suitable. The point spread also
reflects variability that is not explained by the model, which can
be measured with the R-Square of the regression analysis to as-
sess how well the model explains the relationship between the
two variables.

Table 6: Probability modeled is Human Error=1.

Source: Authors.

Table 6 shows the results of logistic regression to predict
Human Error, with Workload and Fatigue predictor variables.
The model has achieved convergence according to the criteria
(GCONV=1E-8), indicating that the parameter estimation has
been stable. The results of the model match statistics show that
by including independent variables, the AIC drops from 52,040
to 49,766, and the -2 Log L value decreases from 50,040 to
43,766. This decrease indicates that the model with Workload
and Fatigue is better compared to intercept alone. The global

hypothesis test showed that the Likelihood Ratio Test (Chi-
Square = 6.2743, p = 0.0434) was significant at a rate of 5%, in-
dicating that at least one independent variable contributed to the
model. However, the Wald test for each parameter was insignif-
icant (p > 0.05), so the individual contribution of Workload and
Fatigue to Human Error still needs to be further investigated.
From the estimated odds ratio, increasing Workload by one unit
increases the possibility of human error by 1,265 times, while
Fatigue increases risk by 1,301 times. The accuracy level of the
model (percent concordant = 74%) is quite good, but it can still
be improved with other variables.

Table 7: Probability modeled is Human Error=1.

Source: Authors.

Table 7 presents the results of logistic regression with mod-
eration effects for Human Error, testing Experience, Naviga-
tion Complexity, and Interaction Term. The Fit Statistics model
showed a slight improvement (AIC= 57.523, -2 Log L= 49.523),
but the Likelihood Ratio Test (p = 0.9152) showed the model
was not significant. Maximum Likelihood Estimates showed
that all variables had a Pr > ChiSq > 0.05, so it did not have a
significant effect on Human Error. Odds Ratio Estimates have
a wide confidence interval, signaling high uncertainty. The per-
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cent concordant is 59.3%, indicating that the model has low
predictive ability.

5. Conclusion and Recommendations.

Based on the results of logistic regression analysis, it was
found that Fatigue and Workload have the potential to be fac-
tors that affect Human Error. These results show that the higher
the level of fatigue and workload, the more likely it is that hu-
man error occurs. However, the level of significance of this
variable is still relatively low, so more research is needed to
confirm a stronger relationship. The odds ratio shows that an
increase in Fatigue and Workload can increase the probability
of Human Error with values of 1,848 and 1,721, respectively.
However, when the analysis was carried out with a moderation
effect, the results obtained did not show significance. The Expe-
rience, Navigation Complexity, and Interaction Term variables
had no significant effect on Human Error, with a p-value well
above 0.05. In addition, moderation models have a low level
of prediction accuracy, with a concordant percentage of only
59.3%, suggesting that the model is not yet robust enough to
predict Human Error effectively. Based on these findings, sev-
eral steps are recommended to improve the accuracy of predic-
tions and reduce Human Error. First, there is a need for a mit-
igation strategy for fatigue and workload, such as setting more
optimal working hours, a work rotation system, and increas-
ing rest time. Second, the prediction model must be improved
by considering machine learning methods or multilevel logis-
tic regression to be more accurate. In addition, the amount of
data used in this study is still limited, so it is necessary to col-
lect data on a larger scale to get more representative results.
Finally, other factors such as training type, operational policies,
and navigation technologies also need to be considered in future
analyses to improve the model’s effectiveness in understanding
the factors that cause Human Error.
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