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Abstract

Shipboard operational decision making requires seafarers to interpret numerical information,
identify operational risks, apply procedures, use onboard technology, and coordinate actions
under changing conditions. This study evaluated predictive mathematical models of shipboard
operational decision-making performance using scenario-based assessment. Data were obtained
from 78 experienced seafarers enrolled in Recognition of Prior Learning programs in Nautical
Studies and Marine Engineering. Five self-reported constructs were examined: operational
data understanding, seafaring experience, SOP and checklist use, shipboard technology
utilization, and communication and coordination. The outcome was the mean of four
discipline-specific scenario scores. During manuscript revision, all scenario responses were
re-evaluated with the predefined 1-5 rubric by discipline-specific subject-matter lecturers,
and all analyses were repeated using these expert-assessed scores. OLS with HC3 robust
standard errors was used as the inferential baseline, while Ridge regression was assessed using
repeated nested stratified five-fold cross-validation. The OLS model yielded R? = 0.198 and
adjusted R% = 0.130; X;—X5 were not jointly significant after program adjustment (p = 0.231).
The best predictive model, Ridge with X;—X5 and program, achieved mean cross-validated
R? =0.075 (SD = 0.030), RMSE = 1.099, and MAE = 0.950. These findings indicate modest
out-of-sample prediction and support cautious use of self-reported operational constructs as
predictors of scenario-demonstrated performance.
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1. Introduction

Shipboard operations are performed in a safety-critical environment in which decisions frequently
have to be made from multiple sources of operational information under time, environmental,
and technical constraints. Modern seafarers are required not only to possess technical knowledge
but also to interpret equipment information, recognize abnormal conditions, evaluate alternatives,
communicate effectively, and select actions that maintain safe vessel operation. As maritime
systems become increasingly digital and interconnected, competence therefore needs to be
understood as an interaction between human capabilities and shipboard technological systems
rather than as technical knowledge alone [1].
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Performance-based and scenario-oriented assessment has consequently become increasingly
important in maritime education and training. A review of simulator-based maritime education
identifies authentic assessment, human factors, performance measurement, and competence
evaluation as recurring themes in the field [2]. Recent work also shows that simulator assess-
ment can become overly dependent on instructor judgment unless performance criteria and
scoring procedures are made explicit [3], while automatic assessment studies demonstrate that
carefully programmed scenarios and evaluation criteria can support more objective competence
measurement [4].

Several dimensions may theoretically contribute to operational decision making. Under-
standing numerical and operational data is necessary for interpreting changes in speed, distance,
temperature, pressure, engine performance, traffic information, and other shipboard indicators.
Seafaring experience, procedural compliance, shipboard technology use, and communication are
also plausible predictors, and experimental maritime research has shown that higher-performing
teams display distinctive communication structures and richer situation-aware communication
content [5].

Recent data-driven maritime research further demonstrates that decision making, situational
awareness, communication, procedures, information processing, and maneuvering competence
are closely connected to maritime safety outcomes [6]. At the same time, objective human-
performance research using maritime simulation indicates that demonstrated performance may
require direct performance measures rather than relying only on subjective judgments or self-
reported competence [7]. Adaptive human-factor models likewise emphasize the interaction
among cognitive behavior, operational context, and multiple risk influences in maritime decision
processes [8].

The design of the scenarios themselves is also important because scenario-based assessment
should correspond functionally to real shipboard practice while remaining aligned with clear
assessment objectives. Recent maritime simulator research argues that effective scenarios require
functional congruence, suitable complexity, and alignment with the participants’ background and
intended outcomes [9]. This perspective supports the use of discipline-specific operational cases
in which Nautical and Marine Engineering respondents are assessed using scenarios relevant to
their professional domains.

A second methodological issue concerns the distinction between explaining an observed dataset
and predicting new observations. Multiple linear regression may provide coefficient estimates
and inferential tests, but correlated predictors can destabilize individual coefficients and produce
optimistic interpretations if model quality is judged only from in-sample R?. Ridge regression
provides a regularized alternative by shrinking regression coefficients and is widely used when
predictors are strongly correlated [10-12]. Predictive evaluation also requires strict separation
between model tuning and performance estimation; nested and repeated cross-validation are
established approaches for reducing optimistic model-selection bias and for obtaining more
defensible estimates of out-of-sample performance [13-18].

Accordingly, this study aims to evaluate predictive mathematical models of shipboard op-
erational decision-making performance using scenario-based assessment. Five self-reported
operational constructs are examined as predictors: operational data understanding, seafaring
experience, SOP and checklist use, shipboard technology utilization, and communication and
coordination. OLS is used as an inferential baseline, while Ridge regression is evaluated for
out-of-sample prediction under correlated predictors. The principal contribution is to quantify
predictive generalization rather than relying only on in-sample statistical significance and to
examine the extent to which self-reported operational factors add predictive information beyond
discipline/scenario-set context.
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2. Methods

This section presents the methodological framework employed in this study, covering the research
design, participant characteristics, predictor variables, and scenario-based performance assessment.
It also describes the statistical modeling procedures, predictive validation strategy, and evaluation
metrics used to assess model performance.

2.1. Research design and participants

This study employed a quantitative cross-sectional predictive modeling design. Data were
collected through an online questionnaire from experienced seafarers enrolled in Recognition
of Prior Learning (Rekognisi Pembelajaran Lampau, RPL) programs in Nautical Studies and
Marine Engineering at Politeknik Pelayaran Surabaya. Respondents were instructed to answer
according to their actual onboard experience. Data collection was conducted between 7 July and
27 August 2026. A total of 83 questionnaire submissions were obtained. Duplicate submissions
were identified using respondent names, and when a respondent submitted more than once, the
chronologically latest response was retained. This procedure resulted in a final analytical sample
of n = 78, comprising 37 RPL Nautika and 41 RPL Teknika respondents. Missingness was
assessed after duplicate handling. No missing values were identified in the 20 predictor items, the
program indicator, or the four discipline-specific scenario responses applicable to each participant.
Blank cells corresponding to the other discipline’s scenario set were structurally not applicable
rather than missing; consequently, no imputation was performed.

The sample represented experienced maritime personnel. Of the 78 respondents, 52 (66.7%)
reported more than 10 years of seafaring experience, 16 (20.5%) reported 7-10 years, and
10 (12.8%) reported 4-6 years. In addition, 59 respondents (75.6%) indicated that they had
previously encountered abnormal operational conditions onboard ships. Professional ranks were
standardized during data preparation so that semantically equivalent entries such as KKM and
Chief Engineer, or Mualim I and Chief Officer, were assigned to common categories while original
responses were retained in the raw dataset.

2.2. Predictor variables

Each of the five predictor constructs was measured using four statements on a five-point Likert
scale ranging from 1 (strongly disagree) to 5 (strongly agree). X; represented Operational Data
Understanding; X Seafaring Experience; X3 SOP and Checklist Use; X, Shipboard Technology
Utilization; and X5 Communication and Coordination. For each construct, the arithmetic mean
of its four items was used as the predictor score. The complete questionnaire is provided in the
Supplementary Material.

The five predictor constructs showed high internal consistency, with Cronbach’s alpha
coefficients ranging from 0.931 to 0.986. However, coefficients of this magnitude may also reflect
substantial item overlap or redundancy. These alpha coefficients were therefore interpreted as
measures of internal consistency rather than evidence of content validity, construct validity, or
empirical separation among the five constructs. Formal expert-based content validation was not
conducted prior to data collection.

2.3. Scenario-based decision-making performance

The dependent variable Y represented Scenario-Based Operational Decision-Making Performance.
Each respondent completed four operational scenarios appropriate to the respondent’s discipline.
Nautical respondents evaluated estimated time of arrival under reduced speed, collision risk
based on CPA/TCPA information, route deviation caused by wind and current, and vessel delay
under combined operational constraints. Marine Engineering respondents evaluated main-engine
overheating, lubricating-oil pressure reduction, inefficient fuel-consumption-RPM behavior, and
generator overload or failure situations.
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Responses were evaluated using a predefined analytical rubric ranging from 1 to 5. A score of 1
represented a response with limited relevance and no clear operational reasoning, whereas a score
of 5 represented a response that appropriately interpreted the available operational information,
considered safety and/or efficiency, and proposed a logical operational action. Intermediate
scores represented progressively stronger integration of data interpretation, causal reasoning,
procedural considerations, and operational decision making.

To strengthen the outcome assessment during manuscript revision, all scenario responses
were re-evaluated using the same predefined rubric by discipline-specific subject-matter lecturers.
Nautical responses were assessed by one lecturer in Nautical Studies, whereas Marine Engineering
responses were assessed by one lecturer in Marine Engineering. Respondent identities were
represented by coded identifiers, and the raters were not provided with the previous provisional
scenario scores or the X;—Xj5 predictor scores during the re-evaluation. All analyses reported in
the revised manuscript were repeated using these expert-assessed scenario scores.

Si1 + Si2 + Siz + Sia

vi= - , (1

where S;; denotes the expert-assessed score for respondent i on scenario k. As shown in Eq. (1),
the revised outcome was the mean of the four scenario scores. The outcome ranged from 1 to 5 and
showed high internal consistency across the four scenario scores (Cronbach’s a = 0.944). Because
each disciplinary response set was evaluated by a single discipline-specific rater, independent
duplicate ratings were not available and inter-rater reliability could not be estimated. Accordingly,
Cronbach’s alpha should not be interpreted as evidence of inter-rater agreement.

2.4. Ordinary least squares model

OLS regression was used as the inferential baseline. Program affiliation was included as an
adjustment variable because Nautical and Marine Engineering participants completed different
discipline-specific scenario sets. It was coded as P; = 0 for RPL Nautika and P; = 1 for RPL
Teknika. Because program membership and scenario-set content were not separable in the present
design, the program indicator reflects both disciplinary context and differences in assessment
scenarios.

Y = Po + f1X1i + BaXoi + B3 X3 + BaXui + B5 X5 + Be Py + ;. (2)

The baseline inferential model was specified in Eq. (2). HC3 heteroskedasticity-consistent
standard errors were used for statistical inference, and multicollinearity was evaluated using
the variance inflation factor (VIF). The program coefficient was treated only as an adjustment
for discipline/scenario-set context and not as evidence that one maritime discipline inherently
possessed higher decision-making performance than the other. Statistical significance was
evaluated at a = 0.05.

2.5. Ridge regression

Because several predictor constructs represented related aspects of operational competence and
were strongly correlated, a regularized Ridge model was evaluated in addition to OLS. Ridge
regression minimizes the residual sum of squares together with an Lo penalty [10-12]:

n

2
p p
BRidge = T8 mﬂin Slwi—Bo=> By | +1> 57 (3)
=

i=1 j=1

In Eq. (3), A > 0 controls coefficient shrinkage. Candidate specifications included X;-Xj5 only,
X1—X5 plus program, and a discipline-sensitive specification containing program-by-predictor
interactions. Corresponding OLS specifications and simple benchmarks were evaluated for
comparison.
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2.6. Predictive validation and evaluation metrics

Predictive performance was evaluated using a repeated nested cross-validation framework to
separate Ridge hyperparameter tuning from out-of-sample performance estimation [13-15]. The
outer procedure consisted of stratified five-fold cross-validation repeated 20 times, preserving the
approximate Nautical-Marine Engineering composition across folds. Outer random seeds were
fixed at 202600-202619.

Within each outer training fold, Ridge hyperparameter tuning was performed using inner
stratified five-fold cross-validation. The penalty A was selected from 41 logarithmically spaced
values from 10™% to 10* by the lowest mean squared error across the inner-validation folds. Inner
random seeds followed the fixed sequence 303000 + 10r + f, where r is the repetition index and
f the outer-fold index. Standardization parameters were estimated only from the corresponding
training data and then applied to validation or test observations.

Within each outer repetition, every participant received exactly one out-of-fold prediction.
Cross-validated R?, RMSE, and MAE were calculated from the complete set of 78 out-of-fold
predictions for that repetition, yielding 20 estimates of each metric. Primary model performance
is reported as mean £ SD across repetitions. For model comparison, the best predictive model was
defined as the candidate with the highest mean cross-validated R? across the 20 outer repetitions;
RMSE and MAE were treated as complementary error measures, and the between-repetition SD
was used to describe sensitivity to the repeated fold partitions. The reported 95% confidence
interval for mean cross-validated R? was calculated from the 20 repetition-level estimates as
R? + t0.975,195/ v/20. Because these repeated cross-validation estimates are generated from
repeated partitions of the same dataset rather than independent external samples, the interval is
interpreted as uncertainty around the mean repeated-cross-validation performance under this
resampling procedure. It is not a prediction interval for individual observations and should not be
interpreted as a guarantee of performance in an independent population. Aggregated out-of-fold
metrics, obtained by averaging each participant’s 20 out-of-fold predictions, were retained as
secondary descriptive summaries and were not used as the primary model-selection statistic.

2.7. Statistical software

The analysis was implemented in Python 3.13.5 using NumPy 2.3.5, SciPy 1.17.0, statsmodels
0.14.6, and scikit-learn 1.8.0. ChatGPT (OpenAl) was used as an Al-assisted tool to support
code development and statistical presentation during manuscript preparation and revision. All
analytical code, parameter settings, numerical outputs, and reported results were reviewed and
verified by the authors, and all final analytical decisions and scientific interpretations were
made by the authors. Predictive interpretation was based primarily on repeated out-of-sample
performance rather than statistical significance alone.

3. Results and Discussion

After duplicate handling, the analytical dataset contained 78 respondents. The participant profile
is summarized in Table 1.

The descriptive statistics in Table 2 show pronounced concentration of the self-reported
predictors toward the upper end of the scale. The revised expert-assessed scenario outcome had a
lower mean (2.946; SD = 1.151), indicating greater differentiation in demonstrated performance.

The concentration of predictor scores is illustrated in Fig. 1. Such range restriction may
reduce between-participant variation available to predictive models. The predictor constructs
were moderately to strongly intercorrelated (Table 3), with Pearson correlations ranging from
0.648 to 0.890. The strongest association occurred between X3 and X4 (r = 0.890).

Bivariate associations with the revised outcome were positive and modest (Table 4). X3 and
X4 had VIF values above 5, confirming a multicollinearity concern relevant to Ridge regularization.
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Table 1: Participant profile after data cleaning

Characteristic ~ Category n %

Program RPL Nautika 37 474

Program RPL Teknika 41 52.6

Age > 40 years 33 423

Age 31-35 years 18 231

Age 3640 years 14 179

Age 25-30 years 11 141

Age < 25 years 2 26

Experience > 10 years 52 66.7

Experience 7-10 years 16 20.5

Experience 4-6 years 10 128
Characteristic Category n %
Abnormal-condition experience  Yes 59 75.6
Abnormal-condition experience No 19 244

Table 2: Descriptive statistics, internal consistency, and ceiling indicators

Construct Description Mean  SD a >4 (%) =5 %)
X, Operational Data Understanding 4.119 0.973 0.931 78.2 30.8
X5 Seafaring Experience 4.292 0.980 0.977 84.6 43.6
X3 SOP and Checklist Use 4.407 0.914 0.982 91.0 50.0
Xy Shipboard Technology Utilization 4.266 0.956 0.975 83.3 41.0

X5 Communication and Coordination 4.298 1.080 0.986 85.9 48.7
Y Scenario-Based Decision-Making Performance 2.946 1.151 0.944 - -

Mean score

X1 X2 X3 X4 X5 Y
Construct / outcome

Fig. 1: Mean scores of the five predictor constructs and expert-assessed scenario-based performance;
error bars represent one standard deviation.

The OLS model with HC3 robust standard errors is reported in Table 5. The model
explained 19.8% of the in-sample variance (R? = 0.198; adjusted R? = 0.130). None of X1 X5
was individually significant after mutual adjustment, and the five predictors were not jointly
significant after program adjustment (HC3 joint p = 0.231). The coefficient for program was
positive (8 = 0.554, p = 0.034), but it cannot be interpreted as an inherent difference in
competence because program membership is confounded with discipline-specific scenario content.

Out-of-sample performance provides a stricter test of prediction. The program-only benchmark
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Table 3: Pearson correlation matrix among predictor constructs
X1 X2 X3 X4 X5

X; 1.000 0.784 0.742 0.730 0.648
Xo 0.784 1.000 0.747 0.717 0.665
Xz 0742 0.747 1.000 0.890 0.707
X4 0730 0.717 0.890 1.000 0.657
X5 0.648 0.665 0.707 0.657 1.000

Table 4: Association with scenario-based performance and multicollinearity

Predictor Pearson r p Spearman p p  VIF
X4 0.341 0.002 0.367 < 0.001 3.173
X5 0.329 0.003 0.506 < 0.001 3.214
X3 0.343 0.002 0.436 < 0.001 5.906
Xy 0.342 0.002 0.396 < 0.001 5.098
X5 0.317 0.005 0.441 < 0.001 2.225

Table 5: OLS model with HC3 robust standard errors

Predictor B  Robust SE  95% CIlow 95% CI high D
Intercept 0.758 0.920 -1.046 2.563 0.410
X4 0.031 0.253 -0.465 0.527 0.902
X5 0.094 0.556 -0.995 1.183 0.866
X3 0.070 0.432 -0.778 0.917 0.872
Xy 0.155 0.256 -0.345 0.656 0.543
X5 0.092 0.250 -0.398 0.582 0.713
Program (Teknika = 1) 0.554 0.261 0.043 1.065 0.034

achieved mean CV R? = 0.034 (SD = 0.025). According to the model-selection rule defined in the
Methods, Ridge with X1—X5 and program was the best-performing candidate because it achieved
the highest mean CV R?: 0.075 (SD = 0.030; 95% CI 0.061-0.089), with mean RMSE = 1.099
(SD = 0.018) and mean MAE = 0.950 (SD = 0.017). Although the interaction Ridge specification
produced a marginally lower mean MAE (0.938), its mean CV R? was slightly lower (0.073) and
its between-repetition variability in R? was substantially larger (SD = 0.105); it was therefore
not designated as the best model. The 95% CI of 0.061-0.089 summarizes uncertainty around the
mean repeated-CV R? across the 20 fold repetitions and does not represent an individual-level
prediction interval or an external-validation performance guarantee. The incremental mean CV
R? over the program /scenario-set benchmark was approximately 0.041. The repeated nested
cross-validation results for all candidate models are summarized in Table 6.

Table 6: Repeated nested cross-validated predictive performance (20 repetitions)

CV R? RMSE MAE
Model mean (SD) 9% Cl mean (SD) mean (SD)
Mean baseline -0.033 (0.021) -0.043 to -0.023 1.162 (0.012) 1.011 (0.012)
Program only (OLS) 0.034 (0.025) 0.022 to 0.045 1.124 (0.015) 0.982 (0.016)
X1-X;5 (OLS) -0.109 (0.083) -0.147 to -0.070 1.203 (0.045) 1.015 (0.030)
X1-Xs5 + Program (OLS) -0.097 (0.069) -0.129 to -0.065 1.197 (0.037) 0.990 (0.026)
X,-X;5 (Ridge) 0.058 (0.028) 0.045 to 0.071 1.110 (0.016) 0.965 (0.016)
X1~ X5 + Program (Ridge) 0.075 (0.030) 0.061 to 0.089 1.099 (0.018) 0.950 (0.017)
X,-X;5 + Program + interactions (OLS) -0.361 (0.244) -0.475 to -0.246 1.329 (0.118) 1.035 (0.061)
X1-X5 + Program + interactions (Ridge) 0.073 (0.105) 0.023 to 0.122 1.100 (0.059) 0.938 (0.036)

The mean cross-validated R? values and their between-repetition variability are visualized
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in Fig. 2. Ridge models outperformed corresponding unregularized OLS specifications in out-
of-sample R?2, but this is described as better predictive performance rather than unquantified
model “stability.”

Mean baseline -
Program only - OLS 1
X1-X5 - OLS 1

X1-X5 + Program - OLS -
X1-X5 - Ridge -

X1-X5 + Program - Ridge 1
X1-X5 + Program + |
interactions - OLS

X1-X5 + Program + |
interactions - Ridge

06 -05 -04 -03 -02 -01 00 0.1 02
Mean cross-validated R? (error bars: =1 SD)

Fig. 2: Mean cross-validated R? for candidate models across 20 repeated outer five-fold cross-validation
runs; error bars represent +1 SD.

These results illustrate the distinction between explanatory and predictive modeling empha-
sized by Shmueli [19]. The OLS model explained 19.8% of the observed in-sample variance,
yet corresponding unregularized predictive models produced negative mean cross-validated R?
values. Ridge improved out-of-sample predictive performance relative to corresponding OLS
specifications, but absolute performance remained modest.

The very high internal-consistency coefficients of X;-Xj5 require cautious interpretation.
Although alpha values of 0.931-0.986 indicate strong within-construct consistency, they may
also reflect item overlap. This concern is supported by the moderate-to-strong intercorrelations
among constructs, particularly X3 and X4 (r = 0.890). Pronounced ceiling effects were also
present: 91.0% of respondents had an X3 mean of at least 4 and 50.0% obtained the maximum
construct mean of 5. Because the predictors were self-reported, socially desirable responding
may also have contributed to score concentration. Formal content and discriminant-validity
assessments were not conducted; therefore, the extent to which the five constructs represent
empirically distinct dimensions cannot be established from the present study.

The program variable requires particular caution. Because Nautical and Marine Engineering
participants completed different scenario sets, program membership is statistically inseparable
from scenario content. Program-related predictive information may therefore reflect assessment
context rather than underlying differences in competence. Future studies should use common
anchor scenarios or partially overlapping scenario sets across disciplines.

From an implementation perspective, the present findings should be interpreted as method-
ological evidence rather than evidence of deployment readiness. The current model should not be
used for operational screening, training prioritization, regulatory monitoring, or individual-level
decision making. Such applications are potential future directions requiring independent exter-
nal validation, calibration in new populations, improved measurement, and evaluation against
objective operational or simulator-derived outcomes. This cautious position is consistent with
previous maritime decision-support work in which interpretable regression models require further
operational validation rather than serving as autonomous decision rules [20].
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4. Conclusion

This study evaluated mathematical models for predicting shipboard operational decision-making
performance from five self-reported operational constructs using an expert-assessed scenario-based
outcome. The OLS baseline explained a modest proportion of in-sample variance, while X;-Xj5
did not contribute significantly as a joint block after adjustment for program/scenario-set context.
In repeated nested cross-validation, Ridge regression with X;—-X5 and program produced the
highest mean cross-validated R?, but overall generalization remained modest and the incremental
predictive gain over the program-only benchmark was limited.

The findings do not support the self-reported constructs as strong stand-alone predictors of
scenario-demonstrated performance. Important measurement limitations remain: the predictor
instrument did not undergo formal expert-based content validation before data collection,
several constructs displayed very high internal consistency and substantial intercorrelation, and
scenario scoring used one discipline-specific rater per domain, preventing estimation of inter-rater
reliability. Because program membership was confounded with discipline-specific scenario content,
program effects cannot be interpreted as competence differences between Nautical and Marine
Engineering participants. Future research should use larger independent samples, formally
validated instruments, common anchor scenarios, multiple independent raters, and objective
behavioral or simulator-derived measures before practical deployment of predictive models is
considered.
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