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Abstract:
Introduction: Machine learning models developed under complete-data conditions may become unreliable when some

predictors are unavailable during deployment. This study evaluates the robustness of survey-based prediabetes/diabetes
status classification under random and structured feature unavailability. Method: The CDC Diabetes Health Indicators
dataset containing 253,680 observations and 21 predictors was used. Logistic Regression and HistGradientBoosting were
evaluated using standard complete-data training and missingness-aware training with simulated feature dropout and
missingness indicators. Performance was assessed using AUROC, PR-AUC, Brier Score, Expected Calibration Error,
sensitivity, specificity, and decision stability under complete-data, random feature-loss, and structured feature-loss
scenarios. Results: Under complete data, standard and missingness-aware HistGradientBoosting achieved similar AUROC
values of 0.8298 and 0.8297. At 40% random feature unavailability, the standard model declined to an AUROC of 0.7729
and ECE of 0.0561, while the missingness-aware model maintained an AUROC of 0.7938 and ECE of 0.0064. Sensitivity
decreased from 0.8031 to 0.4689 for the standard model, whereas the missingness-aware model retained 0.7498.
Cardiometabolic and functional-health feature loss produced greater degradation than lifestyle feature loss. Conclusion:
Complete-data performance may overestimate model reliability under incomplete information. Missingness-aware training
improved discrimination, calibration, and decision stability without materially reducing performance when all predictors
were available.

Keywords: Diabetes Status Classification; Feature Unavailability; Missingness-Aware Learning; Model Robustness;
Probability Calibration; BRFSS.

1. Introduction

Diabetes is a chronic disease influenced by various health, behavioral, and demographic factors. Identifying
prediabetes and diabetes status using easily accessible indicators can support population-level risk screening. One
widely used data source for this purpose is the Behavioral Risk Factor Surveillance System (BRFSS), managed by the
Centers for Disease Control and Prevention [1]. Its derived dataset, the CDC Diabetes Health Indicators, contains
253,680 observations and 21 health, behavioral, and sociodemographic indicators [2]. This dataset has been widely
used in machine learning studies for diabetes classification, risk factor identification, class imbalance handling, and
model interpretability [3]-[6]. Related studies have further demonstrated that classifier performance may vary
substantially with ensemble configuration, class-balancing strategy, dataset partitioning, and learning design across
heterogeneous health and classification tasks [7]-[11].

Most previous studies evaluate models under the assumption that all predictor variables are available. However,
this condition may not always represent real-world deployment, where some information can be unavailable because
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of incomplete responses, differences in data collection procedures, or limitations in obtaining specific health
indicators. The problem becomes more important when unavailable features follow a particular pattern, known as
structured missingness. Previous studies have shown that structured missingness creates additional challenges for
machine learning models and that increasing levels of missingness in test data can substantially reduce classifier
performance [12], [13].

The impact of feature unavailability may also not be fully reflected by accuracy or AUROC alone. A model may
retain acceptable discrimination while producing probabilities that no longer correspond well to the observed outcome
distribution. In risk prediction, this problem is closely related to model calibration [14], [15]. Changes in predictor
availability between model development and deployment can also affect classification performance and alter
individual decisions [16]. Therefore, model robustness should be assessed not only through discrimination but also
through calibration and decision stability when the availability of input information changes.

Based on the literature review, previous BRFSS-based diabetes studies have mainly focused on algorithm
comparison, feature selection, class balancing, and model interpretability. However, studies that jointly evaluate
random and structured feature unavailability, probability calibration, and decision stability using the CDC Diabetes
Health Indicators dataset remain limited. This study compares conventional complete-data training with missingness-
aware training using Logistic Regression and HistGradientBoosting. The models are evaluated under complete-data
conditions and multiple feature-unavailability scenarios using AUROC, PR-AUC, Brier Score, Expected Calibration
Error, sensitivity, specificity, and decision stability. Through this design, the study investigates whether models that
perform well on complete data can maintain their reliability when some health indicators are unavailable.

2. Method
Research Design and Dataset

This study used an experimental design to evaluate the robustness of diabetes status classification models under
partial feature unavailability. The CDC Diabetes Health Indicators dataset derived from the 2015 Behavioral Risk
Factor Surveillance System was obtained from the UCI Machine Learning Repository. It contains 253,680
observations, 21 predictor variables, and one binary target, Diabetes binary. A value of 0 represents no diabetes,
while a value of 1 represents prediabetes or diabetes.

The original dataset contains no missing values. Therefore, missingness in this study was introduced as a controlled
feature-unavailability stress test rather than treated as naturally occurring missing data. The dataset was stratified into
60% training, 20% validation, and 20% testing sets using a fixed random seed of 2026, resulting in 152,208 training,
50,736 validation, and 50,736 testing observations.
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Figure 1. Research workflow for evaluating model robustness under random and structured feature unavailability.
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Models and Training Strategies

Two classification algorithms were evaluated: Logistic Regression and HistGradientBoosting. Logistic Regression
represented a linear baseline, while HistGradientBoosting was used to capture nonlinear relationships and interactions
among health indicators [17].

Two training strategies were compared. The standard model was trained only on complete training data. When a
feature became unavailable during testing, its value was replaced using the median calculated from the training set.

The missingness-aware model was trained using the original training data combined with an augmented copy
containing simulated feature unavailability. Random masking was generated at 10%, 20%, or 30% feature-dropout
levels, while structured masking removed predefined groups of related variables. Missing values were imputed using
training-set medians, and 21 binary missingness indicators were added to identify unavailable features. The structured
feature groups are presented in Table 1.

Table 1. Feature groups used for structured feature unavailability

Feature Group Variables
Lifestyle Smoker, PhysActivity, Fruits, Veggies, HvyAlcoholConsump
Healthcare and socioeconomic AnyHealthcare, NoDochcCost, Education, Income
Subjective and functional health GenHlth, MentHIth, PhysHIth, Diffwalk
Cardiometabolic history HighBP, HighChol, CholCheck, Stroke, HeartDiseaseorAttack
Anthropometric BMI

Probability Calibration

Model probabilities were calibrated using Platt scaling [18]. To ensure a fair comparison, both standard and
missingness-aware models were calibrated using the same complete validation set. Test data were not used during
model training, probability calibration, or threshold selection.

Feature-Unavailability Scenarios

Robustness was evaluated under complete-data, random feature-unavailability, and structured feature-
unavailability scenarios. Random feature masking was applied independently to 10%, 20%, 30%, and 40% of predictor
values in the test set. Structured scenarios removed an entire feature group listed in Table 1.

Thus, the main test conditions consisted of complete data, four random masking levels, and five structured feature-
loss scenarios. Feature masking was performed only after training and calibration were completed.

Performance Evaluation

Model performance was evaluated using AUROC and Precision-Recall AUC to assess discrimination, particularly
considering the class imbalance in the dataset [19], [20]. Probability quality was evaluated using the Brier Score [21]:

1 N
BS = Nzizl(pi - y)? (1)

Calibration was further assessed using Expected Calibration Error:

M |B
ECE = Zmﬂ% | freq(Bm) — conf (Bp)} | )

The mean predicted probability was also compared with the actual positive-class prevalence to identify systematic

shifts in predicted risk:
I
p‘ﬁzmpf 3)
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Decision Stability Analysis

A fixed classification threshold was selected from the complete validation set to achieve approximately 80%
sensitivity. The threshold was then kept unchanged across all feature-unavailability scenarios. Sensitivity and
specificity were calculated as:

TP

Sensitivity = TP+ EN 4)
enocificity = TN
pecificity = TNy Fp (5)

Decision stability was quantified using the proportion of predictions that changed relative to the complete-data
condition:

1 N
FlipRat =—z 1(y; Vi
lp ate N =1 (yl,S * :Vl,complete) (6)
A higher flip rate indicates greater instability of individual classifications when input information becomes
unavailable.
Statistical and Robustness Analysis

Differences between the standard and missingness-aware strategies were evaluated using 300 paired stratified
bootstrap replications. The 95% confidence intervals were obtained using the percentile bootstrap approach [22]. The
difference in discrimination was expressed as:

AAUROC = AUROCyyare — AURO Csrandara 7)
Brier Score improvement was calculated as:
ABrier = BrieTsianaara — Brie€Taware (8)
Positive values indicate better robustness of the missingness-aware strategy.

As an additional robustness check, the experiment was repeated using a profile-disjoint split, ensuring that
observations with identical combinations of the 21 predictors did not appear across different data subsets. This
produced 152,285 training, 50,724 validation, and 50,671 testing observations. The main analysis nevertheless used
the stratified 60:20:20 split because it maintained the target distribution more consistently.

Overall, the experimental workflow consisted of dataset preparation, stratified splitting, standard and missingness-
aware training, probability calibration, feature-unavailability stress testing, performance and decision-stability
evaluation, and statistical robustness analysis.

3. Result and Discussion
Performance Under Random Feature Unavailability

Both training strategies performed almost identically when all predictors were available. Standard
HistGradientBoosting achieved an AUROC of 0.8298, while the missingness-aware model achieved 0.8297. Their
Brier Scores were also identical at 0.0967, indicating that missingness-aware training did not introduce a meaningful
performance penalty under complete-data conditions.

The difference became clearer as feature availability decreased. At 40% random feature unavailability, the standard
model declined to an AUROC of 0.7729 and an ECE of 0.0561, whereas the missingness-aware model maintained an
AUROC of 0.7938 and an ECE of 0.0064. Similar improvements were observed for PR-AUC and Brier Score.
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Table 2. HistGradientBoosting performance under random feature unavailability

Scenario Model AUROC PR-AUC Brier ECE

Complete Standard 0.8298 0.4312 0.0967 0.0037

Complete Missingness-aware 0.8297 0.4311 0.0967 0.003
Random 20% Standard 0.804 0.3881 0.1023 0.0295
Random 20% Missingness-aware 0.8141 0.405 0.0993 0.0027
Random 40% Standard 0.7729 0.3452 0.1099 0.0561
Random 40% Missingness-aware 0.7938 0.3756 0.1024 0.0064

A notable effect was also observed in the average predicted probability. The positive-class prevalence in the test
set was approximately 13.93%. Under complete data, the standard model produced a mean probability of 13.92%, but
this decreased to only 8.32% at 40% feature unavailability. In contrast, the missingness-aware model maintained a
mean probability of 13.44%. This indicates that feature loss caused the standard model to systematically underestimate
positive-class probability. Previous studies have similarly shown that missing information may affect both
classification performance and calibration [12]-[15].

Structured Feature Unavailability

The impact of missing information varied across feature groups. Removing lifestyle or socioeconomic indicators
caused relatively small changes, while the absence of subjective and functional health, cardiometabolic history, or
BMI produced greater degradation.

Table 3. Performance under structured feature unavailability

Unavailable Features Standard AUROC Aware AUROC Standard ECE Aware ECE
Lifestyle 0.8287 0.8284 0.0044 0.0038
Healthcare and SES 0.8278 0.8277 0.0068 0.0029
Subjective/function 0.8026 0.8072 0.0488 0.0025
Cardiometabolic history 0.8089 0.8112 0.0614 0.0056
BMI 0.8118 0.8124 0.0215 0.0017

Cardiometabolic feature loss produced the largest calibration error in the standard model. Although its AUROC
remained relatively high at 0.8089, ECE increased to 0.0614. This result shows that discrimination alone may provide
an overly optimistic view of model reliability. Structured missingness should therefore be evaluated separately from
random feature loss because the importance of unavailable information differs across feature groups [12].

Recent studies similarly emphasize that reliable model evaluation should consider validation design, data
transformation, and predictor structure. Clinical recommendation models evaluated through cross-validation, medical
image classifiers subjected to different augmentation strategies, and multivariate models with strongly interdependent
predictors have all demonstrated that apparent model performance can depend substantially on how the available
information is represented and evaluated [23]-[25].

Decision Stability and Statistical Robustness

Feature unavailability also changed individual classification decisions. Using thresholds fixed from the clean
validation set, the standard model achieved a sensitivity of 0.8031 under complete data. At 40% random feature
unavailability, sensitivity fell to 0.4689 and the decision flip rate reached 20.12%. The missingness-aware model
retained a sensitivity of 0.7498 with a lower flip rate of 13.38%.
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Table 4. Decision stability under selected feature-unavailability scenarios

Scenario Model Sensitivity Decision Flip Rate

Complete Standard 0.8031 -

Complete Missingness-aware 0.7984 -
Random 40% Standard 0.4689 20.12%
Random 40% Missingness-aware 0.7498 13.38%
Subjective/function unavailable Standard 0.6124 13.74%
Subjective/function unavailable Missingness-aware 0.7734 11.01%
Cardiometabolic unavailable Standard 0.5411 17.03%
Cardiometabolic unavailable Missingness-aware 0.7779 10.26%

Paired stratified bootstrap analysis confirmed that the observed differences were stable. Under complete data, the
AUROC difference between the two strategies was negligible at —0.00016 with a 95% CI of —0.00071 to 0.00041.
However, at 40% random feature unavailability, the missingness-aware model improved AUROC by 0.02089 with a
95% CI of 0.01833-0.02328. The Brier Score improvement was 0.00751 with a 95% CI of 0.00709-0.00797.

The profile-disjoint robustness check produced a similar pattern. At 40% random feature unavailability, standard
HistGradientBoosting achieved an AUROC of 0.7695 and ECE of 0.0582, while the missingness-aware model
achieved an AUROC of 0.7905 and ECE of 0.0089. Logistic Regression also showed the same overall trend, indicating
that the findings were not specific to a single classifier.

Discussion

The results demonstrate that strong complete-data performance does not necessarily guarantee reliable behavior
when some predictors become unavailable. The largest degradation was observed in calibration and sensitivity rather
than AUROC alone. This is important because a model may still rank individuals reasonably well while systematically
shifting predicted probabilities downward and consequently changing classification decisions.

Missingness-aware training reduced these effects without materially lowering complete-data performance. The
benefit was particularly clear under severe random feature loss and when clinically relevant feature groups were
unavailable. Therefore, robustness evaluation for survey-based risk models should consider discrimination,
calibration, and decision stability together rather than relying solely on conventional classification metrics.

This observation is also relevant to recent medical Al studies. Gender-aware liver disease prediction has
demonstrated the importance of evaluating model behavior across population subgroups [26], while health-informatics
clustering experiments have shown that incomplete feature information can directly influence the structure and
interpretation of machine-learning outputs [27]. These findings further support evaluating data completeness as part
of model reliability rather than treating it only as a preprocessing issue.

These findings should not be interpreted as evidence of clinical diagnostic performance. The target represents
survey-based prediabetes/diabetes status, and feature unavailability was generated through controlled simulation.
Nevertheless, the results provide evidence that incorporating feature-unavailability scenarios during model
development can improve reliability when deployment data are incomplete.

4, Conclusion

This study evaluated the robustness of survey-based prediabetes/diabetes classification under random and
structured feature unavailability. Under complete-data conditions, standard and missingness-aware
HistGradientBoosting models produced nearly identical performance, with AUROC values of 0.8298 and 0.8297,
respectively. However, when 40% of features were unavailable, the standard model declined to an AUROC of 0.7729
and an ECE of 0.0561, while the missingness-aware model maintained an AUROC of 0.7938 and an ECE of 0.0064.
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The effect of feature loss was particularly evident in calibration and decision stability. Standard-model sensitivity
decreased from 0.8031 under complete data to 0.4689 at 40% random feature unavailability, whereas the missingness-
aware model retained a sensitivity of 0.7498. Structured experiments also showed that unavailable cardiometabolic
and functional-health indicators had a greater impact than missing lifestyle information.

Overall, the findings demonstrate that complete-data performance alone may overestimate model reliability.
Missingness-aware training improved robustness to incomplete information without materially reducing performance
when all predictors were available. However, the simulated feature-unavailability scenarios do not represent naturally
occurring missingness, and the target reflects survey-based diabetes status rather than clinical diagnosis. Future studies
should validate this approach using external datasets with real-world missingness patterns.
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