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Abstract 
Diabetes mellitus, particularly type 2 diabetes, is a major global public health 
problem, making early detection and intervention essential for reducing dis-
ease incidence. This study used the Pima Indians Diabetes Dataset as the 
source of the training and internal validation sets and the Frankfurt Diabetes 
Dataset as the external test set. Since the outcome is imbalanced, with non-
diabetic cases (Outcome = 0) as the majority class, a two-stage integrated 
model (a sequential two-stage classification framework) was proposed to re-
duce the false negative rate. Logistic regression first identifies high-confidence 
positive cases and immediately classifies them as diabetic; remaining patients 
are passed to GBM as a second stage. The final classification combines positive 
predictions from both stages, providing an additional opportunity to identify 
Outcome = 1 cases while reducing false-negative predictions. The two-stage 
model achieved an accuracy of 77.27% with a false negative rate of 38.89% on 
the internal validation set and an accuracy of 89.35% with a false negative rate 
of 20.47% on the external test set, demonstrating strong robustness and trans-
ferability. Additionally, SHAP was applied to enhance model interpretability, 
identifying Glucose and Insulin as the most important features, followed by 
BMI, DiabetesPedigreeFunction, and Age. 
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1. Introduction 

Type 2 diabetes mellitus (T2DM) is a growing global public health challenge that 
impacts over 800 million people worldwide, causing serious complications includ-
ing blindness, kidney failure, heart attacks, and strokes, and causing the death of 

How to cite this paper: Li, M.Y. and Cai, 
B.W. (2026) A Sequential Logistic Regres-
sion-Gradient Boosting Framework for Di-
abetes Classification. Journal of Computer 
and Communications, 14, 71-92. 
https://doi.org/10.4236/jcc.2026.149006 
 
Received: July 21, 2026 
Accepted: September 20, 2026 
Published: September 23, 2026 
 
Copyright © 2026 by author(s) and  
Scientific Research Publishing Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/   

  
Open Access

https://www.scirp.org/journal/jcc
https://doi.org/10.4236/jcc.2026.149006
http://www.scirp.org
https://www.scirp.org/
https://doi.org/10.4236/jcc.2026.149006
http://creativecommons.org/licenses/by/4.0/


M. Y. Li, B. W. Cai 
 

 

DOI: 10.4236/jcc.2026.149006 72 Journal of Computer and Communications 
 

millions every year [1]. In fact, the global number of adults with diabetes has in-
creased by 630 million from 1990 to 2022, showing an unprecedented surge in the 
risk of various complications caused by diabetes [2]. Before developing diabetes, 
most people go through a pre-diabetic stage where they have high blood glucose 
either resulting from insulin resistance or insulin deficiency [3]. Because timely 
identification can support clinical management, accurate detection and classifica-
tion of diabetes are important for patients and healthcare systems. 

Early detection requires a comprehensive evaluation of various biochemical 
and physical risk variables. Obesity, defined as having a high Body Mass Index 
(BMI), is a significant risk factor [4]. High blood pressure and blood glucose levels 
are also key features for determining a person’s prediabetic state [4]. Furthermore, 
non-modifiable characteristics such as age, family history, and reproductive his-
tory are also important traits that need to be monitored [5]. Besides, since de-
creased insulin production is essential to the development of chronic diabetes 
conditions, insulin level is also a crucial risk variable [6]. 

Machine learning (ML) techniques have emerged as a useful tool in making 
classifications for diabetes: it succeeds by applying to datasets such as Pima Indi-
ans Diabetes Dataset collected by the National Institute of Diabetes and Digestive 
and Kidney Diseases [7]. For example, Zou et al. [8] demonstrated the effective-
ness of ML methods like Random Forest and Neural Networks: it successfully 
found intricate patterns such as non-linear connections in biochemical indicators, 
which are used to be challenging with conventional statistical techniques. Moreo-
ver, Kiran et al. [9] show a trend from traditional methods toward advanced en-
semble models, such as Random Forest or Gradient Boosting. It suggests the ef-
fectiveness of ensemble-based machine learning methods in the prediction and 
interpretation of T2DM. However, class imbalance remains a major challenge in 
diabetes prediction: dominance of non-diabetic cases causes models to favor the 
majority class and reduce their ability to identify diabetic patients [10]. 

Building on these challenges, this study proposes a sequential two-stage classi-
fication framework in Figure 1, aiming to improve diabetes classifications while 
reducing missed diagnoses: using the Pima Indians Diabetes Dataset to prioritize 
lowering false negatives, which is crucial for medical safety because missed diag-
nosis can result in serious problems. The first step is data cleaning and prepro-
cessing, including RF imputing missing data and SMOTE addressing data imbal-
ance. Then, four main algorithms (RF, SVM, ANN, and GBM) were evaluated, 
with GBM standing out with the highest accuracy of 76.62%. In addition, to re-
duce false negative rate, a two-stage model was created: this approach uses Logistic 
Regression (LR) as a high-confidence positive identification stage. Gradient Boost-
ing Machines (GBM) are then used to identify overlooked instances in the remain-
ing subset. 

This two-stage model was trained on the 80% training set drawn from the Pima 
Indians Diabetes Dataset. The remaining 20% was used as the internal validation 
set to evaluate the model’s performance; additionally, the Frankfurt Diabetes Da-
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taset was used as the external test set to assess model’s generalizability. On the 
internal validation set, the model achieved an overall accuracy of 77.27% with a 
false negative rate of 38.89%; on the external test set, the model achieved a higher 
accuracy of 89.35% and a lower false negative rate of 20.47%. The results demon-
strate model’s strong robustness and transferability. 

 

 
Figure 1. Overview of the sequential two-stage Logistic Regression-Gradient Boosting clas-
sification framework. 

 
Result analysis further revealed critical thresholds, including sharp risk in-

creases at Glucose ≈ 127 - 130 mg/dL and BMI ≥ 30 kg/m2. SHAP feature im-
portance plot showed Glucose as the strongest predictor, followed by BMI, Age, and 
Insulin; Interaction plot illustrated strong relationships between Glucose and Age 
and Glucose and BMI. 

Therefore, the sequential two-stage framework lowers false negative rates while 
maintaining overall prediction accuracy, effectively preventing missed diagnoses; 
it simultaneously holds high interpretability, providing useful information for clin-
ical practice. Model’s approach is scalable to different clinical settings, facilitating 
early detection of diabetes. 

2. Literature Review 
2.1. Background: T2DM Etiology and Research Value 

Data reveal that approximately 463 million adults worldwide were living with di-
abetes mellitus in 2019, and it will surge by 51% to reach 700 million by 2045 [11]. 
Despite its growing prevalence, many cases of T2DM could be prevented with 
lifestyle changes, including weight control, maintaining healthy diet, staying phys-
ically active, and so on [12]. Therefore, accurate classifications and clinical man-
agement of diabetes are crucial to prevent disease progression and severe compli-
cations in the future. 
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In addition, the pathogenesis of T2DM is highly complex, it involves interaction 
of multiple biological and environmental factors, which influence one another 
through complicated pathways rather than simple linear relationships [13]. As a 
result, diabetes prediction requires advanced methods that are capable of captur-
ing complex nonlinear relationships. Choi et al. [14] demonstrate that machine 
learning models consistently outperform traditional statistical methods in identi-
fying undiagnosed diabetes, particularly when data is complex and non-linear. 
This highlights the necessity of training machine learning methods in modern di-
abetes prediction research to boost prediction performance. 

2.2. Existing ML Approaches for T2DM Classification 

Ijaz et al. [15] addressed imbalance and noisy dataset by using DBSCAN for out-
lier detection and SMOTE for class balance, improving the performance of RF 
classifiers. 

Hasan et al. [16] provide a framework for ensemble machine learning methods: 
they used an ensemble of classifiers, including AdaBoost and XGBoost, weighing 
different models by AUC. Similarly, Ganie et al. [17] used boosting ensembles such 
as CatBoost and XGBoost with cross-validation and splitting data into multiple 
folds. These two studies show the effectiveness of ensemble models in early dia-
betes classifications. 

Bala Manoj Kumar et al. [18] used Deep Neural Networks to achieve 98.16% 
classification accuracy on the Pima Indians Diabetes Dataset. However, their ex-
tremely high accuracy often causes concerns regarding overfitting and low gener-
alizability, proving the important balance between prediction accuracy and clini-
cal applicability. 

In contrast, Edlitz and Segal [19] used a complex GBDT (Gradient Boosting 
Decision Tree) model but still holds high interpretability. Vakil et al. [20] combine 
multiple machine learning models with explainable AI methods and SHAP (Shap-
ley Additive Explanations) for enhancing the interpretability of early detection of 
diabetes. These studies highlight the importance of balancing prediction perfor-
mance and clinical interpretability. 

2.3. Motivation for a Sequential Two-Stage Classification 
Framework 

Although machine learning methods have made progress in diabetes classifica-
tions, a critical challenge still remains in clinical datasets: class imbalance. In most 
screening populations, non-diabetic individuals constitute the majority of cases. 
For example, the global diabetes prevalence in 2019 is estimated to be 9.3% (463 
million people) [11]. Talebi Moghaddam et al. [21] demonstrated that this class 
imbalance can significantly affect model performance and often leads to reduced 
sensitivity. In particular, classifiers tend to favor the majority class and incorrectly 
classify diabetic individuals as non-diabetic, resulting in a high false negative rate. 
In clinical screening, these missed diagnoses are especially problematic because 
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patients may lose the opportunity for timely intervention and treatment, increas-
ing the risk of disease progression and long-term complications [22]. 

Furthermore, different prediction models exhibit distinct strengths and limita-
tions. Seto et al. [23] showed that Gradient Boosting Decision Trees is better in 
capturing complex non-linear relationships and achieving higher predictive accu-
racy; Logistic Regression remains valuable because of its simplicity, interpretabil-
ity, and well-calibrated probability estimates. Similarly, Abousaber et al. [10] eval-
uated multiple machine learning algorithms for diabetes classification, including 
Random Forest (RF), Gradient Boosting Machines (GBM), Support Vector Ma-
chines (SVM), Artificial Neural Networks (ANN). Their results showed that no 
single algorithm consistently outperformed all others across different datasets and 
preprocessing strategies, suggesting that different models possess complementary 
strengths. 

Beyond model selection, the choice of interpretability method is equally im-
portant. Lundberg et al. [24] showed that the SHAP method can improve the in-
terpretability of tree-based models, including measuring local feature interaction 
effects and combining many local explanations of each prediction. 

3. Data Preparation 
3.1. Data Preliminary Analysis 

The Pima Indians Diabetes Dataset is originally from the National Institute of Di-
abetes and Digestive and Kidney Diseases [25]. Original purpose of the dataset is 
to diagnostically predict the presence of diabetes based on certain measurements. 
Notably, the dataset has some constraints: all instances in the dataset are females 
at least 21 years old of Pima Indian heritage. 

The dataset captures 768 samples of patients to analyze the biochemical and 
physical factors [7]. It consists of eight explanatory variables: Pregnancies, Glu-
cose, Blood Pressure, Skin Thickness, Insulin, BMI, Diabetes Pedigree Function, and 
Age. The target variable, Outcome, is binary-coded, where 1 represents the presence 
of diabetes and 0 indicates its absence. 

On the second row of Table 1, one important finding is that there are zero val-
ues in a number of categories including blood pressure, skin thickness, insulin, 
BMI, and glucose. These zeros are medically impossible: Glucose and Insulin are 
primary biochemical indicators of glycemic control and pancreatic function, while 
BMI, Blood Pressure, and Skin Thickness serve as physical markers for obesity 
and vascular health associated with insulin resistance. Collectively, these five var-
iables define the metabolic profile necessary for accurately assessing diabetic risk 
and identifying latent physiological abnormalities. Features like Skin Thickness 
(227 zeros) and Insulin (374 zeros) have a significant amount of missingness, as 
the table illustrates, indicating that these data points were either randomly absent 
or not recorded. These zeros are regarded as missing observations and will be 
handled using sophisticated imputation techniques to preserve the integrity of the 
ensuing predictive modeling. 
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Table 1. Descriptive statistics for explanatory variables in the Pima Indians Diabetes Dataset.  

Variable Missing value Mean Std. Min Max 

Pregnancies 0 3.85 3.37 0 17 

Glucose 5 121.69 30.54 44 199 

BloodPressure 35 72.41 12.38 24 122 

SkinThickness 227 29.15 10.48 7 99 

Insulin 374 155.55 118.78 14 846 

BMI 11 32.46 6.92 18.2 67.1 

DiabetesPedigreeFunction 0 0.47 0.33 0.08 2.42 

Age 0 33.24 11.76 21 81 

Outcome 0 0.35 0.48 0 1 

3.2. External Test Dataset 

To further evaluate the sequential two-stage framework, the Frankfurt Diabetes 
Dataset, collected from a hospital in Frankfurt, Germany, was introduced as the 
external test set [26]. The 80% training set drawn from the Pima Indians Diabetes 
Dataset was used to train the model, and the 20% internal validation set was used 
to validate the model. The Frankfurt Diabetes Dataset comprises 2000 female pa-
tients and shares the same eight explanatory variables and the same binary Out-
come label. Thus, the trained model can be directly applied to the external test set. 

Similarly, the external test set in Table 2 contains physiologically implausible 
zero values in Glucose, Blood Pressure, Skin Thickness, Insulin, and BMI. These 
zero values were regarded as missing values. Therefore, missing data issue exists 
in both two datasets and, hence, a method is proposed to address this problem in 
3.3. 

 
Table 2. Descriptive statistics for explanatory variables in the Frankfurt Diabetes Dataset. 

Variable Missing value Mean Std. Min Max 

Pregnancies 0 3.70 3.31 0.00 17.00 

Glucose 13 121.98 30.63 44.00 199.00 

BloodPressure 90 72.40 12.23 24.00 122.00 

SkinThickness 573 29.34 10.80 7.00 110.00 

Insulin 956 153.74 111.27 14.00 744.00 

BMI 28 32.65 7.24 18.20 80.60 

DiabetesPedigreeFunction 0 0.47 0.32 0.08 2.42 

Age 0 33.09 11.79 21.00 81.00 

Outcome 0 0.34 0.47 0.00 1.00 
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3.3. Handling of Missing Values 

To address the missing values in features in 3.2, a Random Forest (RF) imputation 
method, specifically the MissForest algorithm, was employed. Unlike simple mean 
or median imputation, which can distort the data distribution and ignore inter-
variable correlations, RF imputation is a non-parametric approach that predicts 
missing values by leveraging the complex, non-linear relationships between all 
observed features. 

The imputation process treats each variable with missing data as a target (Y) 
and the remaining variables as predictors (X) [27]. For a missing value in variable 
j, an ensemble of decision trees learns a functional mapping. The imputation ac-
curacy is evaluated using NRMSE (Normalized Root Mean Square Error): 

 
( )( )

( )

2
true imp

true

mean
NRMSE

var

X X

X

−
=  (1) 

By leveraging the covariance structure of complete variables like Age and BMI, 
the model effectively reconstructs high-missingness features such as Skin Thick-
ness and Insulin. This method provides a solid basis for the prediction model by 
reconstructing high-missing features like skin thickness and insulin from the co-
variance structure of complete variables like age and BMI using an Iterative Im-
puter framework. 

3.4. Addressing Data Imbalance 

In Figure 2, the Outcome distribution in two datasets both indicates data imbal-
ance: in the Pima Indians Diabetes Dataset, 500 instances (65.1%) labeled as 0 and 
268 instances (34.9%) labeled as 1; in the Frankfurt Diabetes Dataset, 1316 in-
stances (65.8%) labeled as 0 and 684 instances (34.2%) labeled as 1. This data ine-
quality, characterized by a larger proportion of non-diabetic cases, may bias model 
performance toward the majority class. 

 

 
(a) 
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(b) 

Figure 2. Distribution of the outcome (0 = no diabetes, 1 = diabetes) in the Pima Indians 
Diabetes Dataset and the Frankfurt Diabetes Dataset. (a) Pima Indians Diabetes Dataset; 
(b) Frankfurt Diabetes Dataset.  

 
Hence, to address this issue, the Synthetic Minority Oversampling Technique 

(SMOTE) was employed to generate synthetic samples of the minority class (Out-
come = 1) [28]. However, experimental findings showed that SMOTE did not im-
prove the performance of the best model in this investigation. The top-performing 
single-stage classifier, the Gradient Boosting Machine (GBM), maintained the 
same accuracy on the original and SMOTE-balanced datasets. The original imbal-
anced dataset was thus kept for all ensuing modeling and interpretability analyses 
in order to preserve the real-world data. 

4. Methodology 

4.1. Model Selection 

The Pima Indians Diabetes Dataset was stratified into an 80% training set and a 
20% internal validation set to ensure consistent class distribution across splits. 
Four widely used classification algorithms were implemented as baseline compar-
ators: Random Forest (RF) [29], Support Vector Machine (SVM) [30], Artificial 
Neural Network (ANN) [31], and Gradient Boosting Machine (GBM) [32]. Model 
performance was assessed using confusion matrix-derived metrics, including ac-
curacy, false positive rate (actual non-diabetic cases incorrectly classified as dia-
betic), and false negative rate (actual diabetic cases incorrectly classified as non-
diabetic). 

Figure 3 shows Gradient Boosting Machine (GBM) had the highest accuracy of 
76.62%. Therefore, GBM was chosen as the secondary model for the later two-
stage model. 
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Figure 3. Comparison of four classification model accuracy on the internal validation set 
using the original imbalanced dataset. 

4.2. A Sequential Logistic Regression-Gradient Boosting 
Framework for Diabetes Classification 

In the standalone GBM evaluation, Gradient Boosting Machine (GBM) achieved 
an accuracy of 76.62%. However, it still has a high false negative rate (presence of 
diabetes is overlooked) of 40.74%, which is unsuitable for clinical screening. A 
missed diagnosis can cause severe consequences. Therefore, to ensure patients re-
ceive necessary early care and reduce the false negative rate, a two-stage model is 
proposed. 

In the first stage, Logistic Regression serves as a high-confidence positive iden-
tification stage that identifies positive cases (Outcome = 1); the remaining cases 
are then passed to GBM, which provides an additional opportunity to identify 
positive cases that were not classified as positive in the first stage. 

To evaluate the robustness and transferability of the two-stage model, two eval-
uation procedures were conducted: first, the Pima Indians Diabetes Dataset was 
split into an 80% training set and a 20% internal validation set, where the internal 
validation set is used for testing the model’s robustness; second, the Frankfurt Di-
abetes Dataset was used as the external test set to assess transferability using the 
established model. 

Stage 1: Logistic Regression 
A logistic regression model is first trained on the 80% training set drawn from 

the Pima Indians Diabetes Dataset. Logistic Regression (LR) is a foundational sta-
tistical model used for binary classification. It utilizes the logistic function to map 
input variables into a probability space between 0 and 1. As shown in the following 
formula [33]: 
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It employs the sigmoid function to estimate the probability p of diabetes (Out-
come = 1). In Stage 1, observations with logistic-regression probabilities greater than 
0.9 were classified as positive. All remaining observations were passed to the GBM 
classifier for the final prediction. 

Stage 2: Secondary Classifier (Gradient Boosting Model) 
Gradient Boosting Machine is an advanced ensemble technique that builds 

models sequentially, with each new model attempting to correct the residual er-
rors of the previous ones. Following the iterative optimization framework pro-
posed by Friedman, the algorithm minimizes a loss function ( )( ),L y F x  by add-
ing weak learners (typically decision trees) using a gradient descent-like proce-
dure. The model F(x) is updated at each step m according to the formula: 

 ( ) ( ) ( )1m m m mF x F x h xγ−= +  (3) 

where ( )mh x  is the weak learner trained to predict the negative gradient (resid-
uals) of the loss function, and mγ  is the step size or learning rate [32]. GBM was 
selected in this study because of its exceptional prediction capability, as well as its 
capacity to manage complicated feature relationships and missing data. In addi-
tion to Random Forest’s stability and ANN’s structural depth, GBM offers a highly 
accurate boundary for diabetic risk assessment by concentrating on the “hard-to-
classify” cases in the training set. 

In the two-stage model, GBM acts as the second-stage classifier: Samples pre-
dicted as Outcome = 0 (absence of diabetes) in logistic regression are then passed 
to a secondary GBM classifier. If the secondary model predicts 1, the final output 
is Outcome = 1; otherwise, Outcome = 0. 

The final diagnosis of diabetes is the union of positive predictions from both 
stages (A + B in Figure 4), thereby reducing the false negative rate (the rate of 
missed diagnoses). Instead of aiming only to achieve higher accuracy, this two-stage 
model combines a high-confidence positive identification stage with GBM classifi-
cation for the remaining cases. 

 

 
Figure 4. Procedure of the two-stage combined model. 
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Detailed preprocessing and model specifications are summarized in Table 3. 
 

Table 3. Model specifications.  

Item Specification 

Missing-value recoding 
Glucose, BloodPressure, SkinThickness, Insulin,  

BMI: 0 → NaN 

Imputer settings 
IterativeImputer; RandomForestRegressor  

(n_estimators = 10); max_iter = 10;  
initial_strategy = mean; sample_posterior = False 

Scaling procedures 
StandardScaler for ANN only; no scaling for RF,  

SVM, LR, or GBM 

GBM and LR  
hyperparameters 

GBM: learning_rate = 0.0216, max_depth = 4,  
max_features = None, min_samples_leaf = 1,  
min_samples_split = 9, n_estimators = 177,  

subsample = 0.8071. LR: penalty = L2, C = 1.0,  
solver = liblinear, max_iter = 1000. 

Random seed 42 

Software versions 
Python 3.12.13; NumPy 2.0.2; pandas 2.2.2;  

scikit-learn 1.6.1; TensorFlow 2.20.0. 

 
The training-only Stage 1 threshold comparison is presented in Table 4. 
 

Table 4. Training-only stage 1 threshold comparison.  

Threshold Accuracy (%) 
False Negative  

Rate (%) 
False Positive  

Rate (%) 

0.50 76.38 34.58 17.75 

0.60 76.71 37.85 15.50 

0.70 77.04 38.32 14.75 

0.75 77.04 38.32 14.75 

0.80 76.87 38.79 14.75 

0.90 76.87 38.79 14.75 

 
0.90 was selected as the threshold as a conservative high-confidence rule-in cut-

off, allowing only the most confident positive cases to be classified directly in Stage 
1 while passing all remaining cases to the GBM. 

4.3. SHAP 

Having established the two-stage model to reduce the false negative rate, model 
interpretability is also equally important in order to identify which variables most 
strongly drive the model’s risk predictions. SHAP (SHapley Additive exPlana-
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tions) is a game-theoretic approach used to explain the outputs of any machine 
learning model by decomposing each prediction into additive contributions from 
individual features [34]. Specifically, SHAP treats each feature as a player in a co-
operative game. The core idea of SHAP is to decompose a model’s prediction into 
the sum of contributions from individual features. For a given prediction, SHAP 
calculates each feature’s contribution by considering all possible combinations of 
feature values. Unlike conventional importance measures, this method captures 
both the magnitude and the direction of each feature’s effect. 

To efficiently compute SHAP values for tree-based ensembles such as GBM, 
this study employs TreeExplainer, an algorithm that provides tools for visualizing 
both global feature importance and the distribution of feature-level effects across 
individual samples [24]. In this study, SHAP is applied on the GBM model on the 
training set. Then, TreeExplainer computes the SHAP value of each feature for 
every sample. The global importance of each feature is calculated using the mean 
absolute SHAP value across all samples: larger SHAP values indicate greater over-
all influence on the model predictions. 

5. Results Analysis 

Results analysis includes two perspectives: first, the results from the 80% training 
set and 20% internal validation set drawn from the Pima Indians Diabetes Dataset 
and the external test set drawn from the Frankfurt Diabetes Dataset are used to 
examine the robustness and transferability of the two-stage model; second, SHap-
ley Additive exPlanations (SHAP) and Gradient Boosting Machine (GBM)-based 
feature attribution analysis are used to enhance the interpretability of the two-
stage model. 

5.1. Model Evaluation 

The model was first trained on the 80% training set drawn from the Pima Indians 
Diabetes Dataset and evaluated on the remaining 20% internal validation set to 
ensure model robustness. In addition, to further guarantee the model’s transfera-
bility, the Frankfurt Diabetes Dataset, an independent dataset of 2000 female pa-
tients collected from a hospital in Frankfurt, Germany, was used as the external 
test set. 

In Table 5, the internal validation set shows that the two-stage model achieved 
an overall accuracy of 77.27% with a false negative rate of 38.89% (21 out of 54 
actual positive cases). In Table 6, the external test set shows that the model 
achieved an overall accuracy of 89.35% and a lower false negative rate of 20.47% 
(140 out of 684 actual positive cases). Moreover, the missed positive cases ac-
counted for only 13.64% of the internal validation set (21/154) and 7.00% of the 
external test set (140/2000), further demonstrating the effectiveness of the model. 
Thus, high accuracy and low false negative rates in both the internal validation set 
and the external test set together support the robustness and transferability of the 
two-stage model. 
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Table 5. Confusion matrix for the two-stage model on the internal validation set drawn 
from the Pima Indians Diabetes Dataset (n = 154).  

 Predicted Negative Predicted Positive 

Actual Negative 86 (TN) 14 (FP) 

Actual Positive 21 (FN) 33 (TP) 

 
Table 6. Confusion matrix for the two-stage model on the external test set drawn from the 
Frankfurt Diabetes Dataset (n = 2000).  

 Predicted Negative Predicted Positive 

Actual Negative 1243 (TN) 73 (FP) 

Actual Positive 140 (FN) 544 (TP) 

5.2. SHAP Analysis 

To improve upon the limitations of the impurity-based GBM importance meas-
ure, SHAP (SHapley Additive exPlanations) values were computed using TreeEx-
plainer, which decomposes each individual prediction into additive feature con-
tributions grounded in cooperative game theory [34]. This approach not only 
ranks feature importance but also reveals the direction and distribution of each 
feature’s effect across all samples [24]. 

Figure 5 ranks Glucose first, followed by Insulin, BMI, DiabetesPedigreeFunc-
tion, and Age. These variables are all important features in clinical interpretation, 
which is broadly consistent with established medical knowledge. 

 

 
Figure 5. SHAP feature importance based on mean absolute SHAP values for the GBM 
model. 
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Pregnancies, SkinThickness, and BloodPressure have lower mean absolute 
SHAP values and contribute relatively less to the overall model predictions. This 
illustrates that these features are not the main contributors to the model’s predic-
tions. 

In Figure 6, the Beeswarm plot further demonstrates the direction and the dis-
tribution of each feature’s contribution. Glucose displays a clear directional pat-
tern: as the glucose value increases, SHAP value also increases, with higher glucose 
values generally corresponding to more positive SHAP values. BMI shows a sim-
ilar but milder pattern. In contrast, Age and Insulin exhibit a more dispersed color 
distribution, suggesting their influence on risk is less consistent across all individ-
uals; instead, they may depend on interactions with other variables. The remain-
ing features generally show SHAP values closer to 0, indicating a comparatively 
weak and inconsistent contribution to individual predictions. These results cor-
roborate the results of the feature-importance plot that Glucose and Insulin are 
the most important factors.  

 

 
Figure 6. SHAP beeswarm plot showing the magnitude and direction of feature contribu-
tions to individual GBM predictions. 

5.3. Partial Dependence Plots 

Unlike SHAP analysis in 5.2, the partial dependence (5.3) and interaction plots 
(5.4) employ the classical partial dependence approach [32]: for each feature being 
analyzed, all other features remain constant at original values; and the resulting 
predictions for all the samples are averaged to estimate the feature’s overall effect 
on the model. 

Partial dependence plots illustrate the effect of individual features on the 
model’s performance, when holding all other variables constant. The y-axis rep-
resents the partial dependence value—higher values indicate higher model-pre-
dicted probability of diabetes.  

As shown in Figure 7, the partial dependence plots reveal nonlinear patterns 
across Glucose, BMI, Insulin, and Age. 
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(d) 

Figure 7. Partial dependence plots for Glucose, BMI, Insulin, and Age. (a) Glucose; (b) 
BMI; (c) Insulin; (d) Age. 

 
Glucose: The overall trend shows that there’s a positive correlation between 

glucose and risk of diabetes. However, the relationship is not a perfect straight 
line, but increases through several thresholds. Risk first starts to increase from 105 
- 110 mg/dL; then it sharply increases at 125 - 130 mg/dL; it finally reaches a very 
high risk level at 150 - 160 mg/dL.  

BMI: The BMI plot shows an initial increase near 23 kg/m2 and a second in-
crease around 27 - 30 kg/m2. Below BMI at 23 kg/m2, risk is constantly low; then 
the risk progressively rises through (23 kg/m2 - 30 kg/m2) and levels out over BMI 
30 kg/m2 - 45 kg/m2.  

Insulin: Below approximately 80 μU/mL, risk remains relatively low. It then 
rises with several fluctuations between approximately 80 and 140 μU/mL, remains 
at a relatively high level until around 170 μU/mL, declines toward 200 μU/mL, 
and then stabilizes with a slight increase near the upper end of the plotted range. 

Age: From the ages of 20 to 50, risk increases steadily, reaching a local maxi-
mum in the early 50s. It then declines through the late 50s and early 60s, followed 
by a modest rebound around age 70 and a relatively stable pattern at older ages. 

5.4. Interaction Plots 

Interaction plots visualize the joint effect of two features on predicted diabetes 
risk through heatmaps. The color gradient represents partial dependence values, 
with yellow/bright regions indicating high risk and blue/dark regions indicating 
low risk.  

Figure 8 presents the interaction plots for Glucose × Age, Glucose × BMI, Glu-
cose × Insulin, and Age × Insulin. 

Glucose × Age: The impact of Glucose is highly significant. As Glucose levels 
increase from 80 mg/dL to 180 mg/dL, the predicted risk increases significantly, 
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with the highest predicted probabilities at the highest Glucose values. The influ-
ence of Age is relatively weak. When Glucose level stays the same, as age increases, 
the risk does not change significantly. However, in each glucose level, age between 
25 - 30 shows a change in the risk, showing a clear interaction effect—Glucose’s 
impact on the outcome is dependent individual’s age. 

Glucose × BMI: In this plot, Glucose still stands out as an important risk factor: 
as Glucose increases from 80 mg/dL to 180 mg/dL, the risk increases dramatically. 
The influence of BMI shows a “threshold” characteristic: within the BMI range of 
approximately 27.5 to 30, the contour lines undergo a sharp transition, indicating 
a non-linear shift in the model’s response. This shows a clear interaction effect—
Glucose’s impact on the outcome is dependent on the individual’s BMI.  

 

 
(a) 

 
(b) 
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(c) 

 
(d) 

Figure 8. Interaction plots for selected feature pairs in the GBM model. (a) Glucose × Age; 
(b) Glucose × BMI; (c) Glucose × Insulin; (d) Age × Insulin. 

 
Glucose × Insulin: Similarly, Glucose is an important risk factor: as Glucose 

increases from 80 mg/dL to 180 mg/dL, the risk increases dramatically. Thresh-
olds occur particularly when Insulin is below 100 and around 200. This shows a 
clear interaction between Glucose and Insulin.  

Age × Insulin: There is a significant increase in risk along the diagonal axis from 
the bottom-left to the top-right. This means when Age and Insulin Levels both 
increase simultaneously, the risk increases; when each variable increases inde-
pendently, the risk almost stays the same. Thus, this plot highlights a strong in-
teraction between Age and Insulin.  
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6. Discussion 

This study proposes a sequential two-stage model that reaches high prediction 
accuracy and low false negative rates which is vital in clinical screening. The model 
enhances clinical interpretability significantly by showing key interactions be-
tween variables and key thresholds in features independently.  

In addition, many models are trained and tested on the same dataset. In con-
trast, the sequential two-stage framework proposed in this study was evaluated on 
the two entirely independent datasets: the external test set drawn from the Frank-
furt Diabetes Dataset differs from the training set drawn from the Pima Indians 
Diabetes Dataset in both geographic location and patient population. Hence, the 
high overall performance and low false negative rate support the model’s robust-
ness and generalizability. 

On top of that, the model utilizes SHAP feature importance and Beeswarm Plot, 
PDPs, and interaction analysis to enhance model interpretability. The results in-
dicate importance ranking and several important relationships between variables. 
These methods and graphs are helpful for clinical guidelines, helping address the 
black-box nature of GBM by interpreting feature effects and interactions, making 
the model more transparent and interpretable. 

These findings also serve as a precursor to causal inference. In the future, to 
deepen the causal analysis, more iterations will move beyond associative patterns. 
Causal discovery algorithms can be used to further validate the results and en-
hance interpretability significantly. With the causal inference frameworks, the 
model can provide more robust evidence for clinical guidelines and personalized 
clinical decision-making strategies. 

7. Conclusions 

Diabetes mellitus is a growing global public health threat, over 70% of adults in 
the United States are currently classified as overweight or obese [35]. Thus, timely 
detection and appropriate clinical management are critical to prevent severe com-
plications. This study proposed a sequential two-stage Logistic Regression-Gradi-
ent Boosting framework for diabetes classification. By implementing an ensemble 
machine learning method, this study provided key information for clinical diag-
nosis: 
• Glucose and BMI are the two most important risk factors, followed by Age and 

Insulin, which were consistent with modern research of Type 2 diabetes. 
• The study identified key thresholds in several variables, including Glucose at 

127 - 130 mg/dL, BMI at 30 kg/m2, Insulin at 75 μU/mL - 150 μU/mL. 
• Key interactions were identified: Glucose and BMI jointly amplify diabetic 

risk; Age and Insulin jointly increase diabetic risk. 
The proposed model is considered advanced due to the following characteris-

tics: 
• On the external test set drawn from the Frankfurt Diabetes Dataset, the model 

achieved an overall high accuracy of 89.35%, and a small false negative rate of 
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20.47%, showing strong model transferability. 
• The two-stage structure is advantageous for imbalanced datasets because it 

first identifies high-confidence positive cases and then applies GBM to the re-
maining samples, providing an additional opportunity to detect positive cases 
and reduce false-negative classifications. 

Given this robust transferability, future work should focus on large-scale clini-
cal validation through hospital partnerships to further assess real-world applica-
bility. The two-stage model achieved high accuracy and low false negative rate on 
both internal validation dataset and external test dataset. Given this robust trans-
ferability, in the future, the research will collect larger and more diverse diabetes 
datasets to further evaluate the model’s real-world applicability. 
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