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1. INTRODUCTION

Diabetes mellitus (DM) is defined as a chronic condition associated with consistently high blood sugar
and has appeared as a significant worldwide public health challenge in recent years [1], [2]. DM is broadly
divided into two major types: type 1 diabetes (T1LDM) and type 2 diabetes (T2DM) [2], [3]. TLDM is an
autoimmune condition characterized by immune-mediated destruction of pancreatic B-cells, leading to insulin
deficiency. Conversely, T2DM arises from insulin resistance and inadequate insulin levels, in which body
tissues do not respond properly to the hormone, leading to increased blood sugar levels [2], [3].

Persistent elevation of blood glucose (chronic hyperglycemia) in DM contributes to serious
complications such as nephropathy, cardiovascular disease, retinopathy, and neuropathy, and progressively
damages vital organs, including the kidneys, cardiovascular system, and nervous system [1], [2], [4], [5].
These processes are major drivers of the significantly increased risk of death from cardiovascular causes and
from all causes combined in diabetic populations [1], [4], [5]. Globally, an estimated 537 million adults (20—
79 years) live with DM, about one in ten people [6]. The trend is projected to increase to 643 million in 2030
and rise to 783 million by 2045. DM accounts for the seventh-highest cause of mortality in Malaysia,
compared with its eighth position globally [7], [8].

The rising prevalence of DM and its associated mortality burden highlight the urgent need for reliable
tools for risk stratification and management guidance [9]. However, current prognostic approaches in routine
practice are limited by associated costs and measurement challenges [9]. Many conventional models rely on
costly biomarkers or advanced imaging, which are often impractical in resource-constrained healthcare
settings. This underscores the importance of developing affordable, scalable, and clinically feasible strategies
for mortality risk stratification in diabetic populations [1].

Complete blood count (CBC), owing to its low cost, accessibility, minimal invasiveness, and ability to
reflect underlying pathology, provides a practical alternative [1], [3], [10]. It is typically categorized into
three components: platelets, red blood cells (RBC), and white blood cells (WBC) [11], [12]. Importantly,
alterations in these hematological parameters are commonly observed in patients with DM, reflecting changes
in cellular function, structure, and metabolism during the course of the disease [2]. Beyond its traditional
diagnostic role, CBC can yield derived indices such as the monocyte-to-lymphocyte ratio (MLR), neutrophil-
to-lymphocyte ratio (NLR), and platelet-to-lymphocyte ratio (PLR). These indicators provide insight into
systemic inflammatory activity and have been shown to carry prognostic significance in evaluating the
development of diabetes and the resulting clinical implications [3], [10].

A growing body of evidence has linked CBC parameters with mortality across a range of conditions,
including sepsis in burn patients [13], coronavirus disease (COVID-19) [14], [15], and renal disease [16],
[17]. Similar associations have also been reported in diverse diabetic populations, such as general cohorts
[10], [18], patients with diabetic foot ulcers [19], diabetes with community-acquired pneumonia [20],
cardiovascular-related mortality in diabetes [1], [9],[21], [22], diabetic Kidney disease [23], cardiovascular
disease with diabetes [24], and diabetes with COVID-19 [25]. However, most of these studies have been
conducted outside Malaysia, and the integration of CBC-derived markers into mortality risk stratification for
diabetic patients remains underexplored locally. Although these studies collectively demonstrate the
prognostic relevance of CBC parameters, they predominantly focus on specific subgroups or external
populations, limiting their direct applicability to Malaysian clinical settings. Furthermore, few studies have
systematically translated routinely collected CBC markers into structured mortality risk stratification
frameworks using real-world hospital data, particularly in resource-limited healthcare environments.

Early detection is essential in diabetes research, and logistic regression (LR) has become one of the
most widely applied approaches for risk stratification [26], [27]. LR is valued for its simplicity, computational
efficiency, and compatibility with standard statistical software, making it highly practical for clinical research
[28], [29]. It is particularly effective for modeling binary outcomes such as survival versus death in relation
to multiple risk factors, which is central to mortality stratification [30]. Given that the present study involves
a large-scale, structured clinical dataset with a binary outcome and predominantly categorical predictors, LR
provides a suitable and transparent modelling framework that does not require complex feature engineering
or hyperparameter tuning.

Besides, evidence shows that LR often matches or outperforms more complex machine learning
methods, consistently ranking among the top techniques with the added benefit of minimal training time [30],
[31]. Its strong discriminatory capacity, demonstrated across metrics such as area under the precision—recall
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curve (AUPRC), area under the receiver operating characteristic curve (AUROC), specificity, accuracy,
sensitivity, and precision, underscores LR as a robust and reliable tool for mortality risk stratification in
diabetes [32]-[38]. Moreover, LR yields interpretable odds ratios, facilitating clinical applicability and
implementation in resource-limited hospital settings, which aligns with the objective of this study.

Despite the clinical value of CBC parameters, research exploring their role in mortality risk assessment
among diabetic patients in Malaysia, particularly in Sabah, remains limited. To address this gap, the present
study repurposed routinely collected hospital-based real-world CBC data for mortality risk stratification in
patients with diabetes. To our knowledge, this is among the first studies in Sabah, and more broadly in
Malaysia, to utilize large-scale real-world CBC data for mortality risk stratification in patients with diabetes.
While the analytical approach applied is well established, the novelty of this study lies in its implementation
at scale within a real-world hospital setting, its translational focus, and its relevance to resource-limited
healthcare systems. Specifically, this study leverages data from Queen Elizabeth Hospital 1, the main tertiary
referral center serving 32 hospitals across Sabah, to demonstrate that low-cost, universally available
hematological parameters can be used for system-level mortality risk stratification. This provides evidence
that is directly applicable to healthcare systems where access to advanced biomarkers and specialized
diagnostics is limited. Therefore, this study fills a gap in understanding the prognostic value of CBC markers
in diabetic patients in Sabah, Malaysia, by directly linking prior international evidence to a locally relevant,
real-world clinical application.

In response, LR was employed to model mortality (alive vs. deceased) as a binary outcome. To examine
the prognostic performance of CBC markers alongside demographic characteristics, univariable LR was first
used to screen potential predictors, followed by multivariable LR to identify independent factors. Model
performance was evaluated using calibration and discrimination metrics. The knowledge gained is expected
to fill a critical gap in understanding mortality risk factors and to demonstrate the utility of an affordable,
easily available diagnostic tool for the early detection of high-risk patients and timely, personalized
management in resource-limited healthcare settings. Specifically, the study had two objectives: (i) to identify
CBC markers significantly associated with mortality in diabetic patients, and (ii) to evaluate the performance
of these parameters in mortality risk stratification.

2. RESEARCH METHODS

The research commenced with data collection, utilizing secondary patient records on diabetes obtained
from Queen Elizabeth | Hospital (QEH1). QEHL is the tertiary main referral center for 32 hospitals across
Sabah, including Sabah District Hospital and several private hospitals [39], [40], [41]. This referral structure
enables the dataset to capture a heterogeneous hospital-based patient population across a wide referral
network, rather than a narrowly defined single-clinic cohort. Subsequently, the data underwent preprocessing,
including cleaning, partitioning, and encoding procedures. In the following stage, collinearity was assessed,
and potential predictors were identified. Logistic regression (LR) was then applied to identify complete blood
count (CBC) parameters associated with mortality among patients with diabetes. The model’s performance
was evaluated and compared using calibration and discrimination metrics. All data analyses were carried out
in R (v4.5.0) alongside IBM SPSS (v30.0).

2.1 Data Source and Research Design

This retrospective cross-sectional study examined 10,672 diabetic patients from QEH1. Secondary data
were obtained, including demographic details, CBC results, and patient outcomes (survival status), spanning
1 January 2018 through 31 December 2022. No exclusion criteria were applied. Furthermore, ethical approval
was obtained from the Universiti Malaysia Sabah Medical Research Ethics Committee and the Medical
Research and Ethics Committee (MREC) of the Ministry of Health, Malaysia.

2.2 Data Preparation

The data underwent a structured cleaning process that included identifying and removing duplicate
records, followed by excluding cases with missing CBC data required for analysis. A total of 1,182 records
(9.97%) were excluded due to missing CBC information, resulting in a final analytic dataset comprising
10,672 patients. This final sample size represents all eligible diabetic patients with complete CBC records
available within the study period at Queen Elizabeth Hospital 1 after data cleaning. As the main tertiary
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referral center serving 32 hospitals across Sabah, the hospital receives referrals from multiple districts,
thereby capturing a broad and heterogeneous diabetic population. Consequently, the dataset reflects a real -
world hospital-based cohort rather than a selectively sampled subset, supporting its representativeness within
the clinical context of Sabah.

Deletion of records with missing data is considered acceptable when the proportion of missingness is
modest, particularly in large clinical datasets, and has been shown to have minimal impact on bias and
estimation accuracy when missingness is below 10% [42], [43], [44]. Moreover, prior methodological studies
have demonstrated that model performance degrades substantially only at high levels of missingness, whereas
predictive models generally remain stable under low levels of missingness [44], [45]. Given the low
proportion of missing data in the present study, this approach was considered appropriate.

In addition, the final dataset satisfied recommended sample size requirements for LR modelling, with
a sufficient number of outcome events to ensure reliable estimation of regression coefficients and standard
errors [46], [47]. While exclusion of records due to missing data may reduce sample size and potentially
introduce selection bias [43], [45], [48], the large remaining dataset enhances statistical power, improves
precision of parameter estimates, and strengthens model stability during both training and validation.

The dataset was then divided into two subsets using stratified random sampling: 70% for training and
30% for testing [37]. The training dataset was used to develop the predictive model and to conduct internal
validation via 10-fold cross-validation (CV). Model performance in terms of discrimination and calibration
was determined by averaging results across all folds [27]. The testing dataset was subsequently applied to
externally validate the model’s performance and generalizability [27].

The demographic variables involved were age, gender, and ethnicity. Age was dichotomized into <60
years and >60 years. Ethnicity was categorized into Bajau, Bruneian-Malay, Chinese, Kadazan-Dusun, and
others, representing the four major ethnic groups in Sabah [49], [50]. Hospitalization status was defined as
outpatient or inpatient. Each CBC parameter was categorized as low, normal, or high, based on reference
ranges reported in multiple authoritative guidelines [51]-[57], thereby simplifying the model [58]. This
categorization enhanced interpretability, facilitated communication of findings, and provided practical
decision-making criteria for diagnosis, treatment, and prognosis [59]-[62].

The mean platelet volume-to-platelet ratio (MPVPL) and monocyte-to-lymphocyte ratio (MLR) were
derived from existing CBC parameters and lacked standardized reference ranges. To address this, median
cutoff values of 0.037 and 0.36 were determined in this study and used to classify MPVPL and MLR into
low and high levels [61], [62]. All categorical independent variables were encoded as dummy variables for
the LR analysis. The designated reference groups were: age <60 years, male sex, Bajau ethnicity, outpatient
status, and normal CBC levels; for MPVPL and MLR, the low category was used as the reference group.

2.3 ldentification of Potential Risk Factors

At this stage, the objective was to identify factors that showed a significant association with the
outcome [63]. For this purpose, Pearson’s chi-square test of independence was applied. This test is applicable
to contingency tables of varying sizes [64] and is considered appropriate when fewer than 20% of the expected
cell counts are less than five [65]. Variables demonstrating a statistically significant association with patient
outcomes (p < 0.05) were retained as candidate factors for further analysis.

2.4 Assessment of Multicollinearity

Collinearity, or multicollinearity, arises when two or more independent variables are highly correlated,
which can compromise the stability and interpretability of regression models [66], [67]. To address this, both
pre- and post-analysis assessments were conducted to ensure that variables contributed independently to
outcome prediction, thereby improving model accuracy and interpretability [66], [67]. In the pre-analysis
stage, correlations among categorical variables were examined using Cramer’s V, as shown in Eq. (1). This
measure, applicable to contingency tables of any size, evaluates the strength of associations between
categorical variables, with scores ranging from 0 (no correlation) to 1 (perfect correlation) [65], [68], [69].
For 2x2 tables, Cramer’s V is equal to the phi coefficient [70]. When strong correlations were detected, one
of the variables was excluded in accordance with established recommendations [65], [71], [72].
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where, x? is chi-square value, N is number of samples, k is the number of rows or columns (the smaller of
the two).

In the post-analysis stage, multicollinearity in the regression model was evaluated using the variance
inflation factor (VIF) and tolerance (the denominator of the VIF formula), as shown in Eq. (2). A VIF greater
than 10 or a tolerance below 0.1 was considered indicative of problematic collinearity [68], [73]. Variables
exceeding these thresholds were excluded from the final model.

VIF =

1

where, R? is coefficient determination.

2.5 Logistic Regression

Univariate and multivariate logistic regression (LR) were applied to examine factors associated with
patient outcomes. A significance criterion of p < 0.05 (two-tailed) was applied to all statistical tests. Prior to
modelling, the key LR assumptions were reviewed and satisfied, including the specification of a binary
outcome, assessment of multicollinearity, adequacy of sample size, and independence of errors [74],[75].
Assumptions regarding outliers and the linearity of continuous predictors were not evaluated, as only
categorical variables were used.

Univariate LR was first conducted to assess the effect of each variable independently on patient
outcomes. Variables with p < 0.05 were retained for the initial multivariate model. In the multivariate stage,
non-significant variables were sequentially removed, yielding a final optimized model comprising only
statistically significant predictors. Results from the final model are presented as adjusted odds ratios (OR)
along with 95% confidence intervals and associated p-values. In this framework, the dependent variable (V)
was binary, coded as 0 for alive and 1 for deceased, with independent variables denoted as (X). The general
specification of the multivariate LR model is provided in Eq. (3).

T
yi = logit (m;) = log (ﬁ) = Po + B1Xi + - + B Xij, (3)
l
where, i = 1,2,3,...,n; j = 1,2,3, ..., k; y; is the observed value for the dependent variable (patient outcomes)
for the i-th observation, By, ..., B; is the regression coefficient, X;; are independent variables (demographic,
hospitalization status, CBC parameters) for the i-th observation, n number of observations, and k number of
predictors.

Equivalently, the probability of mortality for the i-th observation can be expressed as:
eBotBiXiit+BjXij

Ty = .
L1 4 eBotBiXint+BiXij

(4)

In this formulation, the regression coefficients (;) represent the change in the log-odds of mortality
associated with a one-unit change in the predictor (X;;), holding other variables constant. Exponentiating

these coefficients yields the odds ratios (e”)), which quantify the multiplicative effect of each predictor on
the odds of mortality.

2.6 Evaluation of Model Performance

Calibration and discrimination were used as the key measures to evaluate the model’s performance.
Calibration assesses how closely the predicted probabilities match the observed event rates [76]. It was
assessed using the Brier score, defined as the average squared difference between observed outcomes and
predicted probabilities, as shown in Eq. (5). Lower Brier scores, closer to zero, signify superior calibration
[27], [35], [77].

n

1
Brier Score = EZ(Ei - 0,)?, (5)

i=1
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where N represents the total number of cases, E; is the predicted outcome, 0; is the outcome (1, occurs, 0
otherwise).

Spiegelhalter’s Z-test, as written in Eq. (6), was applied to further assess the calibration component of the
Brier score by comparing observed versus expected probabilities [78], [79].

100, —E)(1-2E)
Jzz;u —2E)*E;(1-E)

If |z(E;, 0))| > q1-q/2, Where q;_q/, is the critical value from the standard normal distribution at a
significance level of @ = 0.05, the result is considered significant, indicating poor calibration. A non-
significant result is preferable, as it suggests adequate calibration [78], [79]. In all cases, larger absolute Z-
values reflect greater miscalibration.

(6)

z(E;, 0;) =

Calibration was further evaluated using binning-based approaches, as applied in recent studies to
estimate the expected calibration error (ECE) and the maximum calibration error (MCE), as shown in Egs.
(7) and (8), respectively [78]. To calculate these metrics, predictions are sorted and divided into K bins, each
containing approximately the same number of cases. The ECE quantifies the average calibration error across
all bins; meanwhile, the MCE captures the largest single-bin calibration error [78], [80].

n
ECE =) P()-loi - e, @)
i=1
max
mee=, 1" doi-a, ®)

where P (i) is the proportion of all cases in bin i, o; is the proportion of positive cases in bin i, and e; is the
average predicted probability for cases in bin i. The number of bins, K, is set to 10.

Due to the unequal class representation in the datasets, model discrimination was assessed using the
F1 score (Eq. (9)), balanced accuracy (BAcc) (Eg. (10)), Matthews Correlation Coefficient (MCC) (Eqg. (11)),
and the area under the receiver operating characteristic curve (AUROC). Discrimination refers to a model’s
ability to distinguish between negative and positive cases (e.g., alive vs. deceased) [81]. BAcc is robust for
imbalanced data [82], while the F1 score provides a balanced evaluation of binary classifiers [38]. AUROC
summarizes overall classification performance across all possible decision thresholds. MCC incorporates all
four components of the confusion matrix, yielding values from -1 to 1, and is widely regarded as an unbiased
measure for imbalanced datasets [83]. In contrast, F1, Bacc, and AUROC range from 0 to 1, with higher
values signifying superior performance.

precision - recall

Fl=2 precision + recall’ ©)
1 TP TN
BAce = E(TP TFN TN+ FP)' (10)
TP X TN — FP X FN
MCC (11)

- J(TP + FP)(TP + FN)(TN + FP)(TN + FN)

3. RESULTS AND DISCUSSION

3.1 Descriptive Analysis and Relationships Among Factors

The distribution of patient characteristics for a study sample of 10,672 patients is presented in Table 1.
The data was divided into training (7,471 patients) and testing (3,201 patients) subsets. In the overall sample,
74.9% of patients were classified as “Alive”. This proportion was consistent across both the training and
testing sets. Similarly, 25.1% of patients were classified as “Deceased”, with the same proportion across all
subsets. Females slightly outnumber males across the dataset, with a consistent distribution between subsets.
Although not shown, this study demonstrated consistent proportions across the overall, training, and testing
groups for all CBC parameters, indicating a balanced representation across subsets.
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Table 1. Distributions of Patient Demographics Across Sample Subsets
Overall Sample Training (n =7,471)  Testing (n =3,201)

Demographic Profiles

(n =10,672)
1. Patient Status
Alive 7997 (74.9) 5598 (74.9) 2399 (74.9)
Deceased 2675 (25.1) 1873 (25.1) 802 (25.1)
2. Sex
Male 5278 (49.5) 3700 (49.5) 1578 (49.3)
Female 5394 (50.5) 3771 (50.5) 1623 (50.7)
3. Hospitalization Status
Outpatient 4355 (40.8) 3058 (40.9) 1297 (40.5)
Inpatient 6317 (59.2) 4413 (59.1) 1904 (59.5)
4. Age
<60 6340 (59.4) 4440 (59.4) 1900 (59.4)
> 60 4332 (40.6) 3031 (40.6) 1301 (40.6)
5. Race
Bajau 1869 (17.5) 1311 (17.5) 558 (17.4)
Bruneian-Malay 1104 (10.3) 750 (10) 354 (11.1)
Chinese 1821 (17.1) 1274 (17.1) 547 (17.1)
Kadazan-Dusun 3284 (30.8) 2301 (30.8) 983 (30.7)
Others 2594 (24.3) 1835 (24.6) 759 (23.7)

The associations between patient status and clinical factors in the training subset, evaluated using the
chi-square test is summarized in Table 2. Significant associations were observed for age, hospitalization
status, race, WBC, neutrophil, lymphocyte, monocyte, eosinophil, IG, MCV, MCH, MCHC, RDW, platelet,
PLCR, NRBC, PDW, HGB, RBC, HCT, NLR, PLR, PCT, MPVPL, and MLR. Variables that did not reach
statistical significance (MPV, basophil, and sex) were excluded from the univariate LR analysis, leaving 25
retained predictors.

Table 2. Associations of Factors with Patient Status (Training Sample, n = 7,471)

No. Variable x? No. Variable x?

1. Age 214.037*** 15, Red cell distribution width (RDW)  436.2025***
2. Sex 0.8630" 16. Platelet 102.1817***
3. Hospitalization Status 206.4117***  17. Platelet-large cell ratio (PLCR) 12.5412%**

4. Race 17.0973** 18. Nucleated red blood cell (NRBC) 91.8478***

5. White blood cell (WBC) 584.549***  19. Mean platelet volume (MPV) 3.7373*

6. Neutrophil 1222.002***  20. Platelet distribution width (PDW)  49.1785***

7. Lymphocyte 1301.9854***  21. Hemoglobin (HGB) 655.6079%**
8. Monocyte 187.2971***  22. Red blood cell (RBC) 455.4517***
9. Eosinophil 21.2291***  23. Hematocrit (HCT) 617.459%%*

10. Basophil 2.91* 24, Z\',\ftg‘)’ph"'to"ymphocyte ratlo 65,9745
11. Immature granulocyte (1G) 581.2432*** 25 f;it%e t-to-lymphocyte ratio 1528.0933 %+
12. Mean corpuscular volume (MCV)  59.9510***  26. Plateletcrit (PCT) 10.9860***

Mean corpuscular hemoglobin

(MCH)

Mean corpuscular hemoglobin .
14. concentration (MCHC) 46.4867 28.

Note: ***p<0.001, **p<0.01, *p<0.05, *p>0.05

13. 56.9966***  27. MPV-to-platelet ratio (MPVPL) 4.1997*

Monocyte-to-lymphocyte ratio 1566.5709***

(MLR)

3.2 Collinearity Assessment and Logistic Regression Analyses

Although not shown, collinearity was assessed in the training sample using Cramer’s V, with
thresholds of 0.350 for df = 2 and 0.500 for df = 1. Several variable pairs exceeded these thresholds, including
HGB-HCT (0.747, df = 2), neutrophil-WBC (0.732, df = 2), PDW-PLCR (0.698, df = 1), and PCT-MPVPL
(0.675, df = 1). Additional strong correlations were observed between MCH and MCV, NLR and PLR, HCT
and RBC, PLT and MPVPL, neutrophil and NLR, HGB and RBC, IG and neutrophil, PLR with NLR, PLR
with lymphocyte, PLR with PLT, WBC and monocyte, and platelet with PCT. To reduce collinearity,
monocyte, HCT, WBC, RBC, PCT, PDW, IG, MPVPL, and MCH were excluded, leaving 16 variables for
univariate analysis. All 16 were significant and entered into the multivariate model. In the initial multivariate



2872 Isha, etal. REPURPOSING COMPLETE BLOOD COUNT DATA FOR MORTALITY RISK ...

LR, race, eosinophil, MCV, MCHC, PLCR, and NRBC were not significantly associated with mortality and
were sequentially removed. The final model identified several clinical variables significantly associated with
mortality risk, which can be seen in Table 3.

Table 3. Results of the Finalized Multivariate LR Model (Training Sample, n = 7,471)

Parameter Estimate p-value Adjusted Odd Ratio, OR [95% C.I]
Intercept -8.9849 <0.001 -
Hospitalization Status

Outpatient Reference

Inpatient 1.3765 <0.001 3.9611 [3.3171, 4.7430]
Age

<60 Reference

=60 1.1898 <0.001 3.2863 [2.7693, 3.9082]
Neutrophil

Normal Reference

Low 0.1298 0.7375 1.1386 [0.5258, 2.4098]
High 1.4652 <0.001 4.3283 [3.6018, 5.2164]
Lymphocyte

Normal Reference

Low 1.1024 <0.001 3.0115 [2.4272, 3.7444]
High -0.3035 0.5217 0.7382 [0.2811, 1.8113]
Red cell distribution width (RDW)

Normal Reference

Low 0.6706 0.1060 1.9553 [0.8571, 4.3764]
High 1.1898 <0.001 3.2863 [2.7473, 3.9381]
Platelet

Normal Reference

Low 1.4680 <0.001 4.3406 [3.1626, 5.9890]
High -0.2117 0.0796 0.8092 [0.6384, 1.0252]
Hemoglobin (HGB)

Normal Reference

Low 1.0332 <0.001 2.8102 [2.3370, 3.3845]
High -0.0759 0.8716 0.9269 [0.3534, 2.2575]
Neutrophil-to-lymphocyte ratio (NLR)

Normal Reference

Low -0.8871 0.1799 0.4119 [0.0911, 1.3175]
High 3.2956 <0.001 26.9940 [18.1159, 41.6789]
Platelet-to-lymphocyte ratio (PLR)

Normal Reference

Low -0.0680 0.7046 0.9343 [0.6558, 1.3248]
High 1.4000 <0.001 4.0554 [3.2876, 5.0133]
Monocyte-to-lymphocyte ratio (MLR)

Low Reference

High 1.3730 <0.001 3.9472 [3.1856, 4.9104]

As shown in Table 3, hospitalization status was a significant predictor of mortality, with inpatients
demonstrating a markedly higher risk (OR = 3.9611, p < 0.001). This is consistent with prior studies showing
increased mortality among hospitalized diabetes patients. Gao et al. [84] reported higher in-hospital mortality
among diabetic inpatients compared with non-diabetics, while Eyob Tediso et al. [85] highlighted that most
deceased patients were older, known diabetics with multiple comorbidities and complications. Similarly, Jang
et al. [86] found elevated mortality and longer hospital stays in both newly diagnosed and known diabetes
cases compared with non-diabetic individuals.

Among demographic variables, only age was significantly associated with mortality, with individuals
aged >60 years showing nearly a threefold higher risk (OR = 3.2863, p < 0.001). This finding is consistent
with prior evidence highlighting advanced age as a critical risk factor in diabetes outcomes. Yan et al. [87]
emphasized that older adults are more likely to experience diabetes and its associated complications, while
Forbes [88] demonstrated increased mortality risk among those diagnosed between 60 and 70 years. Vega-
Lopez and Gonzalez-Pérez [89] further showed that diabetes substantially reduced life expectancy among
older adults in Mexico. Supporting this, Eyob Tediso et al. [85] found that more than half of the deceased
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inpatients with diabetes were aged over 60 years. Collectively, these findings confirm that advanced age
amplifies vulnerability to diabetes-related mortality.

Complete blood count (CBC) parameters provide essential insights into both inflammatory status [10],
[25], [90], [91] and anemia-related conditions [2], [4], [92]-[95], which are regarded as important
determinants of death in patients with diabetes. Regarding inflammatory markers, higher neutrophil levels
were significantly associated with greater mortality risk (OR = 4.3283, p < 0.001), suggesting that patients
with elevated neutrophil counts had more than four times the odds of death compared with those with normal
levels. This finding is consistent with earlier studies showing that higher neutrophil levels are linked with
cardiovascular (CVD) and all-cause death in individuals with diabetic kidney disease (DKD) [90], broader
diabetic populations [96], and diabetic patients with COVID-19 [25], [97], [47]. Higher neutrophil levels
reflect ongoing inflammation that can damage blood vessels and accelerate the buildup of arterial plaque
(atherosclerosis), increasing cardiovascular and overall mortality risk in diabetes [90]. These activated
neutrophils can also promote clot formation and contribute to declining kidney function, further raising the
risk of poor outcomes [90].

Additionally, lower lymphocyte counts were significantly associated with a higher risk of death among
diabetic patients (OR = 3.0115, p < 0.001), indicating that patients with lymphopenia had approximately
threefold higher odds of mortality compared with those with normal lymphocyte levels. This observation
supports prior evidence that lymphopenia contributes to greater mortality in diabetes patients affected by
COVID-19 [25], [98] and is also linked with higher all-cause and CVD death among those with prediabetes
or diabetes [21], [91]. A possible mechanism is that reduced lymphocyte levels reflect weakened immune
defense capacity, resulting in a poorer ability to respond to severe illness and increasing the risk of adverse
outcomes [21].

Among anemia-related markers, both RDW and hemoglobin emerged as significant risk factors for
mortality in this cohort. Elevated RDW was significantly associated with diabetes-related mortality (OR =
3.2863, p < 0.001), indicating more than threefold higher odds of death compared with normal RDW levels.
This finding is consistent with previous studies demonstrating that high RDW levels markedly increase
mortality risk in patients with diabetic ketoacidosis [92], diabetes with acute Kidney injury [4], diabetic kidney
disease [93], coexisting congestive heart failure and diabetes [95], and diabetic foot amputation [94]. High
RDW reflects variability in red cell size [2], [4], resulting from chronic inflammation and oxidative stress
that impair normal red cell production (erythropoiesis) and may occur alongside nutritional deficiencies [4],
[92], [93]. These abnormalities, which are common in advanced diabetes, can impair blood vessel function
(endothelial dysfunction) and cause reduced oxygen delivery, representing cumulative metabolic stress that
worsens clinical outcomes in this patient cohort [4], [92], [93].

Similarly, low hemoglobin, indicative of anemia, was significantly associated with higher mortality
risk (OR = 2.81, p < 0.001), indicating nearly threefold higher odds of death compared with normal
hemoglobin levels. In line with these results, earlier research has shown that reduced hemoglobin levels are
linked to all-cause mortality in adults with diabetes [99], death among diabetic patients with COVID-19 [97],
[100], mortality related to diabetic foot in individuals with diabetes mellitus [5], and mortality in the broader
diabetic population [101]. Reduced hemoglobin levels lower oxygen-carrying capacity, promoting tissue
hypoxia and increased cardiovascular strain, which may contribute to vascular and organ dysfunction, and
increased mortality risk in patients with diabetes [2].

Platelet count was another significant CBC marker associated with diabetes-related mortality. Lower
platelet counts were significantly associated with higher mortality risk (OR = 4.3406, p < 0.001), indicating
more than fourfold higher odds of death compared with normal platelet levels. Other studies have reported
comparable results, showing that thrombocytopenia is linked with higher mortality in diabetic patients with
COVID-19 [25], [47], [102], [103] and with increased CVD and all-cause death in people with prediabetes
or diabetes [21], [91]. In diabetes, hyperglycemia accelerates platelet turnover by activating platelets and
shortening their lifespan, leading to ongoing platelet consumption at sites of vascular injury and
inflammation, which may worsen vascular damage and increase the risk of cardiovascular events and
mortality [20], [104].

This research demonstrated that inflammation-related blood markers, including the monocyte-to-
lymphocyte ratio (MLR), neutrophil-to-lymphocyte ratio (NLR), and platelet-to-lymphocyte ratio (PLR),
were significantly associated with mortality in individuals with diabetes. Higher MLR (OR = 3.9472, p <
0.001) indicates that patients with elevated MLR had nearly four times the odds of death compared with those
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with lower MLR levels. This finding aligns with previous studies linking higher MLR to increased mortality
in diabetic populations with chronic kidney disease [105], CVD [106], and in general diabetes cohorts [10].
An elevated MLR reflects increased inflammatory activity driven by monocytes, together with reduced
immune regulation from lymphocytes. This imbalance may contribute to endothelial injury, worsen insulin
resistance, and increase vulnerability to infection, potentially leading to poor outcomes in people with
diabetes [10].

Similarly, high PLR (OR = 4.0554, p < 0.001) implies that patients with elevated PLR had
approximately four times the odds of death compared with those with normal PLR levels. High PLR has been
reported as a marker of mortality risk in patients with diabetic foot ulcers [19], diabetes with community-
acquired pneumonia [20], and broader diabetic populations [10]. Elevated PLR reflects platelet hyperactivity
alongside reduced lymphocyte levels. This condition promotes blood clot formation and vascular
inflammation, accelerating atherosclerosis, while reduced lymphocyte responses impair immune control and
tissue repair, heightening the risk of adverse outcomes and death [19].

In the present cohort, NLR demonstrated the strongest association with mortality (OR = 26.994, p <
0.001), suggesting that patients with elevated NLR had nearly 27 times the odds of death compared with
those with normal NLR levels. Previous studies have consistently reported higher mortality among diabetic
patients with elevated NLR, including general diabetes cohorts [10], [18], diabetic foot ulcers [19], diabetes
with community-acquired pneumonia [20], cardiovascular—related death [1], [9], [22] diabetic kidney disease
[23], cardiovascular disease with diabetes [24], and diabetes with COVID-19 [25]. A high NLR represents
excessive neutrophil-driven inflammation and reduced immune regulation, leading to oxidative stress,
endothelial dysfunction, and impaired wound healing, mechanisms that are amplified in diabetes and
contribute to increased mortality [19], [20], [24].

Overall, MLR, PLR, and NLR serve as practical indicators of systemic inflammation and immune
imbalance in diabetes [19], [20], [105], [106]. Chronic inflammation, procoagulant imbalance, and
endothelial dysfunction play key roles in the progression of diabetes and its complications [10], [19], [105].
These processes contribute to tissue injury, microvascular and macrovascular complications, end-organ
damage, and cardiovascular events, which remain a leading cause of death among individuals with diabetes
[19]. Taken together, these findings support the prognostic value of inflammation-based blood markers for
identifying diabetic patients at higher risk of adverse outcomes and mortality.

Furthermore, the variance inflation factor (VIF = 1.0150-1.7731) and tolerance values (0.5640—
0.9852) for all predictors fell well within the acceptable thresholds (VIF < 10; tolerance > 0) [68], [73],
indicating minimal multicollinearity and supporting the reliability of the parameter estimates. Collectively,
these results underscore the critical role of clinical markers in assessing mortality, with inpatient status,
advanced age, elevated neutrophil counts, reduced lymphocyte levels, increased RDW, decreased HGB, and
higher NLR, PLR, and MLR emerging as significant risk factors in this patient cohort. The final regression
model is presented in Eq. (12).

P(Deceased)
log
1 — P(Deceased)

= —8.9849 + 1.3765 - xys,, + 1.1898 " X4ge260 + 14652 * Xyeur,,

+1.1024‘ " xLymphL + 1.1898 * xRDWH + 1.4680 " xpLTL + 1.0332 " xHBL
+3.2956 " xNLRH + 1.4‘ " xPLRH + 1.373 * xMLRH. (12)

These findings are in line with earlier studies that have identified hospitalization status, advanced age,
neutrophil-lymphocyte imbalance, red cell distribution width, hemoglobin level, and platelet-related indices
as important factors associated with mortality among individuals with diabetes [4], [10], [84], [87], [91], [96],
[99]. Validation of these associations in a large cohort reinforces existing evidence and extends it to an
underrepresented population in Sabah. This alignment with earlier work strengthens confidence in the
robustness and generalizability of the finalized model.

3.3 Evaluation of the Final Model’s Performance

The performance of the final model for assessing mortality risk in diabetic patients was evaluated using
calibration and discrimination metrics across both training and testing datasets. To enhance robustness and
mitigate the risk of overfitting, cross-validation was applied to these evaluation measures. Model calibration
was evaluated using 10-fold cross-validation on the training dataset (internal validation) and a separate testing
dataset (external validation). Metrics included the Brier score, Spiegelhalter’s Z-test, ECE, and MCE, as
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presented in Table 4. Brier scores were close to zero in both internal and external validations, indicating
strong calibration and reliable predictions for alive and deceased outcomes [27], [35]. Spiegelhalter’s Z-test
produced p-values > 0.05, suggesting no significant difference between predicted and observed outcomes,
consistent with good calibration [78], [79]. ECE values were 0.0641 (internal) and 0.0319 (external), showing
minimal average deviation between predicted and actual outcomes. MCE values were 0.1902 and 0.0807,
reflecting the largest discrepancies observed within any bin.

Table 4. Model Calibration Assessment

No. Measure Internal Validation External Validation
1. Brier Score 0.0776 0.0767

2. Spiegelhalter’s Z-score 0.0812, p-value: 0.4506 -0.4638, p-value: 0.6427
3. Expected Calibration Error (ECE) 0.0641 0.0319

4, Maximum Calibration Error (MCE) 0.1902 0.0807

Model discrimination was evaluated using the same 10-fold cross-validation on the training dataset for
internal validation and the independent testing dataset for external validation. Discrimination metrics
included F1-score, balanced accuracy, the Matthews correlation coefficient (MCC), and area under the
receiver operating characteristic curve (AUROC), which together provide a comprehensive evaluation of the
model’s capability to correctly distinguish between alive and deceased outcomes.

Across both internal and external validations, balanced accuracy exceeded 0.84, indicating high overall
classification performance (Table 5). F1-scores were above 0.77, demonstrating a reliable balance between
sensitivity and precision. MCC values approached 0.70, suggesting strong agreement between predicted and
actual outcomes beyond chance. In addition, the model demonstrated excellent discriminatory ability, with
AUROC values of 0.9501 for internal validation and 0.9529 for external validation, indicating a strong,
consistent capacity to differentiate between survival and mortality. Collectively, these results indicate that
the model achieved consistent and robust discriminatory performance across datasets [27].

Table 5. Model Discrimination Assessment

No. Measure Internal Validation External Validation
1. Balanced accuracy 0.8530 0.8407

2. F1-Score 0.7827 0.7703

3. Matthews correlation coefficient (MCC) 0.7114 0.6978

4. Area under the receiver operating 0.9501 0.9529

characteristic curve (AUROC)

A contextual comparison of predictive models reported in the literature for diabetes-related clinical
outcomes is presented in Table 6. Owing to substantial heterogeneity in outcome definitions, predictor sets,
populations, and validation strategies, the reported performance metrics are provided for contextual reference
only and should not be interpreted as direct head-to-head comparisons.

Table 6. Contextual Comparison of Logistic Regression—Based Mortality Risk Stratification with Alternative
Predictive Models Reported in the Literature

Study Population Ol(J;:\(;;ne Predictor Set (1Vs) Model(s) AUROC Key Notes
. Diabetes S
oS (sabah,  Mortality  CBC+patients’ profil LR 0.9529 ©BC:20e hospitalization
Y n=10672)
T2DM in ICU
[10] (MIMIC-1V, Mortality CBC, AISI, SOFA LR 0.741 Inflammatory markers
n =4783)
T2DM .
[20] (China, ~ ""-hoshital T2DMCAP LR 0gsg  More complex features
n =1360) y
DM with
COVID-19 - CBC + clinical characteristics CBC, dyspnea, CVD,
[47] (China, Mortality + comorbidities LR 0.724 CKMD

n = 325)
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Outcome

Study Population (DV) Predictor Set (1Vs) Model(s) AUROC Key Notes
DM with . S . .
[100] COVID-19 In-hosp_ltal CBC + patients’ proﬁle + LR 0.760 Neut_rophll has the highest
(Iran, n=455) mortality comorbidities diagnostic accuracy
DKD Disease Hybrid (LR +NN) is
[107] (Singapore, status Imaging + labs + patients’ profile LR, NN 0.828  slightly better, but LR is
n=6066) the second highest
CVD, CKD, .
[108] D.M’ HTN Disease Multiple predictors NN, SVM, RF, 0.768 perft?mr:i?\sctehforr"gr}fgand
(Singapore, status GBM, KNN,LR  (DM) DM
n=6,762)
DM, HTN Hospital cost, vital signs and ;
[109] (Taiwan, Mortality ~ symptoms, comorbidities, and LR, RC, GBM, 0.9700 LR has the highest
- . RF, SVM performance
n=58,618) demographic

Note. LR, logistic regression; NN, neural network; SVM, support vector machine; RF, random forest; GBM, gradient
boosting machine; KNN, k-nearest neighbors; RC, ridge classifier; AUROC, area under the receiver operating
characteristic curve; ICU, intensive care unit; DKD, diabetic kidney disease; DM, diabetes mellitus; HTN, hypertension;
CVD, cardiovascular disease; CKD, chronic kidney disease; SOFA, Sequential Organ Failure Assessment score; AlSI,
aggregate index of systemic inflammation. Reported AUROC values correspond to external or testing datasets where
available. Differences in outcome definitions, predictor availability, population characteristics, and validation
frameworks preclude direct performance benchmarking.

As shown in Table 6, externally validated AUROC values reported for alternative machine learning
and hybrid approaches are generally comparable to those observed in the present study. However, many of
these models rely on expanded predictor sets, including clinical scores, imaging data, comorbidities,
healthcare utilization metrics, or multi-modal electronic health record features. In contrast, the present study
prioritizes interpretability and feasibility by using routinely available CBC parameters combined with basic
patient characteristics, aligning with the goal of transparent and scalable mortality risk stratification in real-
world hospital settings rather than algorithmic performance optimization.

3.4 Limitations and Future Directions

This research has some limitations that must be recognized. First, it relied on secondary data, restricting
variable selection to those already available. As a result, the analysis focused primarily on CBC parameters
and a limited set of demographic characteristics. Important variables such as comorbidities, socioeconomic
factors, lifestyle factors, family and medication history were excluded due to data unavailability, limiting the
ability to account for potential confounders and reducing the depth of clinical interpretation. Second, the
study’s observational design limits the extent to which causal inferences can be made, and residual
confounding cannot be ruled out. Third, although the dataset originates from a single hospital, QEHL1 is
Sabah’s major referral center for 32 hospitals, enhancing the sample’s representativeness within the state.
However, generalizability beyond Sabah remains limited and should be interpreted accordingly.

Future research should consider prospective data collection or the use of more comprehensive,
multimodal datasets that integrate laboratory, clinical, behavioral, comorbidity, medication, socioeconomic,
and family history variables. Incorporating such data would allow for a more holistic and accurate
understanding of patient outcomes. In particular, future model extensions may incorporate non-CBC
biomarkers, clinical severity indices, or imaging-based parameters to evaluate whether predictive
performance and risk stratification accuracy can be further improved while maintaining interpretability. At
the institutional level, strengthening hospital data infrastructure by systematically capturing these variables
is recommended to enhance the quality and scope of future investigations.

3.5 Novelty of the Present Study

Rather than proposing a novel statistical or machine learning methodology, the originality of this study
lies in its contextual application, the scale of the real-world data, and its translational relevance. This work is
among the first to utilize routinely collected complete blood count (CBC) data for mortality risk stratification
in patients with diabetes in Sabah. Although CBC is low-cost and widely available, its prognostic utility in
diabetes outcomes remains underexplored, particularly in resource-limited healthcare settings. By applying
an established, clinically interpretable logistic regression framework to large-scale, real-world hospital data,
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this study demonstrates the feasibility of repurposing routinely collected hematological parameters for
prognostic use at the population level.

The proposed model demonstrated excellent calibration and discrimination in both internal and
external validations, with non-significant Spiegelhalter Z-tests, low Brier scores, and strong performance
across balanced accuracy, F1-score, and Matthews correlation coefficient (MCC). These results confirm the
model’s robustness, generalizability, and reliable ability to stratify mortality risk, even in the presence of
imbalanced outcomes. Importantly, the findings highlight the feasibility of integrating CBC-based markers
into clinical risk assessment models, offering a cost-effective and scalable approach for early identification
of high-risk patients. This contextual contribution is particularly valuable for low- and middle-income
healthcare systems, where access to advanced biomarkers, longitudinal monitoring, and specialized
diagnostic tools is often limited.

From a practical standpoint, the model is readily implementable in real-world hospital settings, as it
relies solely on routinely available CBC parameters and basic patient information. In resource-limited regions
such as Sabah, this framework may be integrated into electronic health record systems or clinical decision-
support tools to assist clinicians in early identification of high-risk patients. Future implementation studies
are warranted to evaluate its operational feasibility, usability, and impact on patient outcomes in routine
clinical practice.

4. CONCLUSION

This research was conducted to evaluate the prognostic role of complete blood count (CBC) parameters
in mortality risk stratification among 10,672 diabetic patients from Queen Elizabeth Hospital 1 (QEH1),
Sabah, using logistic regression. The findings demonstrated that inpatient status, advanced age, and elevated
neutrophil counts, neutrophil-to-lymphocyte ratio (NLR), red cell distribution width (RDW), platelet-to-
lymphocyte ratio (PLR), and monocyte-to-lymphocyte ratio (MLR), together with lower lymphocyte counts
and hemoglobin levels, were strongly associated with mortality. The logistic regression model showed
excellent calibration and discrimination across both internal and external validations, underscoring its
robustness and generalizability for clinical application. Importantly, these results demonstrate that
meaningful mortality risk stratification can be achieved by repurposing routinely collected laboratory data,
without reliance on costly or specialized biomarkers. By translating established analytical methods into a
scalable, real-world risk stratification approach, this study highlights the feasibility of integrating CBC-based
markers and demographic factors into clinical practice. This approach enables automated identification of
high-risk patients and supports timely, personalized interventions. Such approaches are particularly valuable
in resource-limited healthcare settings, where advanced diagnostic facilities are scarce. Beyond their clinical
implications, these findings provide a foundation for advancing healthcare strategies in Sabah by promoting
earlier detection, optimizing resource allocation, and improving patient management. Future research should
explore additional factors such as comorbidities, lifestyle factors, and family history to further enhance model
performance and understanding of mortality risk in diabetes. Policymakers could also leverage these insights
to strengthen public health strategies, ultimately contributing to more efficient, equitable, and patient-
centered diabetes care across Malaysia. By integrating accessible CBC markers into structured mortality risk
stratification frameworks, healthcare providers in resource-limited settings such as Sabah can substantially
improve early identification and timely management of high-risk diabetic patients, thereby reducing
preventable mortality and enabling more sustainable healthcare delivery.
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