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Abstract Anemia in inpatients represent a complex clinical condition often associated with systemic 

responses such as inflammation and infection. However, conventional univariate approaches based solely 

on hemoglobin (Hb) levels frequently fail to capture the multidimensional nature of anemia risk, particularly 

in mixed-type clinical datasets. This study aims to develop an anemia risk stratification framework by 

integrating hematological and demographic variables using the K-Prototypes clustering algorithm. The 

dataset consisted of 587 patient records collected from multiple hospitals in Central Java, Indonesia, 

including hemoglobin, leukocytes, platelets, age, and sex. Data preprocessing involved cleaning, 

standardization, and mixed-data transformation prior to clustering analysis. Multiple cluster configurations 

(𝑲 = 3, 𝑲 = 4, and 𝑲 = 5) were evaluated using the Elbow Method and clustering validation metrics, including 

Silhouette Score, Davies–Bouldin Index, and Calinski–Harabasz Index. The results identified 𝑲 = 4 as the 

optimal clustering configuration, providing the best balance between cluster separation and 

interpretability. Subsequently, the identified clusters were clinically interpreted into three risk categories, 

including High Risk, Moderate Risk, and Normal Risk. The High-Risk group exhibited the lowest mean Hb 

level (9.27 g/dL), while the Moderate Risk group was characterized by elevated leukocyte counts (19.2k/µL), 

suggesting distinct hematological patterns. The Normal Risk group demonstrated relatively stable 

hematological profiles and higher mean age. Statistical testing confirmed significant differences among 

risk profiles for age, hemoglobin, leukocytes, platelets, and gender (𝒑 < 0.001). These findings demonstrate 

that anemia-related risk patterns are influenced by multidimensional interactions among hematological and 

demographic factors. The proposed framework provides clinically meaningful patient stratification and has 

potential applications in electronic medical record systems and clinical decision support environments. 

Keywords Anemia; K-Prototypes; Mixed-Data Clustering; Risk Profile; Health Informatics. 

I. Introduction 

Anemia is a major global health problem that frequently 
affects inpatients and vulnerable populations, including 
children, women of reproductive age, and pregnant 
women. It is commonly associated with nutritional 
deficiencies, chronic diseases, infections, and 
inflammatory conditions, leading to impaired cognitive 
function, reduced productivity, prolonged 
hospitalization, and increased mortality. In clinical 
settings, anemia often occurs alongside systemic 
disorders, highlighting the close relationship between 
anemia, infection, and inflammation [1], [2], [3], [4]. In 
clinical practice, anemia rarely occurs as an isolated 
condition and is often associated with alterations in 
other hematological parameters such as leukocyte and 
platelet counts. Elevated leukocyte levels may indicate 
infection or inflammation, while platelet abnormalities 

can reflect bone marrow dysfunction or inflammatory 
responses, providing additional clinical context for 
anemia risk assessment [5], [6], [7], [8]. Despite this 
complexity, anemia risk assessment is still 
predominantly based on hemoglobin thresholds or 
univariate analysis, which may oversimplify patient 
conditions and overlook interactions among clinical and 
demographic factors [9]. As a result, patients with 
similar hemoglobin levels may present different 
biological and clinical characteristics depending on 
variables such as age and sex [10]. Therefore, 
integrating hematological and demographic data is 
essential to improve risk stratification accuracy and 
support more effective clinical decision-making in 
healthcare settings [11]. 

Several studies have applied clustering techniques 
to support anemia detection and health risk 
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stratification. K-Means has been widely adopted 
because of its simplicity and efficiency in grouping 
patients based on laboratory parameters. However, 
most existing approaches rely primarily on numerical 
variables and fail to capture interactions between 
clinical and demographic characteristics. Furthermore, 
the inability of K-Means to directly process categorical 
variables may reduce the clinical interpretability of the 
resulting clusters [12], [13], [14], [15].  

On the other hand, hospital datasets are inherently 
composed of mixed data, combining numerical 
laboratory variables such as hemoglobin, leukocytes, 
and platelets with categorical attributes such as sex 
[16]. Ignoring demographic variables may cause bias 
because anemia risk and normal hemoglobin 
thresholds differ between males and females [17]. 
Consequently, integrating both clinical and 
demographic information is essential for generating 
more accurate and clinically meaningful patient 
stratification. 

Previous studies have reported that anemia is 
associated with adverse functional outcomes, including 
reduced work productivity, emphasizing the need for 
early identification of at-risk individuals through more 
comprehensive assessment approaches [18]. To 
address these limitations, this study employs the K-
Prototypes algorithm, which is specifically designed to 
handle mixed datasets by combining Euclidean 
distance for numerical variables and simple matching 
dissimilarity for categorical variables [19], [20]. By 
integrating hemoglobin, leukocyte, platelet, age, and 
sex variables, the proposed approach aims to identify 
more comprehensive anemia risk profiles and reveal 
patient patterns that may not be detected through 
conventional diagnostic methods [21]. 

Although previous studies have applied clustering 
techniques for anemia detection and health risk 
stratification, several important limitations remain. First, 
most anemia-related clustering studies rely primarily on 
hemoglobin levels or numerical laboratory variables, 
while demographic characteristics that strongly 
influence anemia risk, such as sex and age, are often 
excluded or transformed in a way that reduces their 
clinical meaning. Second, conventional clustering 
approaches such as K-Means are limited in handling 
mixed-type datasets containing both numerical and 
categorical variables. Third, existing studies rarely 
evaluate multiple cluster configurations systematically 
to determine the most clinically meaningful grouping 
structure. Finally, the resulting clusters are generally 
presented as mathematical groupings without further 
interpretation into practical clinical risk categories that 
can support healthcare decision-making. Unlike 
previous studies that primarily focus on numerical 
laboratory parameters or employ conventional 
clustering methods, this research emphasizes the 

integration of mixed clinical and demographic data to 
generate clinically interpretable anemia risk profiles. 
The novelty of this study does not lie in the K-
Prototypes algorithm itself, but in its application for 
comprehensive anemia risk stratification through the 
combination of hematological indicators, demographic 
characteristics, systematic cluster optimization, and 
clinical interpretation of resulting patient groups. 
Furthermore, the proposed framework was designed to 
support future integration into electronic medical record 
systems and clinical decision support environments, 
thereby bridging the gap between machine learning 
analysis and practical healthcare applications. 

The main contributions of this study are summarized 
as follows: 

1. Integration of Mixed Clinical and Demographic 

Data. This study developed an anaemia risk 

profiling framework by integrating haematological 

variables (haemoglobin, leukocytes, and platelets) 

with demographic variables (age and sex) within a 

mixed-data clustering environment. This approach 

enables a more comprehensive representation of 

patient characteristics compared with 

conventional single-parameter analyses. 

2. Systematic Evaluation of Optimal Cluster 

Structures. Multiple clustering scenarios (𝐾 = 3, 

𝐾 = 4, and 𝐾 = 5) were systematically evaluated 

using the cost function and Elbow method to 

determine the most representative cluster 

configuration for anaemia risk stratification. 

3. Development of Cluster-Based Anaemia Risk 

Profiles. The resulting clusters were transformed 

into meaningful patient profiles that capture 

different haematological and demographic 

characteristics associated with anaemia-related 

conditions. 

4. Clinical Interpretation of Risk Categories. The 

identified clusters were clinically interpreted into 

Normal, Moderate, and High-Risk categories, 

enabling more practical utilization of clustering 

outcomes in healthcare settings. 

5. Potential Integration with Electronic Medical 

Record Systems. The proposed framework 

provides a foundation for future implementation 

within Electronic Medical Record (EMR) systems 

as a clinical decision support component for early 

anaemia risk assessment and patient monitoring. 

The structure of this article is systematically 
organized to provide a comprehensive understanding 
of the research stages. Following the Introduction 
section, in which the background and urgency of the 
study are presented, the Related Works section is 
intended to review relevant literature on the 
pathophysiology of anemia and the development of 
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clustering algorithms in healthcare. The Research 
Methods section was designed to describe in detail the 
dataset sources, data preprocessing stages, and the 
working mechanism of the K-Prototypes algorithm in 
handling mixed-data. The Results section is presented 
to provide empirical findings, including the 
characteristics of each cluster and data distribution 
visualizations. Subsequently, the Discussion section 
was constructed to interpret these findings from a 
clinical perspective and to compare them with previous 
studies. Finally, the study was concluded in the 
Conclusion section, where the main findings, research 
limitations, and recommendations for future 
development are summarized. 

II. Method  

A. Data Description 

The dataset used in this study consists of anonymized 
hematological examination records collected from five 
hospitals in Central Java, Indonesia within the period of 
2022–2025 (Table 1). An initial dataset of 620 patient 
records was obtained through random sampling, and 
after data cleaning, duplicate removal, and exclusion of 
records that did not meet the predefined inclusion 
criteria, 587 patient records were retained for analysis. 
In this case, the selected variables included 
hemoglobin (Hb), leukocyte count, platelet count, age, 
and sex, representing both clinical and demographic 
factors relevant to anemia risk assessment. 
Hemoglobin values were interpreted according to WHO 
anemia criteria (<13 g/dL for males and <12 g/dL for 
females), while leukocyte and platelet counts were 
evaluated using standard clinical reference ranges of 
4–11 ×10³/µL and 150–450 ×10³/µL, respectively, to 
support the clinical interpretation of the identified risk 
profiles. 

 The inclusion criteria applied in this study are as 
follows: 

1. patient records originating from the participating 

hospitals during the period of 2022–2025; 

2. records containing complete information for all 

selected variables, including hemoglobin level, 

leukocyte count, platelet count, age, and sex; 

3. patients aged between 1 and 93 years; and 

4. records with valid laboratory examination results 

obtained through routine clinical services. 

Meanwhile, the exclusion criteria are as follows: 

1. records with missing values in one or more 

selected variables; 

2. duplicate patient records identified during the 

preprocessing stage; 

3. records containing inconsistent demographic 

information, such as missing sex information, 

invalid age values (e.g., negative age), or 

discrepancies between demographic attributes 

recorded within the same patient entry; and 

4. records with biologically implausible laboratory 

values based on clinical reference standards and 

data quality assessment, including abnormal 

values that are highly unlikely to occur in clinical 

practice, such as hemoglobin levels below 2 g/dL 

or above 25 g/dL, leukocyte counts exceeding 

300,000/µL, or platelet counts exceeding 

2,000,000/µL. 

Several limitations should be acknowledged. The 
dataset did not include ferritin, C-reactive protein 
(CRP), ICD-based diagnoses, nutritional status, or 
pregnancy status. Therefore, the resulting clusters 
represent anemia-related risk patterns derived from the 
available hematological and demographic variables 
rather than confirmed clinical diagnoses. Future studies 
should incorporate these variables to improve clinical 
interpretability and risk stratification performance. 

B. Data Collection 

The data used in this study consisted of 
retrospective clinical records obtained from medical 

Table 1. Characteristics of the Multi-Hospital Patient 
Dataset. 

Item Description 

Final 
dataset size 

587 patient records 

Hospital 
source 

• RSUD Brebes, Central Java  

(Type B) 

• RS Bhayangkara, Semarang  

(Type C) 

• RSUD DR. H Soewondo Kendal, 

Kendal (Type B) 

• RS Roemani Muhammadiyah, 

Semarang (Data collected in 2024) 

(Type C) 

• RS Roemani Muhammadiyah, 

Semarang (Data collected in 2023) 

(Type C) 

Data period 2022 - 2025 

Sampling 
technique 

Random sampling 

Age range 1 – 93 years 

Numerical 
variables 

Hemoglobin, Leukocyte, Platelet, Age 

Categorical 
variable 

Sex 

Total 
variables 

5 
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record examinations conducted in several hospitals in 
Central Java, Indonesia. Ethical approval was granted 
by the respective Health Research Ethics Committees 
(Komisi Etik Penelitian Kesehatan, KEPK) prior to data 
collection, and the study was conducted in accordance 
with the applicable ethical regulations and the 
Declaration of Helsinki [22]. All patient records were 
anonymized before analysis to ensure confidentiality 
and privacy. No personally identifiable information was 
included in the dataset. As this study utilized 
anonymized retrospective secondary data, the 
requirement for individual informed consent was 
waived by the respective ethics committees. The 
dataset was obtained from hospital laboratory 
databases covering the period from 2022 to 2025 
across five collection phases. Random sampling was 
applied to select eligible records from the available 
dataset. The collected variables included demographic 
characteristics (age and sex) and key hematological 
parameters, namely hemoglobin (Hb), leukocyte count, 
and platelet count, which are clinically relevant for 
anemia risk analysis. A total of 587 patient records 
were retained for analysis and extracted from the 
digitized laboratory information systems of participating 
hospitals. As illustrated in Fig. 1, the study followed a 
systematic workflow beginning with multi-hospital data 
acquisition, followed by ethical approval, de-
identification, and initial screening procedures to 
ensure data confidentiality and compliance with 
healthcare research standards. The dataset was 
subsequently filtered according to predefined inclusion 
and exclusion criteria [23]. Incomplete, duplicate, and 
inconsistent records were removed, resulting in a 
validated dataset comprising 587 observations. The 
final dataset was stored in a structured digital format to 
facilitate preprocessing activities, including data 

cleaning, normalization, feature preparation, and 
subsequent K-Prototypes clustering analysis. 

C. Clinical Risk Interpretation 

Although the K-Prototypes algorithm generated four 
statistical clusters under the optimal configuration (𝐾 = 

4), these clusters were subsequently translated into 
three clinically interpretable risk categories based on 
their mean hemoglobin values. The cluster with the 
lowest mean hemoglobin level was classified as High 
Risk, the cluster with the highest mean hemoglobin 
level was classified as Normal Risk, while the 
remaining intermediate clusters were combined into the 
Moderate Risk category. This mapping strategy was 
implemented to improve clinical interpretability while 
maintaining the original clustering structure identified 
by the algorithm. Following the clustering process, 
clinical risk categories were determined according to 
the mean hemoglobin (Hb) level of each cluster. 
Clusters with the lowest, intermediate, and highest 
mean Hb values were subsequently labeled as High 
Risk, Moderate Risk, and Normal Risk, respectively. 

D. Data Preprocessing and Normalization 

The data preprocessing stage was initiated with the 
cleaning and validation of the dataset to ensure the 
integrity of the clinical information to be processed. As 
illustrated in Table 2 (Proposed Method: Patient 
Hematological Risk Clustering Flow), this stage is a 
part of a structured pipeline that begins from raw data 
acquisition and continues through preprocessing, 
feature engineering, clustering, and risk interpretation. 

Considering that the data were obtained from multiple 
hospitals, the first step involved synchronizing 
numerical formats and handling inconsistencies in 
measurement units and decimal separators.  

 
Fig. 1. Data collection, ethical screening, eligibility assessment, and final dataset selection for anemia risk 
profiling. 

 

 

 

 

 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i3.1723
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 3, July 2026, pp: 1260-1276                                           e-ISSN: 2656-8632 

 

Manuscript received 30 April 2026; Revised 30 June 2026; Accepted 10 July 2026; Available online 24 July 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i3.1723 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1264               

The entire data processing workflow was 
implemented in Python using the Google Colab 
environment. Data preprocessing and manipulation 
were performed using Pandas and NumPy, numerical 
variables were standardized using Scikit-learn, and 
clustering analysis was conducted using the K-
Prototypes algorithm from the kmodes library. The 
clustering model was initialized using the Cao method 
(𝑖𝑛𝑖𝑡='Cao') with five independent runs (𝑛_𝑖𝑛𝑖𝑡=5) to 

improve clustering stability and reduce sensitivity to 
centroid initialization. A fixed random seed 
(𝑟𝑎𝑛𝑑𝑜𝑚_𝑠𝑡𝑎𝑡𝑒=42) was applied to ensure 

reproducibility of the results, while other parameters 
were maintained at their default library settings. 
Clustering experiments were performed using 𝐾 values 

of 3, 4, and 5, and the optimal cluster configuration was 
determined using the Elbow Method. Data visualization 
was performed using Matplotlib and Seaborn [24]. 

Data containing missing values in key variables 
such as hemoglobin, leukocytes, and platelets were 

systematically removed to avoid computational bias, 
while the categorical variable of sex was standardized 
into binary labels, where the value 0 represents 
females and the value 1 represents males. 
Furthermore, as depicted in Fig. 2, the clustering stage 
employed the K-Prototypes algorithm [25] by 
evaluating multiple cluster scenarios, specifically 𝐾 = 3, 

𝐾 = 4, and 𝐾 = 5, to explore variations in data 

partitioning and to ensure a robust assessment of 
cluster structure [26]. These variations were 
considered to identify the most representative grouping 
pattern for mixed-type clinical data. The resulting 
clusters were then mapped into three interpretable risk 
categories: Normal, Moderate Risk, and High Risk, to 
facilitate clinically meaningful interpretation and 
support decision-making processes [27]. After ensuring 
the dataset was complete and free of missing values, 
numerical features were standardized using Z-score 
normalization to achieve scale equivalence among 
variables [11]. This step is necessary due to significant 

Table 2. The Proposed Method Patient Hematological Risk Clustering Flow. 

STEP INPUT PROCESS OUTPUT 

1. Data Collection 
• Hospital systems 
• Laboratory records 

Collecting patient data and extracting 
relevant variables 

Raw Data (e.g., Age, 
Gender, Hb, Leukocytes, 
Platelets) 

2. Inclusion / 
Exclusion Criteria 

• Hematological 
parameters 
• Age and Gender 

• Applying inclusion criteria 
• Applying exclusion criteria 

Eligible Dataset (after 
applying criteria) 

3. Data Cleaning • Eligible dataset 
• Handling missing values 
• Checking data consistency 
• Removing outliers / implausible values 

Cleaned Dataset (high-
quality data) 

4. Normalization • Cleaned dataset 

• Standardizing numerical variables (Z-
Score) 
• Categorical variable (Gender) remains 
categorical 

Normalized Dataset 
(numerical variables 
standardized) 

5. K-Prototypes 
Clustering 

• Normalized dataset 
• Parameter settings (K = 
3, 4, 5) 

• Applying K-Prototypes algorithm 
• Testing multiple K values (K = 3, 4, 5) 

Cluster Solutions (for 
multiple K values) 

6. Cluster 
Validation 

• Cluster solutions 

• Evaluating clustering quality using internal 
metrics 
• Computing DBI, Silhouette, Calinski-
Harabasz Index 

Optimal K Selection (best 
cluster configuration) 

7. Clinical 
Interpretation 

• Optimal cluster 
configuration 

• Interpreting clusters based on 
hematological & demographic 
characteristics 
• Analyzing patterns & clinical relevance 

Clinically Interpretable 
Clusters (meaningful 
patient groupings) 

8. Risk Profiling • Interpretable clusters 

• Assigning risk levels (High, Moderate, 
Normal) 
• Summarizing hematological & 
demographic profiles 

Anemia Risk Profiles (risk 
categories with profile 
characteristics) 

9. EMR / CDSS 
Integration 

• Anemia risk profiles 
• Integrating risk profiles into EMR 
• Enabling CDSS for risk stratification and 
follow-up 

EMR/CDSS Integration 
(real-time clinical 
application) 
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differences in hematological value ranges, where 
hemoglobin was measured on a small scale, while 
leukocyte and platelet counts can reach much higher 
magnitudes. As shown in Fig. 2, these scale disparities 
could bias the clustering process by causing variables 
with larger values to disproportionately influence 
cluster formation. Therefore, standardization was 
applied to ensure that each clinical parameter 
contributed proportionally to the clustering model. The 
normalization process begins by calculating the mean 
𝜇 of each numerical feature, as expressed in Eq. (1), 

followed by the computation of the standard deviation 
𝜎 in Eq. (2). The mean represents the central tendency 

of the data, whereas the standard deviation measures 
the dispersion of observations around the mean. 
Subsequently, each observation was transformed into 
a standardized score using the Z-score formulation 
shown in Eq. (3), resulting in variables with a mean of 
zero and a standard deviation of one  [28].  

𝜇 =  
1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1
  (1) 

In this equation, 𝜇, 𝑥𝑖 , 𝑛 denote the mean of the 

variable, the observation at index 𝑖, and the total 

number of observations, respectively. The mean was 
calculated to determine the central tendency of each 
numerical feature before normalization [29]. 

𝜎 =  √
∑ (𝑥𝑖 − 𝜇)2𝑛

𝑖=1

𝑛
 

(2) 

In this equation, 𝜎, 𝑥𝑖, 𝜇, and 𝑛, represent the standard 

deviation, observation value, mean of the variable, and 
total number of observations, respectively.  

Standard deviation measures data dispersion and is 

required for Z-score normalization [30]. 

𝑍 =  
𝑥 −  𝜇

𝜎
         (3) 

In this equation, 𝑍 denotes the standardized (Z-score) 

value, 𝑥 is the original observed clinical value, 𝜇 

represents the mean of the corresponding numerical 

feature, and 𝜎 is the standard deviation, indicating the 

variability of the data. 

E. Clustering-Based Risk Profiling and Statistical 

Analysis 

To identify latent patterns within mixed clinical and 
demographic data, this study employed the K-
Prototypes clustering algorithm. The method was 
selected because it can simultaneously process 
numerical and categorical attributes, making it suitable 
for medical datasets containing hematological 
measurements and demographic characteristics. 
Unlike K-Means, which is limited to numerical 
variables, K-Prototypes integrates distance measures 
for both data types into a unified clustering framework 
[31]. To identify latent patient profiles from mixed 
clinical and demographic data, the K-Prototypes 
algorithm was employed. Numerical variables were 
measured using Squared Euclidean Distance Eq. (4) 
[32]. 

𝑑𝑛(𝑥, 𝑦) =  ∑ (𝑥𝑖 − 𝑦𝑗 )2
𝑚

𝑗=1
     (4) 

In this equation, 𝑑𝑛(𝑥, 𝑦) denotes the numerical 

distance between objects 𝑥 and 𝑦, while 𝑥𝑖 and 𝑦𝑗  

represent the corresponding numerical attributes of 
objects 𝑥 and 𝑦, respectively, and 𝑚 is the total number 

of numerical attributes. This distance measures 
similarity among numerical clinical variables. While 
categorical variables were evaluated using Simple 
Matching Dissimilarity Eq. (5) 

𝛿(𝑥𝑖 , 𝑦𝑗) =  {
0, 𝑥𝑖 =  𝑦𝑖

1, 𝑥𝑗 ≠  𝑦𝑗   (5) 

In this equation, 𝛿(𝑥𝑖 , 𝑦𝑗) denotes the categorical 

dissimilarity, where a value of 0 indicates identical 
categories and a value of 1 indicates different 
categories. This measure was applied to the gender 
attribute. The K-Prototypes formula in Eq. (6) is as 
follows [31]: 

𝑑(𝑥, 𝑦) =  ∑(𝑥𝑗− 

𝑝

𝑗=1

𝑦𝑗)2 +  𝛾 ∑ 𝛿(𝑥𝑗

𝑚

𝑗=𝑝+1

, 𝑦𝑗 ) 
 

(6) 

In this equation, 𝑑(𝑥, 𝑦) denotes the total dissimilarity 

between objects 𝑥 and 𝑦. ∑ (𝑥𝑗− 
𝑝
𝑗=1 𝑦𝑗 )2  represents 

the squared Euclidean distance for the p numerical 
features, 𝛾 is the weighting factor balancing the 

contributions of numerical and categorical variables, 
∑ 𝛿(𝑥𝑗

𝑚
𝑗=𝑝+1 , 𝑦𝑗) denotes the simple matching 

dissimilarity for the categorical features, and 𝛿(𝑥𝑗  , 𝑦𝑗 ) 

is the Kronecker delta function, which equals 0 when 
𝑥𝑗 = 𝑦𝑗  and 1 otherwise. 

𝐶𝑖 = arg 𝑚𝑖𝑛𝑘  ( ∑ (𝑥𝑖𝑗 −  𝜇𝑘𝑗)
2

+  𝛾 ∑  𝜎  (𝑥𝑖𝑗 −  𝜇𝑘𝑗)

𝑗∈𝑐𝑎𝑡𝑗∈𝑛𝑢𝑚

) (7) 

 
Fig. 2. Distributions of numerical features before 
and after Z-score standardization. 
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Eq. (7) [33], Assignment rule was used to assign each 

data point 𝑥𝑖 into cluster 𝐶𝑘 that produces the minimum 
dissimilarity value. In this equation, 𝑥𝑖𝑗 represents the 

value of the 𝑗 feature of data point 𝑖, while 𝜇𝑘𝑗 denotes 

the centroid of cluster 𝑘. The term 𝛾 is used as a 

weighting factor for categorical attributes, and 
𝛿(. ) indicates the simple matching function between 

categorical values. The clusters were determined by 
minimizing the combined numerical and categorical 
distance. The weighting coefficient 𝛾 balances the 

contribution of numerical and categorical attributes. 
The clustering process minimizes the objective function 
in Eq. (8) [34]: 

𝐸 =  ∑ ∑ 𝑢𝑖𝑘𝑑(𝑥𝑖 , 𝑐𝑘)

𝐾

𝑘=1

𝑛

𝑖=1

 
 

(8) 

In this equation, 𝐸 denotes the clustering cost, 𝑢𝑖𝑘 is 

the membership indicator, 𝑥𝑖 represents observation 𝑖, 
𝑐𝑘 is the centroid of cluster 𝑘, 𝐾 is the total number of 

clusters with numerical and categorical centroids 
updated according to Eq. (9) and Eq. (10) [35], 
respectively. 

𝑐𝐾 =  
1

𝑛𝑘
 ∑ 𝑥𝑖

𝑥𝑖∈𝐶𝑘

 (9) 

In this equation, 𝑐𝐾 , 𝑛𝑘, and 𝐶𝑘 represent the centroid, 

the number of observations, and cluster 𝑘, respectively. 

Eq. (10): 

𝑐𝑘
𝑐𝑎𝑡 = 𝑀𝑜𝑑𝑒(𝑥𝑖) (10) 

In this equation, 𝑐𝑘
𝑐𝑎𝑡  and 𝑀𝑜𝑑𝑒(𝑥𝑖) represent the 

categorical centroid and the most frequent category in 
cluster 𝑘.  

In this study, 𝛾 was automatically estimated using the 

default mechanism of the kmodes library; therefore, no 
additional tuning was performed. Fig. 3 presents the 
feature correlation matrix among hemoglobin (Hb), 
leukocytes, platelets, age, and gender. Gender was 
encoded as a binary variable (Female = 0, Male = 1) 
prior to the correlation analysis and machine learning 
modeling. Consequently, the sign of the Spearman 
correlation coefficient involving sex should be 
interpreted according to this coding scheme, where 
positive coefficients indicate greater association with 
male participants and negative coefficients indicate 
greater association with female participants. The 
results show generally low to moderate correlations, 
indicating that each variable contributes 
complementary information to the dataset. Since no 
strong multicollinearity (𝑟 > 0.80) was observed, all 

variables were retained for clustering analysis [36]. 
Cluster quality was evaluated using the Silhouette 

Coefficient Eq. (11) [37]: 

𝑠(𝑖) =  
𝑏(𝑖) − 𝑎(𝑖)

max(𝑎(𝑖), 𝑏(𝑖))
 (11) 

In this equation, 𝑠(𝑖) denotes the silhouette value of 

observation 𝑖, 𝑎(𝑖) represents the average distance 
between observation 𝑖 and all points within the same 

cluster, and 𝑏(𝑖) is the average distance between 

observation 𝑖 and the nearest neighboring cluster. The 

Silhouette Coefficient evaluates how well an 
observation fits within its assigned cluster relative to 
neighboring clusters. Values close to 1 indicate strong 
cluster membership, whereas values close to −1 
indicate possible misclassification. Then, Eq. (12) 
shows the Average Silhouette Score [37]: 

𝑆 =  
1

𝑛
 ∑ 𝑠(𝑖)

𝑛

𝑖=1

 (12) 

In this equation, 𝑆 denotes the average silhouette 

score, 𝑛 is the total number of observations, and 𝑠(𝑖) 
represents the silhouette coefficient of observation 𝑖. 

SSE (Sum of Squared Errors), Eq. (13) [38]: 

𝑆𝑆𝐸 =  ∑ ∑ ‖𝑥𝑖 − 𝜇𝑘‖2

𝑥𝑖∈𝐶𝑘

𝐾

𝑘=1

  (13) 

SSE was used to measure the compactness of clusters 
by summing the squared distance between each data 
point and its cluster centroid. In this equation, 
𝑥𝑖  represents the 𝑖-th data point, 𝜇𝑘  denotes the 

centroid of cluster 𝑘, and 𝐾 is the total number of 

clusters. A lower SSE indicates that data points are 
more closely grouped within their clusters. TSS (Total 

Sum of Squares), Eq. (14) [38]: 

 
Fig. 3. Spearman correlation matrix of the clinical 
and demographic variables used for clustering. 
 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i3.1723
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 3, July 2026, pp: 1260-1276                                           e-ISSN: 2656-8632 

 

Manuscript received 30 April 2026; Revised 30 June 2026; Accepted 10 July 2026; Available online 24 July 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i3.1723 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1267               

𝑇𝑆𝑆 =  ∑‖𝑥𝑖 − 𝑥̅ ‖2

𝑛

𝑖=1

 (14) 

TSS represents the total variance of the dataset before 
clustering. Here, 𝑥𝑖 denotes the 𝑖-th data point, 𝑥̅ is the 

overall mean of the dataset, and 𝑛 is the total number 

of data points. This metric was used as a baseline to 
evaluate how much variance was reduced after 

clustering. Davies–Bouldin Index, Eq. (15) [37]: 

𝐷𝐵 =  
1

𝐾
∑ 𝑀𝑎𝑥𝑗≠1(

𝑆𝑖 +  𝑆𝑗

𝑀𝑖𝑗

𝐾

𝑖=1

) (15) 

In this equation, 𝐷𝐵 denotes the Davies–Bouldin Index, 

𝑆𝑖 and 𝑆𝑗 represent the intra-cluster dispersion of 

clusters 𝑖 and 𝑗, respectively, 𝑀𝑖𝑗 is the distance 

between the centroids of clusters 𝑖 and 𝑗, and 𝐾 is the 

total number of clusters. 

Lower Davies–Bouldin values indicate better clustering 
quality because they represent smaller within-cluster 
dispersion and greater separation between clusters. 

Calinski–Harabasz Index, Eq. (16) [37]: 

𝐶𝐻 =  
𝑇𝑟(𝐵𝑘)/(𝐾 − 1)

𝑇𝑟(𝑊𝑘)/(𝑛 − 𝐾)
 (16) 

In this equation, 𝐶𝐻 denotes the Calinski–Harabasz 

Index, 𝑇𝑟(𝐵𝑘) and 𝑇𝑟(𝑊𝑘) represent the between-

cluster and within-cluster dispersions, respectively, 
between-cluster dispersion, 𝐾 is the total number of 

clusters, and 𝑛 is the total number of observations. 

Higher Calinski–Harabasz values indicate better-
defined clusters characterized by high between-cluster 
separation and low within-cluster variance. These 
metrics were jointly used to determine the optimal 
cluster configuration by assessing cluster compactness 
and separation. 

Finally, inferential statistical analysis was conducted 
to examine differences among the identified risk 
profiles. Data normality was assessed using the 
Shapiro–Wilk test, followed by the Kruskal–Wallis H-

test Eq. (17) [39]: 

𝐻 =  
12

𝑁(𝑁 + 1)
 ∑

𝑅𝑖
2

𝑛𝑖

𝑘

𝑖=1

− 3(𝑁 + 1) (17) 

In this equation, 𝐻 denotes the Kruskal–Wallis test 

statistic, 𝑁 is the total number of observations across 

all groups, 𝑘 represents the number of groups 

(clusters), 𝑅𝑖 is the sum of ranks for group 𝑖, and 𝑛𝑖 is 

the number of observations in group 𝑖. For non-

parametric comparisons. Significant results were 
further analyzed using Dunn’s post-hoc test with 

Bonferroni correction Eq. (18) [40]: 

𝑍 =  
𝑅𝑖 − 𝑅𝑗

√
𝑁(𝑁 + 1)

12 (
1
𝑛𝑖

+ 
1
𝑛𝑗

)

 

(18) 

In this equation, 𝑍 denotes Dunn's test statistic, 𝑅𝑖 and 

𝑅𝑗 represent the mean ranks of groups 𝑖 and 𝑗, 

respectively, 𝑛𝑖 and 𝑛𝑗 are the numbers of observations 

in groups 𝑖 and 𝑗, respectively, and 𝑁 = is the total 

number of observations. The association between 
gender distribution and risk profiles was evaluated 

using the Chi-Square test Eq. (19) [39]: 

𝑋2 =  ∑
(𝑂 − 𝐸)2

𝐸
 (19) 

In this equation, 𝑋2 denotes the Chi-Square test 

statistic, 𝑂 represents the observed frequency, and 𝐸 

represents the expected frequency with expected 
frequencies calculated using Eq. (20): 

𝐸 =  
(𝑅𝑜𝑤 𝑇𝑜𝑡𝑎𝑙)(𝐶𝑜𝑙𝑢𝑚𝑛 𝑇𝑜𝑡𝑎𝑙)

𝐺𝑟𝑎𝑛𝑑 𝑇𝑜𝑡𝑎𝑙
 

(20) 

In this equation, 𝐸 represents the expected frequency, 

𝑅𝑜𝑤 𝑇𝑜𝑡𝑎𝑙 and 𝐶𝑜𝑙𝑢𝑚𝑛 𝑇𝑜𝑡𝑎𝑙 denote the total 

observations in the corresponding row and column 
categories, respectively, and 𝐺𝑟𝑎𝑛𝑑 𝑇𝑜𝑡𝑎𝑙 is the total 

number of observations in the contingency table. 
Statistical significance was defined as 𝑝 < 0.05 [39], 

[41]. 

F. Proposed Clustering Algorithm  

Algorithm 1 summarizes the proposed workflow for 
anemia risk profiling using the K-Prototypes clustering 

Table 3. Clinical Characteristics of Risk Profiles for the Selected K = 4 Configuration. 

Variable High Risk (n = 155) 
Middle Risk 

(n = 217) 
Normal (n = 187) 

Age (years) 41.72 ± 16.97 26.53 ± 18.36 60.00 ± 11.07 

Hemoglobin, Hb (g/dL) 9.27 ± 2.52 11.54 ± 1.91 12.13 ± 1.99 

Leukocytes (×10³/µL) 14.94 ± 7.92 19.19 ± 16.95 10.67 ± 5.48 

Platelets (×10³/µL) 498.35 ± 121.49 293.21 ± 96.34 279.78 ± 101.73 

Sex, Male/Female 64 / 91 130 / 87 122 / 65 
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algorithm. The process begins with loading the patient 
dataset, followed by the application of inclusion criteria, 
duplicate removal, and missing value handling. 
Numerical variables are standardized using Z-score 
normalization, while categorical variables are retained 
for mixed-data clustering. The K-Prototypes algorithm 
is then executed with 𝐾 = 3, 𝐾 = 4, and 𝐾 = 5. Clustering 

performance is evaluated using the Cost function, 
Silhouette Coefficient, Davies–Bouldin Index, and 
Calinski–Harabasz Index to determine the optimal 
configuration. Finally, the selected clusters are 
clinically interpreted and assigned to anemia risk 
profiles, producing the final risk categories. 

 

III. Result 

A. Clustering Convergence and Optimal K-Value 

Before profile interpretation, the convergence and 

stability of the clustering algorithm were evaluated using 

the cost function (Inertia), Silhouette Score, Davies–

Bouldin Index (DBI), and Calinski–Harabasz Index (CHI) 

across multiple cluster configurations (𝐾 = 3–5) [26]. As 

𝐾 increased, the cost function decreased (1595.08 to 

1120.65), while the Silhouette Score (0.200–0.226) and 

CHI (128.96–148.93) increased, and the DBI decreased 

(1.619–1.229), indicating improved clustering quality. 

Although 𝐾 = 5 achieved slightly better validation 

metrics, 𝐾 = 4 was selected as the optimal configuration 

based on the balance between clustering performance 

and clinical interpretability. To further characterize the 

input variables prior to cluster interpretation, pairwise 

associations were examined using Spearman's rank 

correlation Fig. 3. Spearman's method was selected 

because the dataset included binary and non-normally 

distributed variables. Sex was encoded as a binary 

variable (Female = 0, Male = 1), and correlations 

involving sex should therefore be interpreted according 

to this coding scheme. All absolute Spearman 

correlation coefficients were below 0.70, indicating no 

evidence of strong multicollinearity among the variables 

used for clustering.  

Furthermore, the clustering validation results were 

summarized for 𝐾 = 3–5. The Elbow method identified 𝐾 

= 4 as the optimal configuration, supported by a 

Silhouette Score of 0.221, a DBI of 1.339, and a CHI of 

148.020, indicating a balanced clustering solution with 

good compactness, separation, and interpretability.  

Table 3 presents the clinical characteristics of the 

identified risk profiles. The High-Risk group exhibited the 

lowest mean hemoglobin level (9.27 g/dL) and the 

highest mean platelet count (498 ×10³/µL), indicating a 

greater likelihood of anemia-related abnormalities. The 

Moderate Risk group showed the highest mean 

leukocyte count (19.19 ×10³/µL), suggesting the 

presence of inflammatory or infection-related 

hematological conditions. In contrast, the Normal Risk 

group demonstrated the highest mean hemoglobin level 

(12.13 g/dL) and relatively stable hematological 

parameters, representing the most favorable clinical 

profile among the identified groups.  

Furthermore, Gender distribution varied across the 

identified risk profiles. The High Risk group was 

predominantly female, accounting for 58.7% of patients, 

Table 4. Kruskal–Wallis, Dunn’s Post-Hoc, and Chi-Square Test Results Across Risk Profiles. 

Variable Test Statistic (𝑯/𝝌²) Overall 𝒑-value HR–MR HR–NR MR–NR 

Age 249.7 <0.001 <0.001* <0.001* <0.001* 

Hemoglobin 120.7 <0.001 <0.001* <0.001* 0.011* 

Leukocytes 36.7 <0.001 1.000 <0.001* <0.001* 

Platelets 240.1 <0.001 <0.001* <0.001* 1.000 

Sex 21.4 <0.001 — — — 

 

Algorithm 1. Anemia Risk Profiling Using K-
Prototypes 

Input:           

                Patient dataset 

Output:        

                Risk profile 

1. Loading the dataset 

2. Applying the inclusion criteria 

3. Removing the duplicates 

4. Handling the missing values 

5. Normalizing the numerical features 

6. Defining the categorical variables 

7. Running the K-Prototypes for 𝐾=3,4,5 

8. Computing the Cost 

9. Evaluating the Silhouette, DBI, CHI 

10. Selecting optimal 𝐾 

11. Generating clusters 

12. Applying clinical interpretation 

13. Assigning risk profile 

14. Producing final anemia risk categories 
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while males comprised 41.3%. In contrast, the Moderate 

Risk group was dominated by males (59.9%), with 

females representing 40.1%. A similar pattern was 

observed in the Normal Risk group, where males 

constituted 65.2% and females 34.8%. These 

differences indicate that sex may contribute to the 

variation in anemia risk profiles, with females appearing 

more frequently in the High Risk category and males 

predominating in the Moderate and Normal Risk groups. 

Abbreviations: HR = High Risk; MR = Middle Risk; NR 

= Normal Risk; Hb = Hemoglobin. 𝐻 denotes the 

Kruskal–Wallis test statistic for continuous variables, 

whereas 𝜒² denotes the Chi-square test statistic for the 

categorical variable (Sex). Indicates statistical 

significance (𝑝 < 0.05). Dunn's post-hoc test was 

performed only for continuous variables that showed 

significant overall differences. Table 4 summarizes the 

inferential statistical analysis and post-hoc comparisons 

among the identified risk profiles. The Kruskal–Wallis 

test revealed significant differences for Age, 

Hemoglobin, Leukocytes, and Platelets (all 𝑝 < 0.001). 

Post-hoc Dunn's tests with Bonferroni correction showed 

that Age and Hemoglobin differed significantly across all 

pairwise comparisons. For Leukocytes, significant 

differences were observed between the Normal Risk 

group and both the High Risk and Moderate Risk groups, 

whereas no significant difference was found between 

High Risk and Moderate Risk. For Platelets, significant 

differences were detected between the High-Risk group 

and the other two groups, while Moderate Risk and 

Normal Risk showed comparable platelet distributions. 

In addition, the Chi-Square test indicated a significant 

association between gender and risk profile (𝜒² = 

21.431, 𝑝 < 0.001), suggesting that sex contributes to 

the heterogeneity of the identified anemia risk 

categories. 

B. Clinical and Demographic Profiling Analysis 

The following table presents the clinical and 

demographic characteristics of each cluster, providing 

an overview of the distinct patterns identified in the data. 

Table 5 shows that different cluster configurations (𝐾 = 

3, 𝐾 = 4, and 𝐾 = 5) produce varying levels of clinical 

interpretability. The 𝐾 = 3 configuration tended to group 

heterogeneous patient profiles into broader categories, 
whereas 𝐾 = 5 resulted in cluster fragmentation and 

reduced interpretability. The 𝐾 = 4 configuration 

provided the most balanced separation of 
hematological patterns, with the High-Risk group 
exhibiting the lowest mean Hb level (9.27 g/dL), the 
Moderate-Risk group showing elevated leukocyte 
counts (19.2 ×10³/µL), and the Normal-Risk group 
maintaining relatively stable hematological parameters 
(Hb = 12.13 g/dL). Although 𝐾 = 4 generated four 

statistical clusters, these were subsequently mapped 
into three clinically interpretable risk categories based 
on mean hemoglobin levels. Therefore, 𝐾 = 4 was 

selected as the optimal configuration due to its balance 
between cluster differentiation, data distribution, and 
clinical relevance for anemia risk stratification. 

C. Cluster Distribution and Feature Interaction 

Table 5. Comparison of Clinical and Demographic Risk Profiles Across 𝑲 = 3, 𝑲 = 4, and 𝑲 = 5 

Configurations. 

Risk Profile Variable 𝑲 = 3 𝑲 = 4 𝑲 = 5 

High Risk 

Age (years) 27.71 41.72 45.82 

Hb (g/dL) 9.77 9.27 7.89 

Platelets (×10³/µL) 358 498 226 

Leukocytes (×10³/µL) 11.5 14.9 8.2 

Gender (Male/Female) 103 / 142 64 / 91 30 / 42 

Moderate Risk 

Age (years) 45.57 26.53 32.26 

Hb (g/dL) 10.87 11.54 11.06 

Platelets (×10³/µL) 381 293 397 

Leukocytes (×10³/µL) 43.2 19.2 18.7 

Gender (Male/Female) 43 / 20 130 / 87 182 / 147 

Normal Risk 

Age (years) 54.92 60.00 60.33 

Hb (g/dL) 12.48 12.13 12.68 

Platelets (×10³/µL) 324 280 293 

Leukocytes (×10³/µL) 11.7 10.7 11.0 

Gender (Male/Female) 170 / 81 122 / 65 104 / 54 
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The visualization of data distribution using a scatter plot 
FIG. 4 is shown to demonstrate a strong interaction 
between Hemoglobin and Leukocyte variables in 
distinguishing risk profiles. The cluster distribution plots 
illustrate the interaction between hemoglobin and 
leukocyte levels across different clustering 
configurations 𝐾 = 3, 𝐾 = 4, and 𝐾 = 5 highlighting how 

cluster structure evolves with increasing granularity. In 
the 𝐾 = 3 configuration, the clusters appear more 

overlapped, particularly in the moderate range of 
hemoglobin values, where cases with extreme 
leukocyte elevations were grouped together, limiting 
clear clinical differentiation. The 𝐾 = 4 configuration 

shows a more distinct separation, where clusters 
become more compact and better differentiated, 
especially in identifying patients with elevated 
leukocyte levels that indicate inflammatory or infectious 
conditions, while maintaining a consistent grouping for 
low hemoglobin cases. In contrast, the 𝐾 = 5 

configuration introduces additional fragmentation, 
where clusters become more dispersed and less 
distinct, reducing interpretability. Overall, the 
visualization demonstrates that 𝐾 = 4 provides the most 

balanced representation of feature interaction, 
effectively separating anemia-related patterns from 
inflammation-driven profiles, while preserving cluster 
clarity and cohesion. From a medical informatics 
perspective, the proposed framework has the potential 
to be integrated into Electronic Medical Record (EMR) 
systems and Clinical Decision Support Systems 
(CDSS). Routine hematological and demographic data, 
including hemoglobin, leukocyte count, platelet count, 
age, and sex, can be automatically processed by the 
K-Prototypes model to generate patient-specific risk 
labels. These outputs may be visualized through 
clinical dashboards to assist healthcare professionals 
in identifying high-risk patients, prioritizing 
interventions, and improving patient monitoring 
workflows. Furthermore, the framework can operate as 
a secondary risk-screening layer within existing EMR 

infrastructures without requiring additional laboratory 
examinations, since all input variables were routinely 
collected during standard hematological assessments. 

 

IV. Discussion 

A. Interpretation of Clustering Results in Clinical 
Context 

The evaluation of multiple cluster configurations (𝐾 = 3, 

𝐾 = 4, and 𝐾 = 5) demonstrates that determining an 

optimal number of clusters is essential for achieving 
meaningful patient segmentation. Although the cost 
function consistently decreases as the number of 
clusters increases, the improvement becomes 
marginal beyond 𝐾 = 4, indicating an optimal balance 

between cluster quality and model complexity. In the 𝐾 

= 3 configuration, extreme leukocyte values tend to be 
grouped into a single cluster, limiting the differentiation 
of clinical conditions, whereas the 𝐾 = 5 configuration 

introduces excessive fragmentation that reduces 
representativeness. In contrast, the 𝐾 = 4 configuration 

provides clearer separation and more compact cluster 
structures, enabling the distinction of anemia-related 
and inflammation-associated hematological patterns.  

Based on this configuration, the resulting clusters 
were clinically interpreted using established 
hematological reference ranges, where the High Risk 
category was assigned to clusters with the lowest 
hemoglobin levels and the greatest deviation from 
normal values, the Moderate Risk category 
represented intermediate hematological profiles with 
moderate hemoglobin levels or elevated leukocyte and 
platelet counts, and the Normal Risk category included 
clusters whose hematological parameters were 
generally closer to standard clinical reference ranges. 
This approach ensures that the resulting risk profiles 
are not only statistically robust but also clinically 
meaningful and interpretable. 

B. Comparison with Prior Studies 

 
Fig. 4. Distribution of hemoglobin and leukocyte values across K = 3, K = 4, and K = 5 clustering 

configurations, with clinically interpreted risk categories and sex-specific markers. 
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As summarized in Table 6, the proposed framework 
shares several methodological similarities with 
previous studies while offering important clinical and 
analytical contributions. Similar to K-Prototypes-based 
studies [19], [31], the proposed approach clusters 
mixed numerical and categorical clinical data to identify 
meaningful patient groups. Likewise, the MSKP 
framework [20] demonstrates the importance of 
integrating heterogeneous medical data for healthcare 
analysis, supporting the suitability of mixed-data 
clustering methods in clinical applications. In contrast, 
studies using K-Means [13], [14] primarily relied on 
numerical data for disease stratification or population 
vulnerability analysis, whereas the present study 
integrates both hematological parameters and 
demographic characteristics to better capture patient 
heterogeneity. Furthermore, unlike the work of 
Aschenbruck et al. [19], which focused on improving K-
Prototypes initialization strategies, this study 
emphasizes the development of clinically interpretable 
anemia risk profiles supported by comprehensive 
cluster validation using the Silhouette Coefficient, 
Davies–Bouldin Index, and Calinski–Harabasz Index, 

followed by statistical significance testing using the 
Kruskal–Wallis, Dunn's post-hoc, and Chi-square tests. 
Compared with the hypertension risk profiling study in 
[31], the proposed framework specifically targets 
anemia risk stratification using routine hematological 
indicators collected from multiple hospitals, providing 
practical support for early risk assessment and 
potential integration into electronic medical record 
(EMR) and clinical decision support system (CDSS) 
environments. 

C. Clinical Implications for Healthcare Providers 

The K-Prototypes clustering model provides practical 
value for hospital information systems by supporting 
automated clinical decision-making through early risk 
detection directly from electronic medical records, 
enabling faster intervention for high-risk patient 
profiles. It also improves operational efficiency by 
enhancing triage and bed management, allowing 
prioritization of patients based on identified risk 
phenotypes and reducing bottlenecks in emergency 
and intensive care services. Additionally, the study 
underscores the importance of data quality 
governance, as initial inconsistencies in laboratory 

Table 6. Methodological Comparison Between the Proposed Anemia Risk-Profiling Framework and 
Previous Studies 

Ref Method Similarity Difference 

[13]  K-Means 

Applied unsupervised 
clustering to stratify 
patients using clinical 
numerical data. 

K-Means on pediatric asthma data; this study used K-
Prototypes on mixed hematological data for anemia 
risk profiling. 

[14]  K-Means 

Employed clustering to 
classify population risk 
based on observed 
characteristics. 

Early-marriage vulnerability mapping; this study 
focuses on hospital-based anemia risk profiling. 

[19]  K-Prototypes 

Applied K-Prototypes to 
cluster mixed numerical 
and categorical 
healthcare data. 

Focuses on initialization strategies; this study 
develops clinically interpretable anemia risk profiles 
and validates cluster quality. 

[20]  MSKP 

Utilized mixed-source 
medical data for 
clustering-based 
healthcare analysis. 

Proposes an enhanced K-Prototypes algorithm; this 
study applies standard K-Prototypes for multi-hospital 
anemia risk profiling. 

[26]  Q-learning 

Adopted a data-driven 
approach to support 
intelligent decision-
making. 

Reinforcement learning for Federated Edge Cloud 
optimization; this study performs unsupervised patient 
clustering for anemia risk assessment. 

[31]  K-Prototypes 

Used K-Prototypes to 
identify disease-related 
risk groups from mixed 
clinical data. 

Hypertension risk detection; this study targets anemia 
risk profiling using hematological indicators. 

This Study K-Prototypes 

Clustered mixed 
hematological and 
demographic variables 
from multiple hospitals. 

Multi-hospital anemia risk profiling with cluster 
validation and statistical significance analysis for 
potential EMR/CDSS integration. 
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units highlight the need for standardized data entry and 
automated validation to ensure reliable secondary data 
use for clinical, research, and interoperability purposes. 

D. Limitations of the Study 

Despite its strong validation and clinically meaningful 
risk stratification, this study has several limitations. The 
analysis was based on retrospective clinical data and 
relied primarily on routinely available hematological 
and demographic variables. Important clinical factors 
associated with anemia etiology, including ferritin, C-
reactive protein (CRP), ICD-based diagnoses, 
nutritional status, pregnancy status, medication history, 
and clinical outcome data, were not available in the 
dataset. In addition, potential data quality issues 
inherent to electronic health record (EHR) systems may 
affect data completeness and consistency. Although 
the dataset was collected from multiple hospitals in 
Central Java, external validation using independent 
datasets from other healthcare institutions has not yet 
been conducted, which may limit the generalizability of 
the identified risk profiles across different healthcare 
settings. Future studies should incorporate additional 
clinical biomarkers and perform multi-center external 
validation to improve the robustness and clinical 
applicability of the proposed framework.  

 

V. Conclusion 

This study aimed to develop an anemia risk profiling 

model by integrating mixed clinical data, including 

numerical hematological parameters (hemoglobin, 

leukocytes, and platelets) and the demographic variable 

sex, using the K-Prototypes clustering approach. The 

results identified 𝐾 = 4 as the optimal clustering 

configuration, providing a balance between cluster 

quality and clinical interpretability. Under this 

configuration, the High-Risk group exhibited the lowest 

mean hemoglobin level (9.27 g/dL) and was 

predominantly female, the Moderate-Risk group showed 

elevated leukocyte counts (19.2 × 10³/µL) with 

intermediate hematological characteristics, and the 

Normal-Risk group demonstrated relatively stable 

hematological profiles (Hb = 12.13 g/dL). These findings 

indicate that anemia risk is influenced by the interaction 

of hematological and demographic factors rather than 

hemoglobin levels alone, highlighting the potential of 

mixed-data clustering for more comprehensive risk 

stratification and future integration into electronic 

medical record–based clinical decision support systems. 

Nevertheless, this study was limited by the absence of 

additional clinical variables such as ferritin, C-reactive 

protein (CRP), ICD diagnosis, nutritional status, and 

pregnancy status, which may influence anemia 

interpretation. Future research should incorporate richer 

clinical data, such as NLP-derived notes, ICD-10 codes, 

and patient outcomes, to improve prognostic risk 

profiling. Multi-center validation and HL7 FHIR-

compliant implementation are also needed to enhance 

model generalizability, interoperability, and real-time 

clinical application across diverse healthcare systems. 
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