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Abstract 
 

The article presents the architecture, software implementation, and experimental validation of an intellectualized software 
package developed within the framework of the "Health Passport" digital platform for automated diagnosis of clinical and 
hematological syndromes, in particular, anemias of various morphological and biochemical nature. The proposed system is 
implemented in the form of a modular software and hardware complex that covers the entire analysis cycle: from the 
collection and pre-processing of laboratory data to the calculation of diagnostic indices, morphological classification, 
probabilistic forecasting and the formation of a diagnostic conclusion. The key modules of the platform include: Data 
Acquisition (structured data import), Data Preprocessing (data cleaning and normalization), Mathematical Evaluation 
(calculation of MCV, MCH, MCHC indices and aggregated anemia score), Morphological Classification (anemia presence, type 
and character determination), as well as Ensembling and Neural modules for building and training machine learning models 
and neural networks. As part of the experimental study, classification accuracy was achieved up to 98.1% (XGBoost) and 100% 
(neural network classifier with probabilistic output). The system demonstrated the stability, reproducibility and clinical 
interpretability of decisions. The results obtained indicate the high applied importance of the complex as a tool for 
standardizing laboratory diagnostics, reducing the burden on doctors and integrating into digital healthcare ecosystems. 
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1. Introduction 

Anemia, along with its accompanying clinical and 

hematological manifestations, continues to be one of the most 

common diseases on the planet, affecting over 1.6 billion 

people and posing a serious global threat to public health.[1] 

Affecting almost a third of the world's inhabitants, this 

pathology significantly increases morbidity and mortality, 

reduces work productivity, and also slows down psychomotor 

development, especially in children and women during 

pregnancy.[2] According to the reports of the World Health 

Organization (WHO), the prevalence of anemia is 24.8% 

among children under 5 years of age, 29.6% among pregnant 

women and 37.9% among women of fertile age, with the iron 

deficiency form dominating, accounting for more than half of 

all cases.[3] Clinically, anemia is expressed in various 

syndromes, from chronic fatigue, shortness of breath and 

palpitations to cognitive disorders, and in hematological terms 

it is characterized by a microcytic hypochromic structure of 

red blood cells and a drop in hemoglobin below 110 g/l in 

children and 120 g/l in women.[4] The problem is particularly 

acute in low- and middle-income countries, where the 

incidence of anemia varies from 40 to 60% in certain areas of 

sub-Saharan Africa and South Asia, mainly among the most 

vulnerable categories: women of fertile age, pregnant women, 

and infants under 5 years of age.[5,6] In these regions, anemia is 

aggravated by a complex of risk factors, including iron 

deficiency from poor nutrition, heavy blood loss during 
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menstruation or parasitic diseases (such as hookworm), 

chronic inflammation, as well as malaria and other infections 

that suppress the formation of red blood cells.[7,8] In children, 

it provokes stunting, weakened immune defenses, and lifelong 

cognitive impairments, with a 5-10—point drop in IQ and a 

20-30% decrease in school performance.[9] Among pregnant 

women, anemia increases the likelihood of preeclampsia, 

premature birth, and low birth weight, increasing perinatal 

mortality by 2-3 times.[10] 

The economic damage caused by anemia is enormous: 

according to estimates by WHO and the World Bank, it 

annually leads to losses of 0.6% of the GDP of developing 

countries, which globally is equal to 25-50 billion US dollars, 

mainly due to a decrease in labor efficiency by 10-15% and an 

increase in medical costs.[6,11] In low-income countries, 

including India, Bangladesh, and Ethiopia, anemia affects up 

to 50% of women of fertile age, exacerbating gender 

inequality and slowing demographic shifts.[12]Moreover, in the 

era of climate change and urbanization, the situation is 

deteriorating: droughts and floods destroy agricultural land, 

limiting access to iron-rich foods, and moving to megacities 

changes the diet towards carbohydrates with low nutritional 

value.[13] 

Although effective preventive measures such as iron 

supplements, flour fluoridation, and fortification programs are 

readily available, their implementation remains insufficient: in 

Africa, only less than 20% of pregnant women receive 

complete supplementation.[14] This highlights the importance 

of comprehensive strategies combining nutrition optimization, 

infection control, and modernization of health systems within 

the framework of the United Nations Sustainable 

Development Goals (SDGs 2 and SDGs 3).[15]A s a result, 

anemia appears not only as a medical, but also as a socio-

economic catastrophe requiring urgent international measures 

to eradicate it by 2030.[16] 

Diagnosis of anemia in clinical practice remains 

fragmented and depends heavily on subjective interpretation 

of laboratory values. Morphological differentiation of anemias 

- microcytic, macrocytic and normocytic - requires analysis of 

not one but a whole set of parameters: mean corpuscular 

volume (MCV), mean corpuscular hemoglobin (MCH), mean 

corpuscular hemoglobin concentration (MCHC), red blood 

cell count (RBC), hemoglobin (HGB), hematocrit (HCT), as 

well as biochemical and immunological markers, including 

ferritin (Fer) and vitamin B12. However, in real practice, 

interpretation is often limited to hemoglobin level only, which 

leads to diagnostic errors and suboptimal choice of therapy. 

Iron deficiency anemia (IDA), for example, is an early 

marker of gastrointestinal cancers, particularly colorectal 

cancer. However, the results of a national survey among 325 

primary care physicians in the United States showed that only 

73.5% of respondents correctly interpreted the laboratory 

values of HDA, especially for borderline values of ferritin and 

transferrin saturation.[4] This indicates the existence of “gray 

areas” in manual diagnosis that require digitalization. Even in 

the presence of formalized diagnostic criteria, the accuracy 

and reproducibility of manual interpretation remain limited, 

especially in mixed forms of anemia. Therefore, there is an 

increasing need to implement intelligent systems that can 

integrate with electronic medical records and use a 

comprehensive interpretation model. At the same time with 

the increasing amount of available laboratory data, the 

relevance of machine learning (ML) and data mining 

techniques is increasing.[17] ML methods allow automating the 

classification process by learning from precedents and 

identifying hidden patterns. Classical algorithms such as 

logistic regression, support vector method (SVM), decision 

trees and k-nearest neighbors (KNN) algorithm are widely 

used in medical informatics. Several works.[18,19] have 

demonstrated their effectiveness in morphological 

classification of anemias with accuracy above 90%.[20] 

However, such models are sensitive to unbalanced classes and 

noise in the data, which limits their clinical applicability 

without adaptation. 

Ensemble methods (bagging, boosting, stacking, voting) 

provide more robust and accurate results. Algorithms like 

XGBoost and LightGBM demonstrate accuracy up to 98-

99%.[21-23] while allowing quantification of the contribution of 

each feature to the classification, which is critical for clinical 

interpretation. Stacking models combine the strengths of 

several basic algorithms using a meta-classifier, as 

demonstrated by models combining Random Forest, KNN and 

gradient bousting with logistic regression as the unifying 

layer.[24] For the task of predicting anemia in pregnant women, 

for example, homogeneous ensembles based on CatBoost, 

Random Forest and XGBoost have been used, showing 

accuracies ranging from 91.34% to 97.44% depending on the 

chosen class decomposition strategy.[25,26] This demonstrates 

the potential of ensemble approaches in the tasks of not only 

classification but also risk stratification. 

Anemia, characterized by a decrease in hemoglobin or red 

blood cell count, is responsible for more than 115,000 

maternal deaths and about 591,000 perinatal deaths worldwide 

each year. According to the World Health Organization 

classification, anemia in pregnant women is divided into mild 

(Hb 10-10.9 g/dL), moderate (Hb 7.0-9.9 g/dL), and severe 

(Hb < 7 g/dL). In a study,[27] the authors used homogeneous 

ensemble machine learning algorithms to estimate the 

prevalence of anemia among pregnant women in Ethiopia. The 

data were pre-processed to ensure their suitability for machine 

analysis and building a model that predicts the degree of 
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anemia. Decision tree, random forest, CatBoost and extreme 

gradient bousting (XGBoost) algorithms were applied to 

create the predictive model, both with and without class 

decomposition strategies (“one versus one” and “one versus 

all”). Without class decomposition, CatBoost showed the 

highest accuracy at 97.08%, followed by XGBoost at 94.26%, 

and Random Forest at 91.34%. When one-to-one 

decomposition was applied, the accuracy was 97.44 % for 

CatBoost, 95.21 % for XGBoost, and 94.4 % for Random 

Forest. 

Modern research in the field of anemia diagnostics 

increasingly includes deep neural networks (NN),[28-30] 

recurrent[31,32] and convolutional architectures[33] trained on 

extended datasets. Neural networks are highly sensitive to 

complex and hidden patterns, but they are traditionally 

criticized for the "opacity" of solutions. In response, the 

explicable AI (XAI) direction is developing, including the 

methods SHAPE (SHapley Additive Explanations),[34] LIME 

(Local Interpretable Model-agnostic Explanations),[35] 

attention mechanisms, and visualization of feature 

contributions to prediction. Such tools make it possible to 

integrate neural network conclusions into the clinical process 

while maintaining the trust of the doctor. 

Thus, the analysis of the literature shows a steady trend 

towards the transition from manual interpretation of 

hematological parameters to intelligent diagnostic systems 

based on machine learning and neural network modeling 

methods. The most effective solutions combine interpretability, 

adaptability and modular architecture, enabling integration 

into clinical practice, including electronic health passports and 

decision support systems. The present study is aimed at the 

development, software implementation and experimental 

validation of a modular hardware and software complex 

focused on the automated morphological classification of 

anemia and the formation of a primary diagnostic conclusion 

based on quantitative and probabilistic criteria. The proposed 

system, integrated into the digital Health Passport platform, 

combines mathematical modeling methods, ensemble 

machine learning algorithms, and visually customizable 

neural network architectures in a single clinical and analytical 

environment. The paper presents in detail the architecture of 

the platform, the algorithmic basis, experimental results and 

directions for further development. 

 

2. Materials and methods 

2.1 Modeling of business processes for diagnosing clinical 

and hematological syndromes 

The process of diagnosing CHS, including various forms of 

anemia, was formalized in the form of a sequential digital 

outline covering all key stages: from obtaining primary 

laboratory data to a formalized conclusion based on the results 

of interpretation.[36] This approach ensures continuity, 

reproducibility and automation of the diagnostic cycle. 

The methodology for modeling business processes for 

diagnosing clinical and hematological syndromes, 

implemented within the framework of this study, is 

implemented in 5 stages, which are schematically presented in 

Fig. 1. 

 

 
Fig. 1: Stages of clinical and hematological syndromes 

diagnostics in the Health Passport complex. 

 

In the first stage - "Collection and verification of laboratory 

data" - clinical and laboratory information (hemoglobin, 

hematocrit, red blood cell count, ferritin, vitamin B12, etc.) is 

collected from hematology analyzers. The Data Acquisition 

module provides structured data entry, format control, and 

primary filtering of errors. At the second stage, the data is 

cleared of omissions and outliers, standardization of units of 

measurement and normalization (Data Preprocessing module). 

This step is critical for ensuring the correct operation of 

mathematical and machine models. At the "Calculation of 

hematological indices of pathologies" stage, on the basis of 

pre-processed data, derived risk indicators are calculated for 

all significant variables: HGB, HCT, RBC, MCV, MCH, 

MCHC as well as ferritin and B12 vitamin. At the fourth stage, 

the transformed data can be used to perform medical analysis 

using logical-threshold rules and fuzzy logic (Morphological 

Classification module), or to classify data using machine 

learning algorithms (Ensembling, Neural). The former 

implementation is based on morphological indicators and 

values of the M index, and is also refined using biochemical 

markers (ferritin, B12). module. In the latter, the user can 

forecast using ensemble or neural network models. The 

Ensembling module assembles model compositions (Boosting, 

Bagging, Voting, Stacking), while the Neural module provides 

a visual editor for neural networks. Both tools allow users to 

train and predict on new data. At the output, a structured output 

is formed, including: 

• the presence or absence of anemia; 

• cytometric type (micro-, normo-, or macrocytic); 

• probabilistic estimates (in the case of using neural networks); 

• concomitant characteristics (e.g., the assumption of the B12-

deficiency or iron-deficiency nature of anemia). 

Each stage is logically and technically connected with the 

previous one. All activities are logged and auditable. Thus, a 

digital diagnostic business process has been implemented that 

complies with the principles of clinical validity, 

reproducibility and scalability. 
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Table 1: The role of specialists and DSS in the framework of the Health Passport software package. 

Process Actors Role and functions of actors 

Technicians Responsible for obtaining primary biomaterials and conducting hematological and biochemical analyses (HB, RBC, HCT, 

Fer, B12, etc.) 

Standardized output data tables are generated to be uploaded to the system through the Data Acquisition module 

Ensure quality control, compliance with asepsis standards, venipuncture techniques and standardization of procedures that 

affect the reliability of the results 

Clinicians The end users of diagnostic results 

Interpret the output of the system, form a clinical conclusion and therapeutic tactics 

The software package is used as a tool to support the decision, and not as a substitute for expert assessment 

Intelligent 

System 

Automates the processing of laboratory data, including preprocessing, index calculation, morphological and biochemical 

classification 

Provides an objective, reproducible and standardized interpretation of the results 

Provides a clinically oriented conclusion in the following format: the presence of anemia, its morphological and biochemical 

type, diagnostic confidence (in %) 

 

2.2 Digital diagnostics of clinical and hematological 

syndromes 

Digital diagnosis of clinical and hematological syndromes is 

based on a clear distribution of roles between clinical 

specialists, laboratory staff and an intelligent decision support 

system (DSS).[37] The role of these specialists and DSS is 

presented in Table 1. 

Thus, the software package acts as an intelligent 

intermediary between the laboratory and the doctor, reducing 

the likelihood of errors associated with the human factor and 

speeding up the receipt of diagnostic solutions. 

The transition to a digital model for the diagnosis of 

clinical and hematological syndromes is an objective necessity 

due to a number of key factors. 

• Firstly, modern clinical diagnostic laboratories generate 

large amounts of data, which makes manual interpretation 

inefficient and error-prone.[38-40] Automation ensures the 

processing of information in real time without depending on 

the burden on personnel. 

• Secondly, digitalization makes it possible to standardize the 

interpretation of laboratory test results, eliminating the 

subjective factor and increasing the reproducibility of 

diagnostic decisions.[41,42] A unified system of rules and 

formulas excludes inter-operator variability. 

• Third, intelligent data processing systems provide the ability 

to quantify diagnostic confidence, especially in cases of mixed 

or borderline forms of anemia.[43,44] This expands the analytical 

capabilities of the physician and improves diagnostic accuracy.  

• Fourth, the integration of the software package with 

electronic medical records and laboratory information systems 

makes it possible to build end-to-end digital circuits from the 

laboratory to the clinical solution, supporting the concept of a 

"smart hospital".[45] 

• Fifth, the platform's modular structure and scalability allow 

it to adapt to a variety of settings, from outpatient 

appointments to telemedicine consultations and preventive 

screenings. 

Thus, the digitalization of the diagnostic process is not just 

a technological improvement, but a necessary stage in the 

transition to evidence-based, objective and clinically 

reproducible medicine. 

 

2.3 Formal diagnostic models 

A key element of the intellectualized system of differential 

diagnosis of anemia is the use of formalized quantitative 

models based on the calculations of diagnostic indices and 

aggregated indicators. This enables reproducibility, 

interpretability, and automation of diagnostic decisions. 

Differential diagnosis of CHS is carried out on the basis of the 

calculation of basic hematological indices. Based on primary 

laboratory parameters (HGB, RBC, HCT), the following 

standardized indices are calculated: MCV, MCH, MCHC. The 

formulas for calculating these three standardized indices are 

as Eq. (1): 

{
 
 

 
 MCV=

HCT

RBC

MCH=
HGB

RBC

MCHC=
HGB

HCT

 (1) 

These indicators are universal markers of the 

morphological characteristics of erythrocytes and are used to 

subsequently determine the type of anemia. For a 

comprehensive assessment of the severity of anemic syndrome, 

an aggregated M indicator is used, which reflects the degree 

of deviation from the norm in six parameters. The calculation 

is carried out according to the weighted Eq. (2): 

M=0,5⋅mHGB+0,1⋅mHCT+0,1⋅mMCHC

+0,1⋅mMCH+0,1⋅mMCV+0,1⋅mRBC 
(2) 

where mi is the degree of belonging of each indicator to the 

pathological range (fuzzified value from 0 to 1). 

Thresholds and decision-making logic Eq. (3): 

{
M≥0,5 - anemia

0,2<M<0,5 - anemia possible

M≤0,2 - no anemia

 (3) 
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This Eq. (3) is applied at the first stage of the analysis and 

determines the need for further morphological refinement. 

Next, the procedure for determining the cytometric type of 

anemia is implemented. That is, if anemia is confirmed, 

classification is made by type: 

• Microcytic anemia - decrease in MCH and MCV below the 

normal thresholds; 

• Macrocytic anemia - MCH decreased, MCV increased; 

• Normocytic anemia - index values within the normal range, 

but with deviations in biochemical markers (for example, 

reduced ferritin or B12); 

• Mixed form - thresholds for more than one index are 

exceeded at the same time (for example, mmicro >0.5 and 

macro > 0.5). 

At the final stage, biochemical information is used to 

clarify the nature of anemia by Eq. (4): 

{
If Fer < threshold- iron deficiency risk 

If B12 < threshold - В12 deficiency risk

Else- chronic diseases risk

 (4) 

These formalized criteria Eq. (4) are implemented in the 

MathematicalEvaluation module and passed to Morphological 

Classification for a final diagnostic conclusion. 

 

2.4 Algorithmic base of classifiers  

As part of the intellectualized diagnostic complex construction, 

a wide range of machine learning algorithms were used - both 

classical and ensembled ML, as well as neural network 

architectures. The approach is based on comparative modeling 

and selection of optimal solutions in terms of accuracy, 

interpretability and stability.  

To solve the problems of binary and multiclass 

classification, the models presented in Table 2 were used. 

To increase the generalizing ability of the models and 

resistance to noise, the following ensemble techniques were 

used: 

• Voting (hard and soft voting) - aggregates the predictions of 

several models, choosing the most likely class; 

• Bagging - training several models on different subsamples 

with subsequent averaging of their predictions; 

• Boosting - sequential training of models with a focus on the 

errors of previous iterations (XGBoost, AdaBoost, 

LightGBM); 

• Stacking is a multi-level architecture where the metamodel 

is trained on the outputs of the underlying models. 

Configuration with RF, DT and KNN at level 0 and Logistic 

Regression at level 1 was used. 

Graphical models of these 4 algorithms for assembling 

machine learning methods are presented in Fig. 2. 

All ensembles were tested using cross-validation and 

demonstrated comparable or better performance in accuracy, 

precision, recall and F1-score metrics compared to single 

models and traditional methodics. 

 

Table 2: Models for solving problems of binary and multiclass classification of CHS. 

Model Rationale for application for research tasks 

Logistic Regression A simple and interpretable method that uses linear class separation and is suitable for basic feature sensitivity 

assessment 

Support Vector Method (SVM) Effective in high-dimensional problems and works well with small but informative samples 

k Nearest Neighbors Method 

(kNN) 

Intuitive model based on the observation distance metric 

Decision Tree An easy-to-interpret algorithm that forms a hierarchy of diagnostic rules 

Random Forest An ensemble of decisive trees, resistant to overtraining and effectively works with heterogeneous features 

Gradient boosting (XGBoost) One of the most productive algorithms on structured data, demonstrated the highest accuracy (up to 98.1%) 

in diagnosing anemia 

 

 
Fig. 2: Graphical models of algorithms for ensemble of machine learning methods: a) Boosting ensemble algorithm; b) Bagging 

ensemble algorithm; c) Voting ensemble algorithm; d) Stacking ensemble algorithm. 
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3. Results and discussion 

3.1 Implementation of the software package architectural 

model 

The architectural model of the software and hardware complex 

for diagnosing clinical and hematological syndromes for 

health care describes the structure and interaction between 

various components of the system. It includes software and 

hardware components that work together to collect, process, 

and analyze medical data.  

The architectural model is implemented as a modular 

distributed system with centralized data management and a 

clear delineation of functional roles between components. The 

architecture is built on the principles of a microservice 

approach and is focused on ensuring high scalability, fault 

tolerance and compatibility with external information systems. 

The diagnostic platform is built as a modular and scalable 

software and hardware complex designed for intelligent 

decision-making support in the detection of clinical and 

hematological syndromes. The architecture of the system is 

based on the principles of interoperability, reproducibility, 

automation and clinical validity.  

The platform is implemented on the principle of service-

oriented architecture (SOA) with a clear division of 

functionality into modules. Each stage of the diagnostic 

process - from the acquisition of laboratory data to the final 

interpretation - is separated into a separate logically complete 

component. Interoperability between modules is provided 

through standardized APIs and a centralized relational 

database. 

Both the classic client-server model (access via web 

interface and REST API) and the ability to deploy in the cloud 

infrastructure are supported, which allows the system to be 

used both at stationary clinical workplaces and on mobile 

devices while maintaining the requirements for security and 

user authentication. 

The architecture is modular, that is, each component 

performs a separate function, which facilitates the 

maintenance and development of the system. All data must be 

protected using encryption and access control. The software 

package has the following key modules and functional blocks: 

• Database; 

• Data Acquisition analytical module; 

• Data Preprocessing analytical module; 

• Mathematical Evaluation computational model; 

• Analytical Morphological Classification; 

• Intelligent Ensembling module 

• Analytical Neural module. 

A centralized database based on PostgreSQL ensures the 

integrity, consistency and traceability of all data - from raw 

input to classification output. All modules are connected to a 

single DBMS and use secure RESTful APIs for data exchange. 

The user interface is implemented as a web application and 

provides access to all the functions of the platform: loading 

data, setting up models, running calculations, and viewing 

results. The interface is adapted to the work of medical 

personnel and provides intuitive interaction with each stage of 

the diagnostic process. Fig. 3 shows the general layout of the 

architectural model. 

The server infrastructure of the model is designed for 

storing and processing data. It includes multiple tiers of 

servers (databases, web servers, and applications). Data 

storage systems are used for long-term storage of large 

amounts of data by CHS. The infrastructure ensures high 

availability and fault tolerance, enabling continuous access to 

diagnostic tools. Scalable cloud-based or on-premise 

deployment options can be implemented depending on 

institutional needs. Client devices such as doctors' 

workstations and mobile devices are used to interact with the 

Health Passport software package. These devices allow 

clinicians to access patient records, enter new clinical data, 

and review analytical outputs directly at the point of care. This 

ensures seamless workflow integration and real-time decision-

making support. 

The Health Passport software package has an intuitive 

 

 
Fig. 3: Architectural model of the Health Passport software package. 
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interface for doctors that allows them to enter data, receive test 

results and recommendations. The user interface includes 

visualization tools such as trend charts and heatmaps, 

improving the interpretability of diagnostic outputs. It is 

optimized for use in clinical environments with minimal 

training required. To ensure information security, all modules 

of the architectural model contain appropriate security 

measures, including data encryption, access control, and 

monitoring of user activity. Compliance with healthcare data 

protection standards is ensured. Audit logs are maintained to 

track system usage and prevent unauthorized access. 

The model is a client-server model with a microservice 

architecture. That is, client devices (doctors) interact with the 

server, which processes requests and provides data. Each 

module can be implemented as a separate service, making it 

easier to manage, update, and scale the system. This 

architectural approach improves system modularity and fault 

isolation, allowing independent deployment and maintenance 

of each functional block. It also facilitates integration of new 

analytical modules or AI models without affecting the core 

system. It is planned to consider the integration of the software 

complex with other medical information systems and 

standards. Such integration may include HL7, FHIR, and 

DICOM standards, enabling interoperability with hospital 

EHR systems and diagnostic devices. This would enhance data 

exchange and promote standardized workflows across clinical 

institutions. 

Thus, the architecture of the platform provides an end-to-

end, automated and reproducible cycle of analysis of clinical 

and hematological data with the ability to scale, integrate and 

adapt to specific clinical tasks. Its modular and extensible 

design makes it suitable for deployment in both centralized 

hospitals and remote healthcare settings, supporting 

personalized and population-wide diagnostics alike. 

 

3.2 Modular implementation of the software package 

The modular architecture of the Health Passport platform 

provides a logical decomposition of the diagnostic process 

into autonomous computational components. Each module is 

responsible for a clearly defined stage in the clinical and 

hematological evaluation pipeline, enabling transparency, 

traceability, and reusability of individual operations. This 

architectural solution is especially important in the medical 

domain, where reproducibility, explainability, and data 

integrity are critical. The entry point for system interaction is 

the main interface window, which serves as the control panel 

for both technical and medical users. From this central hub, 

users can access various diagnostic modules—each designed 

to process, evaluate, and visualize specific types of data or 

perform essential operations.  Specialized components 

perform morphological classification of anemia subtypes 

based on calculated indices, while machine learning and 

neural network modules provide predictive analytics and 

probabilistic inference. Importantly, the architecture is built 

around a secure, centralized database that ensures reliable 

storage of input parameters, intermediate calculations, and 

final diagnostic outputs. The database supports real-time 

communication with frontend elements, allowing clinicians to 

view, compare, and validate results through an intuitive 

graphical user interface. 

Security, user authentication, and role-based access control 

are also core parts of the system architecture. This makes the 

platform suitable for deployment not only in research or 

laboratory settings but also in clinical environments where 

strict compliance with data privacy regulations is mandatory. 

Furthermore, the microservice-based structure allows for 

modular updates and scalability without affecting the core 

analytical capabilities of the system. Fig.4 illustrates the main 

window of the Health Passport software package, where each 

module is represented as an interactive card, allowing users to 

launch tasks, manage patient records, and initiate diagnostic 

workflows with minimal training or technical background  

To ensure modularity, transparency, and scalability in the 

diagnostic workflow, the Health Passport software package is 

 

 
Fig. 4: Main window of the Health Passport software package. 
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Table 3: Key modules and functional blocks of the health passport software package. 

Module / Unit Purpose 

Database Centralized storage of all stages of the diagnostic process. Structured by entities: users, transactions, source data, 

computed indexes, classification results, etc. Ensures data traceability, protection, and consistency. 

Data Acquisition 

 

Responsible for the structured import of laboratory data from external sources (e.g., hematology analyzers). Provides 

format validation, structure definition, transaction logging, and visual preview of data before loading. 

Data Preprocessing Performs intelligent data cleanup: outlier removal, missing value correction, numeric normalization, format casting, and 

categorical feature encoding. Prepares data for analytical modules. 

Mathematical 

Evaluation 

It implements the calculation of derived diagnostic indices (MCV, MCH, MCHC, anemia M index, 

micro/macro/normocytic coefficients, etc.) based on formalized mathematical models. 

Morphological 

Classification 

Performs morphological classification of anemias based on threshold values of diagnostic indices. Uses the rules of 

logical interpretation and fuzzy logic. Includes biochemical clarification of the diagnosis using ferritin and vitamin B12. 

Ensembling Responsible for building, training, and applying ensemble machine learning models (Boosting, Bagging, Voting, 

Stacking). Provides configuration of the architecture, selection of models and target variables. 

Neural Visual editor of neural networks. Allows to configure input and output parameters, configure hidden layers, select 

activation functions and hyperparameters, as well as train the model and make predictions. Shares the dataset pool with 

Ensembling. 

 

organized into several key functional units. Each module plays 

a specific role in the processing, transformation, and 

interpretation of clinical and hematological data. The modular 

structure follows best practices in software architecture by 

adhering to the separation of concerns principle, ensuring that 

each stage of the diagnostic pipeline can be independently 

validated, updated, or replaced without affecting the entire 

system. This approach not only improves maintainability but 

also enables targeted enhancements, such as integrating new 

machine learning models or adapting to evolving clinical 

guidelines. From initial data acquisition and cleaning to 

mathematical evaluation, morphological classification, and 

advanced analytics via ensemble and neural models, the 

system forms a cohesive end-to-end environment for 

intelligent anemia diagnostics. The synergy between these 

components enables both high-throughput processing and 

fine-grained clinical decision support. The key modules and 

their functions are summarized in Table 3 below. 

a) Clinical and laboratory data collection module. The Data 

Acquisition module is designed for structured collection of 

clinical and laboratory data from external sources, including 

hematology analyzers such as Mindray BC-5800. Mindray 

BC-5800 is a mid-range automatic hematology analyzer 

designed for quantitative and qualitative analysis of blood 

cells using laser light scattering flow cytometry technology. 

The device provides an extended set of parameters (up to 29 

indicators), including leukocyte differentiation into five 

populations, which allows it to be used in clinical diagnostic 

laboratories of various profiles. This analyzer supports 

standardized data exchange protocols (e.g., ASTM and HL7), 

enabling direct integration with laboratory information 

systems and clinical registries. High measurement speed (90 

tests per hour), as well as convenient, intuitive control, 

optimizing the working procedure of blood analysis. In the 

Data Acquisition module, format validation, transaction 

logging and storage of input data to the database are performed.  

The user can upload a data file (XLSX/CSV), view its 

structure, delete previously uploaded transactions, and 

proceed to processing. Raw and processed data preview modes 

are supported. Each transaction is stored in a database table 

with a unique identifier, timestamp, and association with a 

specific user. The data is passed to the Data Preprocessing 

module through the associated transaction ID.  

b) Data Preprocessing Module. The Data Preprocessing 

module provides data cleansing: removing rows with missing 

or incorrect values (e.g., missing age or gender), removing 

outliers, normalizing numeric features, and standardizing 

formats. The windows of this module display the loaded 

transactions and the status of their processing. The user can 

start preprocessing, compare input and processed data, and 

control the correctness of filtering. Implemented preview of 

changes in the table. The processed data is written to a separate 

table while maintaining the link to the original transaction. A 

uniform format suitable for submission to analytical modules 

is formed. 

c) Mathematical Evaluation Module. In the Mathematical 

Evaluation module, the derived hematological indices are 

automatically calculated: mMCV, mMCH, mMCHC, mRBC, 

mHGB, as well as the aggregate anemia index (M). The 

formulas are implemented on the basis of clinically verified 

calculation models. The module interface displays a list of 

processed transactions, allows to start a calculation, view 

intermediate and final values, and verify calculation formulas. 

The results of the calculations are stored in a specialized table 

with separate storage of raw indices and aggregated 

coefficients. This data is further used in the classification 

modules. 

d) Morphological Classification Module. The Morphological 

Classification module implements threshold and fuzzy 

interpretation of diagnostic indices. It gives a conclusion about 

the morphological type of anemia: microcytic, macrocytic, 

normocytic, or mixed. If necessary, biomarker clarification 

(ferritin, B12) is used. The user can view the classification 

results, including the values of all subindices (Mmicro, 
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Mmacro, etc.) and the rationale for the diagnosis. Export and 

storage of results in a separate table associated with the 

original transaction and calculated indices is supported. The 

nature of anemia is fixed in terms of binary affiliation and 

probabilistic expression. 

e) Ensembling Module. The Ensembling module is designed 

for the visual design of model ensembles. Supports ensemble 

type selection (Boosting, Bagging, Voting, Stacking), 

hyperparameter setting, target and input variable selection. 

Provides learning and prediction. This module provides three 

tabs: ensemble architecture, dataset loading, training, and 

forecasting. The user can edit, save and run models, see quality 

metrics (accuracy, F1, etc.). Models, configurations, and 

trained weights are stored in the database. Related predicted 

datasets are labeled and displayed separately, indicating the 

model that performed the prediction. 

f) Neural Module. The Neural module is a graphical editor of 

neural networks. The user manually defines the network 

architecture, including the number of layers and neurons, 

activation functions, and training parameters. Visual control of 

training is provided. The following tabs are available in this 

module: "Architecture", "Hyperparameters", "Dataset 

Upload", "Train and Predict". The following functions are 

supported in the module: saving the model, loading data, 

starting training, log console, viewing accuracy. The network 

configuration, trained weights, and training history are stored 

in a related table. The output is stored as probabilistic 

predictions (e.g., the probability of anemia and its 

morphological subtypes). 

 

3.3 Technology stack 

The development and implementation of the Health Passport 

software package is based on the use of a modern and flexible 

technological stack that provides high performance, scalability, 

security and convenience of user interaction. 

JavaScript/TypeScript (Node.js) was used for both client 

and server development, with React.js applied in the front-end 

part, allowing for a reactive and interactive web interface. 

Machine learning modules are implemented in Python, using 

the following libraries: 

• Scikit-learn - implementation of basic algorithms for 

classification, regression and ensemble; 

• XGBoost and LightGBM - gradient boosting for high-

precision structured classification tasks; 

• TensorFlow and Keras - for building, training and 

implementing neural network models of various architectures, 

including deep and convolutional networks; 

• Pandas, NumPy, Matplotlib, Seaborn - for data analysis, 

preprocessing and visualization. 

The central repository of information is the PostgreSQL 

relational database, designed using Sequelize ORM. The 

system implements the following measures to protect personal 

data: 

• access rights control; 

• hashing of authentication passwords; 

• logging of transactions and user operations; 

• data partitioning; 

• support for connection-level encryption (SSL/TLS) and 

database configuration. 

The system complies with the requirements for the 

protection of personal data and can be adapted to the internal 

standards of medical institutions. 

Visual interaction is implemented through an interactive 

web interface, including dynamically updated components, 

visual model editors and reports in tabular and graphical form. 

Interaction with the backend is provided through a RESTful 

API, which allows to: 

• automate workflows; 

• integrate the system with external medical systems and 

screening portals; 

• Enable interaction with mobile and cloud clients. 

Thus, the technological stack of the system is focused not 

only on scientific reliability and computational efficiency, but 

also on practical applicability in a clinical environment, with 

an emphasis on safety and user comfort. To assess the 

performance, stability and reproducibility of all components 

of the "Health Passport" intelligent software package, step-by-

step testing of each module was carried out on real and 

synthetically generated clinical and hematological datasets. 

 

3.4 Results of testing the modules of the software package 

The Data Acquisition module plays a critical role in the 

functioning of the Health Passport software package by 

serving as the initial entry point for clinical and laboratory 

information. This module is specifically tailored to support 

flexible and intuitive input of patient hematological 

parameters, enabling healthcare professionals to seamlessly 

feed the system with essential diagnostic data. Its robust 

design allows for compatibility with a wide variety of table 

formats, including structured spreadsheets, manual entry 

forms, and integrated electronic health record exports. The 

module includes intelligent field validation to prevent 

incorrect or incomplete data submissions, significantly 

reducing the risk of diagnostic errors due to input 

inconsistencies. A particularly useful feature of the Data 

Acquisition module is its multilingual support and simple 

interface, which lowers the entry barrier for medical staff 

across different regions and levels of digital literacy. The 

software is capable of interpreting both numeric and text-

based categorical inputs, automatically converting them into 

standardized forms suitable for downstream processing. It also 

accommodates missing values and flags them for review or 

imputation, thus maintaining data integrity. Moreover, the 

module stores historical records in a searchable format, 

allowing clinicians to access and analyze past diagnostic 

results for individual patients over time, thereby supporting 

longitudinal tracking and continuity of care. 

This functionality not only facilitates the initial data entry 

but also enables efficient patient management by linking 

current inputs with previous diagnoses. Such integration is 
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vital for evidence-based decision-making and monitoring 

disease progression or treatment response. The user interface 

is divided into several key sections, as illustrated in Fig. 5. 

Panel (a) presents the input fields for diagnostic parameters 

such as hemoglobin, hematocrit, red blood cell count, ferritin, 

and vitamin B12 levels. Panel (b) displays the patient search 

bar used to retrieve diagnostic history, making it easy to track 

individual medical cases and enhance the accuracy of future 

predictions. 

The Patient Card serves as a centralized interface for 

viewing the diagnostic history and demographic profile of 

each patient. It provides a structured and clinically intuitive 

layout, enabling healthcare professionals to analyze a patient’s 

hematological data across multiple time points. This 

functionality supports longitudinal tracking of diagnostic 

outcomes, treatment effects, and disease progression—an 

essential feature for chronic or recurrent conditions such as 

anemia. 

When a clinician selects a specific patient from the Data 

Acquisition search window (as shown earlier), the system 

retrieves and displays all available diagnostic records in a side-

by-side format. Each record includes key blood test indicators 

such as hemoglobin, hematocrit, red blood cell count, ferritin, 

and B12 levels. Additionally, calculated blood indices like 

MCH, MCHC, and MCV are automatically displayed to aid 

interpretation.  

The results are then classified by the system using 

embedded algorithms that determine both the presence and 

type of anemia. Labels such as “Microcytic type,” 

“Normocytic type,” and “Iron-deficiency anemia” are 

generated based on index thresholds and clinical rules. This 

structured presentation allows physicians to quickly assess the 

patient’s condition and verify consistency across multiple test 

entries. Furthermore, each diagnosis entry can be individually 

deleted if needed, offering flexibility in data management. 

Patient-specific metadata such as name, year of birth, and 

gender is clearly displayed in the header, facilitating accurate 

recordkeeping. This intelligent visualization, shown in Fig. 6, 

highlights the system’s ability to provide not just raw 

laboratory data, but also clinically relevant summaries and 

decision support outputs for each patient in an accessible 

format. 

 

 
Fig. 5: The Data Acquisition module window: a) the window for entering the data to be diagnosed; b) Patient Card Search Box. 

 

 
Fig. 6: Patient card with demographic and medical data. 
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Fig. 7: Main window and list of past transactions with their functions. 

 

 
Fig. 8: Table with processed data. 

 

Fig. 7 shows the module's main interface, which displays a 

list of loaded transactions. The user can view the status, go to 

the preview, or delete the transaction if necessary. Both loaded 

data in its original form and its extended format after 

automatic calculations are supported. 

The module then visualizes the processed data using pre-

calculated indicators, allowing for a quick assessment of the 

table structure's correctness and the next step. Viewing the raw 

data allows the user to verify the original values before pre-

processing, as shown in Fig. S1 in the supplementary section. 

The transaction deletion mechanism is also tested, as shown in 

Fig. 7, where all associated information is securely deleted. 

During the data pre-processing stage, the system's ability to 

effectively handle outliers, omissions, and format and logical 

errors was confirmed in the Data Preprocessing module. After 

running the procedure, a table is generated in which the values 

are normalized, encoded, and standardized. Fig. S2 in the 

supplementary section shows the software package window, 

allowing users to examine the data before completing the 

loading process. 

Fig. 8 shows a summary table that can be fed into the 

analytical modules without the need for manual rework. 

The «Mathematical Evaluation» module is a key 

component of the Health Passport software, responsible for 

performing analytical operations on preprocessed clinical and 

hematological data. Its primary function is the calculation of 

diagnostic indices, which serve as intermediate and final 

results in the anemia classification process. This module's 

interface is designed for simplicity and ease of use. Each 

session is tracked with a unique identifier and timestamp, 

ensuring full traceability of the data creation time, last update, 

and actions performed. The user can easily monitor the 

progress of the workflow thanks to clearly defined steps such 

as «Preprocessing», «Evaluation», and «Classification», 

which are dynamically highlighted depending on the current 

processing stage. For each record, the user is presented with 

action buttons: «Preview» for viewing the processed dataset, 

and «Evaluation» for running or repeating the mathematical 

calculation of diagnostic scores and parameters. The main 

view of the module with a list of transactions and their 
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functions is shown in Fig. S3 in the supplementary section. 

The modular structure of the software package ensures 

reproducibility of results, which is extremely important in 

clinical settings, by maintaining fixed pipelines and preserving 

the integrity of intermediate calculations. Furthermore, the 

system demonstrates resilience to borderline cases, such as 

missing or extreme values, thanks to integrated validity checks 

and backup entry strategies developed during the 

preprocessing stage. The user interface ensures transparency 

and consistency, allowing medical professionals to focus on 

diagnostic interpretation rather than technical execution. Thus, 

the mathematical evaluation module represents a reliable and 

user-friendly tool for evidence-based hematological analysis, 

providing physicians with actionable insights while ensuring 

scientific rigor and operational traceability. 

After the mathematical evaluation process is completed, 

the system generates a comprehensive preview table 

containing the calculated diagnostic indicators. This table 

provides a detailed breakdown of hematological parameters 

including MCH, MCHC, MCV, as well as derived indices like 

MCV/MCH ratio, MCV/MCHC ratio, and MCV index, is 

shown in Fig. S4 in the supplementary section. These metrics 

are essential for classifying anemia subtypes such as 

microcytic, macrocytic, and normocytic forms. The table also 

includes a series of binary flags and percentage-based scores 

that quantify the likelihood of specific anemia categories. 

These diagnostic outputs are automatically generated based on 

predefined thresholds and rules rooted in clinical hematology. 

Each row in the preview corresponds to a patient record, with 

data fields that include personal annotations (e.g., «Female, 

age 20») and the results of calculated indices. Visual cues such 

as progress rings or color-coded highlights are used to indicate 

abnormal or borderline values, for example, a red circle 

around a percentage value suggests a flagged metric that may 

require further clinical interpretation. This interactive and 

dynamic visualization enables users to quickly assess 

hematologic status, identify pathological patterns, and verify 

the internal consistency of the evaluation results. The ability 

to interpret results at both the individual and population level 

enhances the system's applicability in clinical decision-

making and longitudinal patient monitoring. 

Fig. 9 demonstrates a full-scale export of processed data in 

tabular form, featuring both original clinical inputs and 

derived indices. This output is presented in Excel format, 

offering medical professionals and researchers a transparent 

and verifiable way to analyze the results of automated 

hematological assessments. Each row corresponds to an 

individual patient and includes demographic fields such as 

gender, age, and notes, followed by primary laboratory 

parameters like HGB, RBC, HCT, Fer, and vitamin B12 levels. 

The Fig. 9 also includes calculated values for key red blood 

cell indices: MCH, MCHC, and MCV, as well as their complex 

ratios (e.g., MCV/MCH, MCH/MCHC), which help identify 

specific anemia types, such as microcytic, macrocytic, and 

normocytic. Flags for various diagnostic rules are clearly 

marked with binary codes (0 or 1), supporting rule-based 

classification and input generation for machine learning 

 

 
Fig. 9: Sample data with calculated indices and indicators. 
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models. The inclusion of numeric thresholds and normalized 

values ensures compatibility with downstream analytical 

workflows and improves clinical interpretation. This 

structured format is particularly valuable for validating the 

performance of the classification models and inspecting edge 

cases. The spreadsheet also serves as a foundation for model 

retraining, statistical analysis, and integration into electronic 

health record systems, ensuring continuity of care and clinical 

utility. 

The final phase of data processing within the diagnostic 

platform involves the generation of a comprehensive table 

containing all calculated morphological and biochemical 

indicators necessary for anemia classification. This dataset, 

originally visualized in Fig. S5 and Fig. S6 of supplementary 

section, is structured to ensure traceability and transparency of 

every computed parameter. The table includes standard 

hematological indices such as MCH, MCHC, and MCV, along 

with their normalized values and derived binary indicators for 

microcytic, macrocytic, and normocytic anemia types. In 

addition, each row in the table contains flags identifying 

whether individual measurements fall within reference 

thresholds. For instance, binary markers like mMCH, mMCV, 

and mHCT are used to indicate deviations from norm values, 

supporting rapid morphological classification. Other 

important fields include biochemical indicators such as serum 

ferritin (Fer) and vitamin B12, which are essential for 

diagnosing iron deficiency anemia and megaloblastic anemia, 

respectively. The table also includes derived composite indices 

such as mNormo, mHaz, and mZhda, which represent more 

nuanced classifications by combining morphological and 

biochemical data. These values are normalized between 0 and 

1, simplifying integration into machine learning models. 

Timestamps such as "created" and "updated" are included for 

auditability and reproducibility, ensuring that each calculation 

can be traced back to a specific version of the input data and 

model configuration. This level of granularity is crucial for 

clinical decision support systems, where the reliability and 

interpretability of results are paramount. 

The Morphological Classification module confirmed the 

system's ability to accurately determine both the type of 

anemia and the degree of confidence in classification based on 

fuzzified values. Fig. 10 shows the main interface where it is 

possible to select a transaction and view the classification 

results.  

The final classification output of the diagnostic system is 

presented in a structured tabular format that allows medical 

professionals to quickly review calculated anemia indicators 

and corresponding diagnostic outcomes (Fig. S7 in the 

supplementary section). Each row in this table represents a 

patient case and includes a series of derived features such as 

morphological indicators (mMCH, mMCV, mHCT), 

composite indices (M, mMicro, mNormo, mMacro), and 

biochemical data used to inform classification logic. The key 

element of this interface is the visual presentation of 

probabilities or normalized values (ranging from 0 to 1), 

highlighted with red outlines to denote high-confidence 

decisions or thresholds that were triggered in the logic. For 

instance, when the mMicro index exceeds a certain value and 

aligns with a low MCH or MCV, the system flags the case as 

microcytic anemia. The M index aggregates multiple features 

into a unified decision metric, providing an interpretable 

signal to the clinician. In addition to raw indices, the decision 

outcome such as “microcytic,” “normocytic,” or “macrocytic” 

anemia is embedded within the row through logic applied to 

threshold-based rules or model predictions. This output is not 

only used for patient-level analysis but also serves as a critical 

input for further training, validation, and refinement of the 

ensemble and neural classifiers. The structured nature of this 

data enables seamless integration with statistical evaluation 

tools and supports auditability, which is essential in medical 

diagnostics. The final values - both morphological and 

biochemical indicators are clearly presented in Fig. S8 in the 

supplementary section, which shows a combined display of 

the initial features, calculated indices and the final diagnosis.  

Fig. 11 shows the final table with the results of the 

classification. The module was tested on a variety of clinical 

datasets and showed high reproducibility of decisions when 

changing the structure of the input data.  

 

 
Fig. 10: Main view of the module with a list of transactions and their functions. 
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Fig. 11: Table with the results of the classification. 

 

 
Fig. 12: Ensemble Model Window (after the experimental model prediction procedure). 

 

The final output of the classification system is presented in 

the form of a Boolean table that captures the presence or 

absence of anemia and its specific subtypes for each patient 

entry. Each row represents an individual case identified by a 

unique ID, and the columns indicate the results of various 

classification flags. These include the general diagnosis 

(result_anemia), as well as subtype classifications such as 

result_micro (microcytic anemia), result_macro (macrocytic 

anemia), result_normo (normocytic anemia), and biochemical 

categories like result_B12, result_AHZ, and result_ZhDA 

(B12-deficiency, iron-deficiency, and mixed forms, 

respectively). 

The results obtained confirmed the accuracy of the model's 

compliance with the morphological criteria used in clinical 

practice. Thus, the key advantages of the Morphological 

Classification module are the automation of the interpretation 

of laboratory data; quick determination of the type of anemia 

without the participation of an expert doctor; the ability to 

scale to large data sets. 

3.5 Assessment of the clinical hematological syndromes’ 

classification accuracy 

As part of the experimental phase, the accuracy of the 

classifications of anemic states implemented in the 

Ensembling and Neural modules was quantified. The models 

were tested on consistent clinical and laboratory datasets that 

underwent pre-treatment and normalization steps. 

The most stable results among ensemble approaches were 

shown by the XGBoost gradient boosting model, built on the 

input features of HGB, HCT and RBC. According to the 

results of cross-validation, the accuracy of the model on the 

training dataset was 98.1%, which is confirmed in Fig. 12, 

which demonstrates the card of the trained model and the 

metric of its quality. The model successfully classified both 

pronounced and borderline cases of anemia, while maintaining 

interpretability through access to the importance of traits and 

decision logic. 

Thus, ensemble methods of machine learning have 

demonstrated high efficiency in solving problems of 
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multiclass classification of anemias. In particular, boosting 

algorithms (XGBoost and LightGBM) have shown not only 

high accuracy, but also significant interpretability due to the 

preservation of the significance of features, which is especially 

important in clinical trials. XGBoost efficiently detects 

nonlinear dependencies in data and is resistant to overfitting, 

while LightGBM provides a high learning rate that is useful 

for hyperparameter brute force. The bagging method was 

implemented on the basis of weak models (logistic regression, 

linear SVM and decision tree) trained on various bootstrap 

samples, which reduced model variance and increased 

resistance to overfitting. In turn, the voting method (Voting), 

implemented in two modes - hard and soft - provided a stable 

aggregation of predictions from the underlying models, 

increasing accuracy due to the consistency of decisions. 

Finally, Stacking combined the outputs of the underlying 

models (SVM, logistic regression, decision tree) using meta-

classifiers, which improved the generalizability of the system 

by learning from inter-model patterns.   

A neural network classifier built using a single feature (HB) 

showed an accuracy of 100% on the test dataset, as shown in 

Fig. 13. The Neural Analytics Module provides a 

comprehensive interface for creating, training, evaluating, and 

deploying neural network models designed for anemia 

classification. One of the key capabilities of the module is its 

support for experimentation with different feature sets and 

architectures. As part of the evaluation process, a simplified 

model was built using only one input parameter HGB to test 

the predictive potential of individual features. Remarkably, 

this neural network achieved 100% accuracy on the test set, 

with identical performance on the training data. The loss 

values for the training and test datasets were also low (0.532 

and 0.500, respectively), indicating minimal overfitting and 

high generalization capacity. This result suggests that in 

specific cases, especially with clearly defined thresholds, even 

a single hematological marker can be sufficient for a confident 

diagnosis. 

In addition to this minimal model, several other neural 

architectures were evaluated using expanded feature sets 

including MCH, MCHC, MCV, HCT, RDW, and iron-related 

biomarkers (Fer, B12). These networks showed varying 

degrees of accuracy and loss values, reflecting the impact of 

feature combinations and network complexity on 

classification performance. The module interface allows users 

to select networks, inspect their training metrics, and match 

them with datasets for inference, thus providing full lifecycle 

support for machine learning in clinical diagnostics. 

The key difference between a neural network and ensemble 

methods is the form of the output data: instead of a binary label 

(anemia/no anemia), the model gives a probabilistic estimate 

for each of the possible states - the presence of anemia, 

microcytic, macrocytic and normocytic forms. This provides 

flexibility in interpretation and can be used to calculate clinical 

risk in diagnostically non-obvious cases. 

Ensemble models (especially Boosting) provide high 

accuracy, resistance to overfitting and interpretability of 

decisions, which makes them an effective tool for 

 

 
Fig. 13: Train and Predict tab window of the Neural Analytics Module. 
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Table 4: Machine Learning Model Accuracy Comparison Results. 

Model Accuracy Model Output Features 

XGBoost (Boosting) 98.1% Binary (0/1) High interpretability, stability 

Random Forest (Bagging) 96.4% Binary (0/1) Noise resistance 

Voting (Soft) 95.8% Binary (0/1) Moderately accurate, simple aggregation 

Voting (Hard) 94.6% Binary (0/1) Less sensitivity, simplicity 

Stacking Ensemble 96.9% Binary (0/1) Flexibility through meta-learning 

Neural Network 100.0% Probabilistic (0-1) Adaptability, sensitivity to patterns 

 

automating diagnostics in conditions of a limited number of 

features. At the same time, neural networks have greater 

adaptability and sensitivity to weakly expressed patterns, 

allowing them to.form probabilistic forecasts, which is 

valuable in building predictive decision support systems. The 

results of comparing the accuracy of the models are presented 

in Table 4. 

Thus, the combined use of ensemble and neural network 

approaches provides both classification reliability and clinical 

flexibility, opening up opportunities for personalized 

diagnostic support for the patient. 

 

3.6 Case study 

To demonstrate the practical applicability of the developed 

models, a detailed analysis of the diagnostic result was carried 

out on a specific example of a patient. Visualization of the 

initial and predicted dataset allows to trace the full path of data 

processing - from "raw" laboratory values to complex 

probabilistic interpretation. 

A table with laboratory indicators is fed to the system, 

including the values of HGB, HCT, RBC and red blood cell 

indices (MCV, MCH, MCHC). Fig. 14a shows the 

classification results based on the Ensembling module, for 

which HB, RBC and HCT were selected as input, and presence 

of anemia as output. Morphological Classification provided 

the results shown in Fig. 14b, also determining the type and 

character of anemic cases. 

Based on the output data of the trained neural network 

model, the following probabilistic estimates were obtained: 

• Presence of anemia - 0.80 (80%); 

• Microcytic form - 0.70 (70%); 

• Macrocytic form - 0.00 (0%); 

• Normocytic form - 0.20 (20%); 

• Iron deficiency anemia (IDA) - 0.65 (65%); 

• B12-deficiency anemia - 0.00 (0%); 

• Anemia of chronic diseases - 0.10 (10%). 

Thus, the model confidently classified the condition as 

anemia with a predominance of the microcytic morphological 

type and a high probability of iron deficiency nature. These 

results are fully consistent with clinical expectations with low 

MCH and MCV values and reduced ferritin values.[46,47] 

Through Fig. S6, Fig. S8 and Fig. 14, it can be seen that 

the structure of the original dataset is supplemented with 

columns displaying aggregated, processed data, risk indicators 

and classification results. For Machine Learning modules, the 

data is shortened to include only selected input and output 

variables which are used by the models. All of this facilitates 

clinical interpretation and minimizes the need for manual 

analysis. 

 

3.7 Interpretation of the results 

The results obtained in the course of experimental testing 

demonstrate high accuracy, stability and reproducibility of the 

proposed software package in the classification of clinical and 

hematological syndromes, in particular, anemias of various 

types. Models implemented on the basis of XGBoost, Random 

Forest, voting ensembles and neural networks showed 

accuracy metrics from 94.6% to 100%, which exceeds the 

standard values achieved in manual laboratory interpretation. 

High accuracy and F1-score values reflect the ability of the 

system not only to record the presence of anemic syndrome, 

but also to confidently differentiate between morphological 

types (micro-, macro- and normocytic forms). This is 

especially important in the context of practical medicine, 

where misinterpretation of MCH/MCV leads to errors in the 

prescription of therapy (for example, inappropriate 

administration of iron supplements for B12-deficiency 

anemia). The examples presented in Section 3.6 (Case Study) 

confirm the consistency of automatic inference with clinical 

logic. 

To better understand the relationship between the technical 

metrics obtained during model validation and their clinical 

relevance in real-world diagnostic conditions, Table 5 presents 

the correspondence between the main quantitative indicators 

and their interpretation from the practitioner's perspective. 

This makes it possible to justify the choice of specific models 

not only on the basis of formal accuracy, but also taking into 

account their practical usefulness in the clinical and diagnostic 

context. 

Classification algorithms have demonstrated resilience to 

data variability, including cases with borderline values. This 

confirms the correctness of the built rules and fuzzified 

mechanisms for calculating the degree of belonging to 

diagnostic classes. In particular, the ability of models to handle 

"mixed forms" of anemia - when there are both high levels of 

Mmicro and Mnormo - is an indicator of the diagnostic logic 

preparedness implemented in the system. 

In addition, the use of neural network models with 

probabilistic output made it possible not only to record the 

presence of the syndrome, but also to form a confidence scale, 

which is especially valuable when integrated into decision 

support systems (CDSS). This reduces the diagnostic burde 
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Fig. 14: Ensembling (a) and Morphological Classification (b) predictions. 

 

Table 5: Compliance of quality metrics with classification and their clinical interpretation. 

Metrics Interpretation 

Accuracy Overall model accuracy: proportion of correctly classified patients. It is important during screening. 

Precision The proportion of true positive values among all predicted positive ones. Reduces the risk of overdiagnosis. 

Recall The proportion of true positive values among all real positive ones. It is critical to exclude the skipping of anemia. 

F1-score Harmonic mean of Precision and Recall. It is stable in unbalanced classes. 

Probability Output (NN) Allows the doctor to assess the degree of confidence of the model in the diagnosis and adjust the clinical decision. 

Feature Importance 

(XGBoost) 

Reflects the contribution of each attribute to the final decision. Increases transparency and trust in the system. 

 

on the doctor, reduces the risk of subjective error and allows 

the system to be used in conditions of limited time, for 

example, in emergency departments or at the primary care 

level. 

 

3.8 Limitations 

Despite the high indicators of accuracy and stability 

demonstrated during testing, the implementation of the 

diagnostic complex "Health Passport" has a number of 

limitations, both at the level of the models used and in relation 

to external factors affecting the quality of classification. Some 

algorithms, especially the basic classifiers (logistic regression, 

KNN), show a limited ability to capture complex nonlinear 

relationships between traits, which can reduce effectiveness in 

cases of borderline and atypical forms of anemia. Ensemble 

methods (in particular, Voting and Bagging) provide increased 

stability, but are inferior in adaptability to neural networks.[48] 

On the other hand, neural networks, although they have shown 

100% accuracy in test scenarios, require longer training, 

regular validation, and may suffer from a lack of 

interpretability in a clinical context. 

The quality of the diagnostic conclusion directly depends 

on the correctness of the initial laboratory data. Analyzer 

calibration failures, sampling errors, and non-uniformity of 

units (e.g., differences in MCHC formats: g/L vs. g/dL) can 

lead to a decrease in classification accuracy. The Data 

Preprocessing and Mathematical Evaluation modules partially 

compensate for these risks through filtering and normalization, 

but complete protection against systematic errors is possible 

only if laboratory diagnostic standards are met. A separate task 

remains the interpretation of mixed forms of anemia, in which 

signs of two or more morphological types are observed at the 

same time.[49] In such cases, classical logical rules (e.g., 

MCV/MCH thresholds) are insufficient. Although the system 
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supports a fuzzified assessment of the degree of belonging to 

several types, its conclusion requires careful clinical 

interpretation. There are also difficult cases with "smeared" 

indicators, where the values of the indices are close to the 

limits of the norm, especially in combination with dubious 

biochemical markers. 

 

3.9 Practical implications 

The developed software and hardware complex has a high 

degree of practical applicability in modern digital healthcare 

systems, especially in conditions of limited resources and the 

growing need for automation of clinical and diagnostic 

processes. The system can be easily adapted for use within 

telemedicine platforms, providing automatic collection and 

interpretation of laboratory data without the need for face-to-

face contact with a doctor. The ability to integrate into web 

interfaces and mobile solutions allows the complex to be used 

in remote settlements, rural medical centers, as well as within 

the framework of on-site diagnostics. This is especially true in 

countries with geographically dispersed medical infrastructure 

and a limited number of hematologists. 

Thanks to the standardized decision-making logic and 

transparency of the criteria used, the system can be 

implemented as part of clinical guidelines or local protocols 

for diagnosing anemia. The structured presentation of the 

output data (morphological type, M index, probability of 

pathology, comments on the type of anemia) complies with the 

principles of evidence-based medicine and can be used as part 

of electronic medical records or as a module within clinical 

diagnostic complexes. The system performs a preliminary 

interpretation of laboratory data, allowing the clinician to 

focus on the clinical decision and eliminating the need for 

manual analysis of indicators. This is especially important in 

conditions of overload of outpatient links, where the doctor 

must analyze dozens or hundreds of laboratory test protocols 

daily. Automation of processes increases the speed of 

diagnosis, reduces the likelihood of missing pathologies and 

contributes to a timelier prescription of therapy. 

 

3.10 Future directions 

The developed software and hardware complex demonstrates 

high potential as a new generation diagnostic system, but its 

sustainable evolution and scalability require the 

implementation of a number of scientific, technological and 

clinical areas. The current version of the system was trained 

and tested on samples predominantly from a single center or 

source. To increase the generalizability of models, it is 

necessary to integrate multicenter data, including patients of 

different gender, age, ethnicity, and clinical background. This 

will ensure that the classifiers are resilient to regional 

variations in laboratory standards and increase reliability at the 

population scale.  

One of the priorities is to expand the volume of input data 

by including biochemical markers (e.g., transferrin, soluble 

ferritin receptor), enzyme-linked immunoassays, and genetic 

predictors of anemia. This will not only increase the sensitivity 

of diagnosis, but also move from morphological classification 

to pathogenetic classification, including the detection of 

hereditary anemias, inflammatory conditions and 

malabsorption syndromes. Although ensemble methods (e.g., 

XGBoost) are highly interpretable due to the importance of 

features, neural network models remain "black boxes". The 

development of the explainable AI (XAI) component using 

modern interpretation methods - such as SHAP, LIME, 

Integrated Gradients - will reveal the logic of even deep 

models and make their results clinically transparent and valid. 

In the future, it is planned to introduce an online learning 

mechanism, in which the models will be able to gradually 

adapt to the incoming clinical data in the field. This approach 

will allow for population shifts, changing testing conditions, 

and new laboratory standards without the need for a complete 

retraining of the entire system. The future development of the 

platform involves close integration with electronic medical 

documentation systems, telemedicine gateways, as well as 

participation in the construction of national blood disease 

registries. In the long term, personalized patient paths with 

dynamic AI-based analytics can be implemented. 

 

4. Conclusion  

The developed intelligent software package of the health 

passport is a modern solution for automated morphological 

classification and differential diagnosis of clinical and 

hematological syndromes, primarily anemias of various 

etiologies. The system combines traditional medical formulas, 

inference algorithms, ensemble methods of machine learning 

and neural network models in a single technologically and 

methodologically consistent circuit. The modular architecture 

of the platform covers all stages of the diagnostic process - 

from data collection and preprocessing to mathematical 

evaluation, classification and forecasting. The results of 

experimental testing demonstrated high accuracy of 

classification (up to 100% on test samples), stability of 

calculations, reproducibility of conclusions, and clinical 

interpretability. 

The development is focused on integration into practical 

healthcare: the system can be used both in stationary and 

remote (telemedicine) scenarios, including primary care, 

laboratory diagnostic units, screening programs and digital 

doctor's offices. Automation of calculations and interpretation 

makes it possible to reduce the burden on medical personnel, 

reduce subjectivity in decision-making and increase the 

standardization of anemia diagnosis. The proposed solution 

demonstrates an example of the transition from manual 

laboratory interpretation to intelligently controlled diagnostic 

processes and can be expanded to cover a wider range of 

hematological and biochemical pathologies. The results 

obtained serve as a justification for further implementation of 

the system in real clinical processes and its scaling within the 

framework of a new generation of digital healthcare. 
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Abbreviation Definition 

ABS LYMP Absolute Lymphocyte Count   

ACD Anemia of Chronic Disease   

ANN Artificial Neural Networks   

B12 Vitamin B12   

CBC Complete Blood Count   

CNN Convolutional Neural Network   

DNN Deep Neural Network   

DSS Decision-Support Systems   
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EDA Exploratory Data Analysis   
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HGB Hemoglobin   
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LightGBM Light Gradient Boosting Machine   

LIME Local Interpretable Model-agnostic 

Explanations   

LR Logistic Regression   

MCH Mean Corpuscular Hemoglobin   

MCHC Mean Corpuscular Hemoglobin 

Concentration   

MCV Mean Corpuscular Volume   

MIMIC Medical Information Mart for Intensive 

Care   

ML Machine Learning   

PCA Principal Component Method   

PCT Plateletcrit   

PDW Platelet Distribution Width   

PLT Platelet Count   

RBC Red Blood Cell Count   

RDW Red Cell Distribution Width   

RNN Recurrent Neural Network   

SE Error of the Mean   

SHAP SHapley Additive Explanations   

STD Standard Deviation   

SVM Support Vector Machine   

TLC Total Leukocyte Count   

WBC White Blood Cell Count   

XGBoost Extreme Gradient Boosting   
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