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Abstract

Modern telemedicine requires advanced analytical solutions for efficient management of
chronic diseases. This study presents the development of a comprehensive business intelli-
gence (BI) framework using Microsoft Power BI, applied to the optimization of diabetes
mellitus management. The methodology integrates Power Query transformations, 35 DAX
measures organized into five functional categories, and Python 3.14.2. capabilities for
advanced statistical analysis. The framework was implemented and demonstrated using a
public clinical dataset of 100,000 patient records, generating five interactive dashboards
covering epidemiological, demographic, clinical, geographical, and equity perspectives. A
global prevalence of 8.5%, exponential growth with age, gender differences (9.75% males
against 7.62% females), and substantial connections between metabolic indicators (BMI,
HbA1c, and blood glucose) are all confirmed by the results. Heart disease rates are 6.2 times
higher in diabetic people, according to comorbidity research. Complete methodological
openness through thorough documentation, Python integration for sophisticated visualiza-
tions, and interactive multidimensional drill-down features are some of the major additions.
The predictive elements are included as interpretable, exploratory components embedded
in the BI environment rather than as clinically validated prediction models. This approach
provides an affordable and user-friendly approach that makes advanced analytical capabilities
accessible to a broader range of healthcare organizations managing chronic diseases.

Keywords: business intelligence; diabetes management; Power BI; telemedicine

1. Introduction
We developed an applied, systems-oriented business intelligence framework for di-

abetes management in telemedicine using Microsoft Power BI as the primary analytical
platform. The system processes the publicly available Comprehensive Diabetes Clinical
Dataset 2024 from Kaggle [1], which contains 100,000 patient records. Our technical ar-
chitecture integrates Power Query transformations, 35 DAX measures organized into five
functional categories, and Python modules for advanced statistical visualizations. Imple-
mentation generated five interactive dashboards: general epidemiological perspectives,
demographic and behavioral stratification, clinical assessments with exploratory predictive

Systems 2026, 14, 155 https://doi.org/10.3390/systems14020155

https://crossmark.crossref.org/dialog?doi=10.3390/systems14020155&domain=pdf&date_stamp=2026-01-31
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/systems
https://www.mdpi.com
https://orcid.org/0000-0002-9982-4813
https://doi.org/10.3390/systems14020155


Systems 2026, 14, 155 2 of 28

insights, regional geographic analyses, and equity identification with decision-support
insights for intervention planning. A vital clinical need is met by this technical solution.

Hundreds of millions of adults worldwide suffer from diabetes, and estimates indicate
that number will rise significantly over the next several decades. Diabetes and other chronic
metabolic diseases have a substantial financial impact on healthcare systems and continue
to have a major negative impact on people’s quality of life. Traditional approaches that rely
on “in person” consultations and manual record keeping are becoming inadequate given
the current scope of the problem.

In the face of severe resource limitations and regional differences in access to healthcare
services, healthcare systems are under growing pressure to offer individualized, ongoing,
and cost-effective care to growing diabetic populations [2].

These problems are speeding up the digital transformation of healthcare, which in-
tegrates technology into every aspect of disease prevention, diagnosis, treatment, and
monitoring. Telemedicine is one recent advancement in the management of chronic con-
ditions [3]. Without requiring “in person” clinic visits, it allows for continuous glucose
monitoring for diabetes, remote consultations, patient education, and real-time treatment
adjustments [3,4]. The COVID-19 pandemic has greatly accelerated the adoption of these
technologies, demonstrating their viability even in settings with limited resources [5].

The potential of telemedicine systems to gather, evaluate, and present complex medical
data in ways that help physicians make decisions is critical to their success. Evidence-
based therapies and individualized treatment plans are made possible by BI technologies,
which provide an analytical framework for transforming unprocessed data into useful in-
sights. To support operational, tactical, and strategic decision-making, healthcare business
intelligence (BI) comprises the collection, integration, analysis, and presentation of data [6].

Modern BI platforms enable real-time data exploration, prediction, and recommen-
dation, in contrast to traditional reporting systems that only offer static analyses of the
past [7]. Doctors can see dashboards that give them a full picture of patient populations,
disease trajectories, treatment outcomes, and resource use patterns [8]. These tools help
with pattern recognition, finding anomalies, and coming up with new ideas, all of which
are important parts of clinical reasoning.

Microsoft Power BI has become very popular in healthcare organizations because it is
easy to use, can be integrated with other programs, and has strong analytical capabilities [9].
The platform offers connectivity to diverse data sources (like databases, Excel, cloud, APIs)
and the advanced Data Analysis Expressions (DAX) language for sophisticated calculated
measures, with a rich library of interactive visualizations, scalable cloud-based architecture,
and relatively low licensing costs compared to other proprietary enterprise solutions.

Complex systems specifically designed for diabetes management contexts remain un-
derexplored in the literature, although multiple healthcare organizations have implemented
Power BI for clinical decision support. Most healthcare BI implementations prioritize oper-
ational or financial metrics over clinical analytics that directly support patient care. There
is a significant gap in demonstrating how a multidimensional BI approach can integrate
descriptive, predictive, and prescriptive analytics for complex diabetes management.

Recent studies have addressed fragments of this issue. Previous research has explored the
digital transformation through BI technology in diabetes management, which has provided
valuable theoretical frameworks, examined the role of Big Data analytics with a focus on
data architectures, demonstrated the integration of BI with Big Data and machine learning to
reduce healthcare costs, and identified key practical issues in dashboard development.

The primary objective of this study is to design and demonstrate a comprehensive
business intelligence framework that integrates descriptive and exploratory predictive
analytics to support decision-making in telemedicine contexts.
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This work is not intended to propose new predictive models, algorithms, or formal
decision-making methods. From a systems perspective, the contribution is in the integration
architecture, analytical workflow design, and interactive decision-support capabilities
allowed by the business intelligence environment. The approach promotes exploratory
analysis and educated human decision-making over automated or optimized prescriptive
decision-making. Accordingly, model performance metrics and comparative benchmarking
are outside the scope of this applied BI case study.

Besides its practical application, this study advances research by formalizing a repro-
ducible, systems-level analytical methodology for telemedicine. The scientific originality is
in illustrating how descriptive analytics, exploratory predictive components, and equity-
oriented studies may all be implemented concurrently inside a single business intelligence
framework. Like other Power BI healthcare projects, which focus on isolated dashboards
or standalone use cases, this work prioritizes analytical orchestration, interpretability, and
alignment with decision-support processes over algorithmic innovation.

For the purposes of supporting operational reporting, financial monitoring, or ad-
ministrative performance evaluation, the majority of business intelligence solutions in the
healthcare industry concentrate mostly on descriptive and retrospective analysis. Dash-
boards in these contexts are frequently static, restricted to historical summaries, have
minimal analytical depth, and have little bearing on clinical decision-making. When pre-
dictive elements are included, they are typically created as independent analytical models
and infrequently included in an interactive BI environment that healthcare professionals
may use.

The approach described in this article expands the typical subject matter of healthcare
BI by combining descriptive, predictive, and prescriptive analytics into a unified analytical
architecture. Rather than serving as a reporting tool, the system allows for multidimensional
analysis of population-level data, interactive drill-down across demographic, clinical, and
geographic dimensions, and contextual interpretation of metabolic risk indicators.

Powerful statistical analyses and visualizations that surpass the platform’s built-in
capabilities are made possible by the integration of Python with the Power BI environment,
all the while retaining usability for non-programmers.

The recommended design sets itself apart from usual BI systems and improves diabetes
care in telemedicine settings by fusing methodological clarity, interactive analytical depth,
and a clear medical purpose.

The solution analyzes the 100,000 patient records in the publicly accessible “Comprehensive
Diabetes Clinical Dataset 2024” on the Kaggle platform [1] using Microsoft Power BI (https:
//www.microsoft.com/en-us/power-platform/products/power-bi/downloads/, accessed
on 20 October 2025). The analysis is arranged into five interconnected dashboards that cover
the following:

1. Overview and key indicators;
2. Demographic and behavioral insights;
3. Clinical performance and predictive metrics;
4. Regional and geographic analyses;
5. Equity considerations and decision-support insights for intervention planning.

The study’s contributions are mostly methodological, architectural, and practical in
nature, with a focus on system integration and analytical workflow design rather than the
creation of new prediction models or formal decision mechanisms. The study’s primary
contributions are summarized as follows:

- Methodological: A methodical approach that strikes a balance between clinical usabil-
ity and technical sophistication when creating BI analyses in telemedicine settings.
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- Technical: Comprehensive documentation of data model architecture, visualization tech-
niques, and DAX metrics relevant to healthcare analytics that makes replication easier.

- Clinical: Finding relevant information about risk factors, comorbidity associations,
diabetes prevalence trends, and health equity issues.

- Practical: A scalable framework that healthcare organizations can modify for their
own projects, based on easily accessible tools (Power BI) and publicly accessible
data (Kaggle).

2. Relevant Literature
2.1. The Evolution of Business Intelligence in Healthcare

The use of BI systems in the healthcare industry has evolved significantly. They have
moved from conventional decision-support systems that Power [6] outlined to integrated
analytical platforms that facilitate real-time decision-making. BI and analytics are essential
components of healthcare organizational strategies because they enable the conversion of
large amounts of clinical data into actionable insights that can enhance patient outcomes
and operational efficiency, according to Chen et al. [7].

The introduction of clinical data warehouses was a big step forward in this process
because they let healthcare organizations combine data from many different sources and
use it to manage long-term conditions.

According to Karami et al. [8], clinical data warehouses are useful for gathering
information in pathology management because they let you objectively evaluate the quality
of care and find ways to improve clinical outcomes. Raghupathi and Raghupathi [9] look
at how Big Data affects healthcare.

They say that combining structured and unstructured data from many sources, like
genomics, wearable technology, and electronic health records, opens up new possibilities
for personalized medicine and population health management. The way professionals
access and interpret complex data has completely changed as a result of interactive dash-
boards, which are crucial parts of contemporary healthcare BI ecosystems. Stadler and
his colleagues [10] assert that the use of visualization dashboards greatly increases the
effectiveness of healthcare analytics by cutting down the time needed to generate reports
from hours to minutes and facilitating the quick identification of important trends.

By using real-time and historical data analysis to identify risk factors and early interven-
tions, Ramesh and colleagues [3] show how Big Data analytics changes the traditional healthcare
model and makes it possible to move from reactive to predictive and preventive approaches.

2.2. Business Intelligence in Telemedicine Diabetes Management

Utilizing BI in telemedicine diabetes management, information technology and long-
term patient care have come together intelligently. Ghazisaeedi et al. [11] assert that
telemedicine solutions for diabetes facilitate remote glucose monitoring, patient education,
and efficient communication between patients and healthcare teams, thereby diminishing
the necessity for frequent clinic visits and enhancing treatment adherence.

By combining data from glucometers, smartphone apps, and continuous glucose
monitoring (CGM) devices into specialized dashboards, this combined approach, made
possible by BI tools, offers appropriate clinical supervision.

KPIs must be set up and monitored in order to evaluate the effectiveness of
telemedicine interventions for diabetes management. To develop a systematic method for
identifying strategic KPIs in tertiary healthcare settings, Khalifa and Khalid [12] group
indicators into categories like clinical outcomes, patient satisfaction, operational efficiency,
and adherence to practice guidelines.
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The authors emphasize that in order to allow for an objective assessment of progress
and identification of areas that require improvement, clearly defined KPIs must be time-
bound, relevant, quantifiable, achievable, and specific.

Due to its versatility, analytical prowess, and capacity to integrate with numerous data
sources, Microsoft Power BI [13] has emerged as the platform of choice for BI solution imple-
mentation in the healthcare industry. With the help of the platform’s intuitive visualization
tools, advanced data modeling capabilities through the DAX (Data Analysis Expressions) lan-
guage, and native connectivity to electronic health record systems, healthcare professionals
can create interactive dashboards without the need for complex programming knowledge.

The quick implementation of BI solutions for tracking performance indicators in
diabetes management is made possible by the democratization of access to analytical tools.

2.3. Artificial Intelligence and Machine Learning in Diabetes Prediction

Machine learning (ML) techniques have revolutionized the ability to predict diabetes
risk and provide higher accuracy than traditional statistical models by combining complex
sets of clinical and demographic data. Fazakis et al. [14] demonstrate that machine learning
algorithms can identify subtle patterns in data that are overlooked by conventional analyses
in their assessment of multiple machine learning tools for the long-term prediction of type
2 diabetes risk. The study emphasizes the importance of feature selection, hyperparameter
optimization, and comprehensive validation to ensure that models can be applied to a
range of populations.

Comparative research offers important information about how well various machine
learning algorithms perform in actual clinical settings. In a thorough assessment of diabetes
classification and prediction, Butt et al. [15] use a variety of algorithms, such as ensemble
methods, neural networks, and decision trees, and discover significant differences based on
the dataset’s properties and the proportion of positive and negative classes. One significant
finding is the illustration that the algorithms’ performance is highly dependent on the
quality of the data preprocessing, the methods used to handle missing values, and the
methods for class balancing in datasets that are not balanced.

The argument between interpretability and model complexity is still crucial to the clinical
use of machine learning. According to Lynam et al. [16], logistic regression can perform
comparably to more sophisticated machine learning algorithms in certain clinical settings
when appropriately optimized. This suggests that traditional models’ interpretability and
simplicity continue to be significant benefits for clinical decisions that need to be able to be
explained and approved by experts.

This finding highlights how important it is to balance decision-making transparency
with predictive power in medical applications.

Ensemble algorithms like XGBoost and Random Forest have attracted a lot of interest
because they can aggregate predictions from multiple models to improve overall accuracy
and robustness. Outperforming individual algorithms, Gündoğdu [17] proposes an efficient
method to predict diabetes in its early stages by combining the XGBoost classifier with
Random Forest feature selection. The technique demonstrates how ensemble approaches
can reduce overfitting and enhance generalization to new data, making them particularly
helpful for clinical datasets with high dimensionality and intricate variable relationships.

While most research in diabetes prediction focuses on improving machine learning
performance through increasingly complex models, such approaches are often developed
as standalone analytical solutions. In clinical practice, this emphasis on predictive accuracy
may come at the expense of interpretability, transparency, and ease of integration with
existing decision-support systems. In contrast, the objective of this research is to show
how well-established machine learning techniques can be incorporated into a business
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intelligence environment to enhance exploratory analysis and clinical decision-making,
rather than to suggest or assess a novel predictive approach. This framework’s predic-
tive elements are purposefully interpretable and integrated into interactive dashboards,
enabling users to contextualize model results alongside clinical, geographic, and demo-
graphic data. This design decision aligns the predictive layer with the overall objective
of well-informed decision-making in telemedicine scenarios by giving accessibility and
analytical understanding importance over algorithmic complexity.

For this reason, the paper does not report predictive performance metrics or external
validation results, and the predictive layer is presented only as an integrated analytical
component for exploratory use.

2.4. Data Visualization and Dashboard Design in Healthcare

The principles of information visualization, user requirements, and the particular
clinical context in which they will be utilized must all be carefully considered when
designing clinical dashboards.

Three main dimensions have been identified by Zhuang et al. [18] in their compre-
hensive system for assessing dashboards in the healthcare industry: the effectiveness of
interactions, user experience, and the capacity to support clinical decision-making. The
framework offers helpful advice to developers and designers, stressing the value of ongoing
interface improvement based on user input and iterative testing.

The authors stress that good dashboards must balance information density and visual
clarity to avoid cognitive overload, which can impair decision-making.

Stadler et al. [10] demonstrate through particular case studies how the use of data vi-
sualization dashboards improves the quality of communication amongst multidisciplinary
healthcare teams as well as the efficacy of analyses. Quickly identifying trends, comparing
data across units or time periods, and delving into particular data to examine anomalies or
areas of interest are all made possible by dashboards.

2.5. Limitations and Challenges in Implementing BI Systems for Diabetes

BI systems have a lot of potential for diabetes management, but in order for these
technologies to be used responsibly, some significant issues need to be recognized and
fixed. Data quality is a key concern because BI and ML models depend on the accuracy,
completeness, and representativeness of input data.

Luo [19] notes in his evaluation of the state of imputation techniques for handling
missing values in clinical data that inefficient methods can lead to systematic biases that
compromise the validity of results.

The study shows that sophisticated ML-based imputation techniques can outperform
plain methods (mean, mode, forward fill), but they need thorough validation and knowledge
of the mechanisms underlying missing data (completely randomly missing, randomly missing,
non-randomly missing).

In clinical settings where trust depends on the decision-making process being trans-
parent, the interpretability of machine learning models is a significant challenge.

3. Materials and Methods
3.1. Data Set—Description

The study uses the “Comprehensive Diabetes Clinical Dataset” (100k rows), publicly avail-
able on the Kaggle platform [1]. The dataset contains health and demographic information
from 100,000 individuals from the USA and is designed for diabetes research and predictive
modeling. It includes data on gender, age, location, race, hypertension, cardiovascular disease,
smoking history, body mass index (BMI), HbA1c level, blood glucose level, and diabetes status.

https://doi.org/10.3390/systems14020155
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The dataset offers extensive capabilities for multidimensional analysis, including
predictive modeling to estimate the probability of diabetes based on demographic and
health characteristics, analysis of correlations between different clinical metrics (BMI,
HbA1c) and diabetes, demographic studies of the distribution of diabetes across population
groups and locations, public health research to identify risk factors and target interventions
to vulnerable groups and clinical research on the relationship between comorbidities such
as hypertension and cardiovascular disease with diabetes.

The dataset comprises 100,000 patient records with 22 attributes covering demographic,
clinical, and behavioral dimensions. The data structure is presented in Table 1.

Table 1. Structure of the dataset used in the study.

Category Attributes Description Data Type

Demographic Age Patient age (categories: Under 30, 30–44, 45–59,
Over 60) Decimal

Gender Patient gender (Female, Male, Other) Text

Race Flag for five race types (African American, Asian,
Caucasian, Hispanic and Other) Whole Number

Location American state of residence Text
Year Data collection year (2015–2022) Whole Number

Clinical Diabetes Diabetes status (0 = non-diabetic, 1 = Diabetic) Whole Number
Bmi Body Mass Index (kg/m2) Decimal
Blood_glucose_level Blood glucose level (mg/dL) Whole Number
HbA1c_level Hemoglobin Glycated hemoglobin (%) Decimal
Heart_disease Presence of heart disease (0 = No, 1 = Yes) Whole Number
Hypertension Hypertension presence (0 = No, 1 = Yes) Whole Number

Behavioral Smoking_history Smoking history (never, former, current, no info) Text

Note on Racial Coding: The dataset uses one-hot encoding for racial categories, where each race is represented by
a separate binary column (0/1). This structure allows patients to potentially be associated with multiple racial
categories, reflecting the complexity of ethnic identity in reality.

The choice of a single public dataset is justified by the study’s purpose, which is to
validate the suggested business intelligence framework rather than to statistically generalize
clinical findings. The dataset’s huge size (100,000 records) and multidimensional structure
allow for an evaluation of the framework’s internal coherence, scalability, and analytical
behavior across demographic, clinical, geographic, and equity dimensions. Validation
across various datasets or nations is essential for clinical generalization because it is outside
the scope of this systems-oriented BI study.

3.2. Data Preparation and Cleaning in Power Query

The CSV connector was used to import the dataset into Power BI Desktop. To guarantee
consistency and the data’s utility in further analyses, some preliminary changes had to
be made in the Power Query editor. In order to facilitate multidimensional analysis of
diabetes, the preparation process sought to both validate the data integrity and create
derived variables.

Promoting the first row as a column header was the first step, and then data types
were automatically detected. The numeric column Age was transformed into the categorical
variable AgeGroup using a conditional structure that segments the population into four
groups: 18–34 years, 35–49 years, 50–64 years, and over 65 years. To ensure correct chrono-
logical ordering in the visualizations, an additional column Age Order was created that
assigns increasing numeric values (1–4) to each age category. The M-code associated with
this transformation successively checks the membership of each interval, applying the logic
if [Age] ≥ 18 and [Age] ≤ 34 then “18–34” else if [Age] ≥ 35 and [Age] ≤ 49 then “35–49” and
so on.
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In the field of clinical indicators, HbA1c values have been categorized according to
international medical standards. Values below 5.7% are classified as normal, the range
5.7–6.4% defines the state of prediabetes and values of 6.5% or higher indicate the presence
of diabetes. The implementation of this logic in Power Query uses a hierarchical conditional
structure: if [HbA1c] < 5.7 then “Normal” else if [HbA1c] ≥ 5.7 and [HbA1c] < 6.5 then
“Prediabetes” else “Diabetes”. Similarly, blood glucose was divided into three categories
(normal below 100 mg/dL, prediabetic between 100 and 125 mg/dL, and diabetic above 125 mg/dL)
using the same conditional approach.

Body mass index was classified into four categories according to the WHO criteria [2]:
underweight (BMI < 18.5), normal weight (18.5–24.9), overweight (25–29.9), and obese (BMI ≥ 30).
This categorization allows comparative analyses between weight groups and facilitates
the identification of risk patterns. To improve the readability of the reports, the binary
column Diabetes_binary (0/1) was converted to explicit text format by creating the column
DiabetesFlagText, in which the value 0 becomes “No” and 1 becomes “Yes”, applying the
formula if [Diabetes_binary] = 0 then “No” else “Yes”.

As a result each race was represented by a different binary column (WhiteOnly, Black-
Only, AsianOnly, NegativeAmericanOnly, OtherRace), the dataset’s one-hot encoding of racial
information presented a unique challenge. We created the calculated column RaceCategory
using sequential conditional logic in order to combine these five columns into a single
categorical variable that could be used in the analyses: if [WhiteOnly] = 1 then “White”;
if [BlackOnly] = 1 then “Black”; if [AsianOnly] = 1 then “Asian”; and so on. This ensured
consistent representation of the racial dimension.

Following all modifications, there are 23 columns in the final schema, with 6 coming
from Power Query and 17 from the original dataset. This preserves the 100,000 individual
records on which further analysis is based.

3.3. Power BI Architecture and Data Model

Instead of using distinct dimension tables unique to the star model (star schema),
the practical implementation of this study uses a simplified architecture with a single fact
table (diabetes_dataset). This architectural decision is supported by the project’s educational
goal and the dataset’s inherent characteristics, which do not require complex relational
normalization.

In order to avoid multiple joins and streamline the logic of DAX measures, all analytical
dimensions, demographic, clinical, behavioral, and geographic are directly integrated as
attributes in the main table.

The diabetes_dataset table’s structure consists of 23 columns arranged into five func-
tional categories based on themes. Stratified analyses on various population characteristics
are made possible by the demographic dimension, which comprises the variables Age,
AgeGroup, Age Order, Sex, and racial information. Clinical parameters that provide both quan-
titative and qualitative indicators of metabolic status include BMI, BMICategory, HbA1c,
HbA1cStatus, Glucose, and GlucoseCategory. The binary variable HeartDiseaseorAttack, which
is coded as 0 (absent) or 1 (present), represents cardiovascular risk factors.

This single-table architecture presents clear advantages in the current context: sim-
plification of DAX measure development (all columns are directly accessible without
relationships), increased performance for filtering and aggregation operations (absence of
repeated joins), and model transparency for end users who can immediately understand
the data structure. However, the model also presents inherent limitations: data redundancy
(demographic information is duplicated for each record), scaling difficulties (adding new
dimensions exponentially increases the complexity of the table), and reduced flexibility
(structural changes require re-processing of the entire dataset). In production scenarios
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with large volumes of data and complex evolutionary requirements, the transition to a star
schema architecture with separate dimension tables would become necessary to ensure
system maintainability and extensibility.

3.4. Development of DAX Measures

Each of the five functional categories that comprise the framework’s analytical layer’s
35 DAX measures answers a different diabetes management question. Table 2 compiles the
main metrics produced by the system and arranges them based on analytical dimensions.

Table 2. Main DAX measures developed in the framework (representative selection).

Category Measure DAX Purpose

Basic Metrics TotalPatients COUNTROWS(diabetes_dataset) Total number of patients

DiabeticCount CALCULATE(COUNTROWS(diabetes_dataset),
diabetes_dataset[diabetes] = 1) Number of diabetics

DiabeticPercent DIVIDE([DiabeticCount], [TotalPatients], 0) Diabetes rate (%)

Clinical Metrics AvgBMI AVERAGE(diabetes_dataset[bmi]) Average BMI
AvgHbA1c AVERAGE(diabetes_dataset[hbA1c_level]) Average HbA1c
AvgAge AVERAGE(diabetes_dataset[age]) Average age

Demographic Analysis DiabeticRate_ByAgeGroup DIVIDE(CALCULATE(COUNTROWS(. . .), diabetes = 1),
COUNTROWS(. . .)) Diabetes rate by age

DiabeticCount_ByRace CALCULATE(COUNTROWS(diabetes_dataset),
diabetes_dataset[diabetes] = 1)

Number of diabetics by race
(context-aware)

Risk Analysis HeartDiseaseRate DIVIDE(CALCULATE(COUNTROWS(. . .),
heart_disease = 1), [TotalPatients], 0) Heart disease rate

HypertensionRate DIVIDE(CALCULATE(COUNTROWS(. . .),
hypertension = 1), [TotalPatients], 0) Hypertension rate

Contextual Analysis AvgGlucose_ByLocation
AVERAGEX(VALUES(diabetes_dataset[location]),
CALCU-
LATE(AVERAGE(diabetes_dataset[blood_glucose_level])))

Average glucose by location

AvgBMI_ByHbA1c AVERAGEX(VALUES(diabetes_dataset[HbA1cStatus]),
CALCULATE(AVERAGE(diabetes_dataset[bmi]))) Average BMI by HbA1c status

Note: For ease of reading, DAX formulas are presented in a simplified format. In total, 35 measures, spread across the five
functional categories, are part of the full implementation.

Basic population indicators are provided by the basic measures (Basic Metrics): Dia-
beticCount uses CALCULATE([TotalPatients], diabetes_dataset[Diabetes_binary] = 1) to count
patients with diabetes, whereas TotalPatients uses COUNTROWS(diabetes_dataset) to deter-
mine the total number of records. The prevalence of diabetes is expressed as a percentage by
the measure DiabeticRate that applies the formula DIVIDE([DiabeticCount], [TotalPatients],
0), and the proportion of healthy patients is captured by NonDiabeticCount and HealthyRate
for comparative analyses.

The clinical indicators category (Clinical Metrics) aggregates metabolic parameters at
the population level. The AvgBMI, AvgHbA1c, and AvgGlucose measures calculate simple
averages using the AVERAGE() function applied to the respective columns, providing a
synthetic perspective on the overall metabolic status.

Dedicated metrics are used to quantify the prevalence of cardiovascular risk factors:
HeartDiseaseRate, which is replicated in the structure for hypertension (HypertensionRate),
establishes the percentage of patients with cardiovascular disease.

Demographic analyses (Demographic Analysis) decompose the prevalence of diabetes
on multiple population dimensions. The Female_DiabeticRate measure, which is replicated
for men (Male_DiabeticRate) and for every racial group, isolates the diabetes rate in women
by applying a double filter: CALCULATE([DiabeticRate], diabetes_dataset[Sex] = “Female”).

Systematic disparities can be identified by stratifying the prevalence by age and race
using the DiabeticRate_ByAgeGroup and DiabeticCount_ByRace measures.

Using risk ratios, the predictive dimension (Risk Analysis) measures the connections
between diabetes and cardiovascular comorbidities. The HeartDiseaseRate measure shows
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how many times the risk is higher in the diabetic group by comparing the prevalence
of cardiovascular disease between diabetics and non-diabetics. The same mechanism is
applied for hypertension (HypertensionRate), generating a multidimensional risk profile
essential for tertiary prevention strategies.

Lastly, contextual analyses compare clinical groups’ health behaviors. Geographic
variations can be identified with the AvgGlucose_ByLocation measure, which uses AVER-
AGE(VALUES(diabetes_dataset[blood_glucose_level]) to calculate the average blood glucose by
state. By using AVERAGE(VALUES(diabetes_dataset[HbA1cStatus]) to correlate BMI with
HbA1c status, the composite measure AvgBMI_ByHbA1c makes it easier to analyze the
relationships between metabolic parameters.

Complete analytical capabilities and modularity in creating visualizations for later
dashboards are both provided by this hierarchical taxonomy of DAX measures.

3.5. Interactive Dashboard Design

Five interconnected dashboard pages, each with a unique analytical goal and interac-
tive filters for multidimensional data exploration, make up the analytical framework. In
accordance with accepted guidelines for information design for healthcare applications,
this modular architecture enables users to move logically and intuitively from overviews
to specialized analyses [20].

Each dashboard adheres to a predetermined format to facilitate efficient navigation
and a smooth learning curve. The standard interactive slicers and descriptive titles for the
following important dimensions are included in the top section: year, age group, gender,
HbA1c status, and geographic location. By placing these filters consistently, users can apply
the same selection criteria to every page while exploring, preserving analytical context. The
main visualizations occupy the center section, with graphs and tables logically arranged
from top to bottom and left to right, and KPI cards at the top for immediate visibility.

The lower or side area includes the Smart Narrative component, which automatically
generates textual summaries of key insights, and the Data Governance & Ethics infor-
mative panel, present in the Overview dashboard to clarify the ethical aspects of data
use. The five dashboards cover a logical analytical progression from the general view to
specialized insights.

The first dashboard, Overview of the Diabetes Dataset, establishes the fundamental
context by presenting the size of the study population, the overall prevalence of diabetes,
and the average values of key clinical indicators. It includes eight KPI cards that display
the total number of patients, the number and percentage of diabetics, the average age, the average
BMI, the average HbA1c, and glucose levels. Complementary visualizations include a bar
chart for age group distribution, a donut chart for smoking status, a stacked bar chart for
gender and diabetes status distribution, a bar chart for diabetes rate by age group, and a
geographic tree map showing the distribution of diabetic patients by state.

Unexpected trends are highlighted by the Smart Narrative, such as the fact that,
because of the size of this cohort in the dataset, the “Under 30” category has the highest
absolute number of patients.

Demographic Insights, the second dashboard, explores the behavioral and demo-
graphic trends that affect the prevalence of diabetes in greater detail. It shows that preva-
lence rises exponentially with age, reaching about 15% in the over-sixty group, and it shows
notable differences by gender and age. Age and BMI are visualized using an inter-active scatter
plot, which reveals a higher positive correlation in diabetic patients than in non-diabetics.
Separate KPI cards for diabetes rates in men and women are included in the visualizations,
emphasizing the gender gap noted in the literature [21], the geographic distribution, and
the influence of smoking history on diabetes risk.
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Clinical Performance & Metrics, the third dashboard, compares clinical indicator
values between patients with and without diabetes in a methodical manner. It shows
notable differences that support clinical diagnostic criteria. While a stacked bar chart
illustrates the comorbidity rates for heart disease and hypertension, a clustered bar chart
enables a direct comparison of the mean BMI, HbA1c, and glucose values between the two
groups. Along with a line chart that illustrates the trend of HbA1c levels over time, the
dashboard also provides a visual representation of the relative significance of various
features for diabetes prediction based on machine learning principles. The total values for
every clinical indicator are compiled in the calculated DAX measures table.

The fourth dashboard, Predictive & Regional Insights, combines predictive correla-
tions between geographic analysis and clinical indicators. An interactive visual map that
uses color gradations to identify high-prevalence areas that require targeted interventions
shows the geographic distribution of diabetes rates in the United States.

A scatter matrix is used to visualize multidimensional correlations between BMI, HbA1c,
and glucose levels, validating known clinical associations between these variables [22]. Strat-
ified time graphs, which are separated by diabetes status and other relevant demographic
factors, can be used to analyze the evolution of glucose levels over the study period.

The fifth dashboard, Equity & Prescriptive Insights, provides a critical perspective on
equity in diabetes prevalence and management by analyzing health disparities along racial
and gender dimensions. While a donut chart shows the distribution by race, a clustered bar
chart further stratifies the diabetes distribution by gender, revealing complex intersections
of vulnerability. The hierarchical causal analysis of the decomposition tree allows users to
interactively explore the ways in which combinations of demographic factors contribute to
variations in diabetes rates. The distribution of HbA1c levels by race is compared using a
box plot, which highlights differences in glycemic control that could be caused by variations
in socioeconomic status, treatment compliance, and access to healthcare services [23].

The applied principles of visual design ensure consistency, clarity, and cognitive
efficiency. The visual hierarchy of each dashboard is established by placing high-impact
KPIs with larger visual dimensions at the top, with secondary visualizations logically
placed in the middle and lower sections.

The color palette is used consistently across all pages, with blue for non-diabetic
patients and normal values, orange for diabetic patients and elevated values, green for
healthy statuses, yellow for areas of concern and neutral gray for inconclusive categories.
Cross-filtering interactivity allows selection of an element in one view to automatically
filter all other views on the page, maintaining a consistent analytical context. Responsive
layouts are optimized for standard desktop resolutions, scaling proportionally to maintain
readability on different screen sizes.

A typical usage workflow guides users through progressive exploration of the data.
A clinician or researcher starts in the Overview dashboard to understand the population
size and overall prevalence, then applies filters to select a specific subset of interest, such as
women over sixty in a specific state or time interval.

With filters applied, the user explores demographic patterns in Demographic In-
sights, assesses clinical and comorbidity indicators in Clinical Performance, investigates
geographic disparities in Predictive & Regional, and concludes with an examination of
equity and formulation of recommendations in Equity & Prescriptive Insights. This logical
sequence facilitates the transition from understanding the overall context to identifying
specific actionable insights and formulating targeted interventions. Table 3 summarizes the
structure of the dashboards and their main components.
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Table 3. Structure of interactive dashboards and main analytical components.

Dashboard Analytical Purpose Main Components

Overview General context and key
indicators

KPI cards (8 metrics),
demographic distributions,
geographical tree map, Smart
Narrative

Demographic Insights Demographic and behavioral
patterns

Age/gender distributions,
age-BMI scatter plot, smoking
statuses, disparities

Clinical Performance Clinical comparisons and
comorbidities

Diabetic vs. non-diabetic
comparisons, comorbidity rates,
HbA1c temporal trends

Predictive & Regional Geographical disparities and
correlations

USA map, clinical correlation
scatter matrix, glucose temporal
evolutions

Equity & Prescriptive Racial/gender disparities and
recommendations

Racial distributions, intersectional
analysis, decomposition tree,
HbA1c box plot

The predictive and machine learning aspects built into the dashboard architecture
are meant to enable exploratory analysis and analytical reasoning rather than serving as
standalone prediction systems. These components are not presented as clinically validated
models, but rather as illustrative analytical tools that show how interpretable machine learn-
ing techniques can be integrated into a business intelligence environment to supplement
descriptive analytics and improve population-level insights.

3.6. Ethical Considerations and Data Governance

The use of this dataset and the development of the analytical framework comply with
the fundamental ethical principles in research with health data, according to the Declaration
of Helsinki and the GDPR guidelines for the protection of personal data [24,25]. The data
are publicly available through the Kaggle platform [1], being completely anonymized
without direct or indirect personal identifiers that would allow the re-identification of
participants. According to the HIPAA regulation in the United States, anonymized public
data can be used in research without specific individual consent [26]. Although the data are
collected in the USA, the principles of the GDPR are respected by ensuring methodological
transparency, limiting use to educational and research purposes, minimizing data to the
attributes necessary for the proposed analyses, and storing locally without undeclared
international transfer.

The study is conducted for strictly educational and research purposes, with the objec-
tives of demonstrating the analytical capabilities of BI platforms in healthcare, developing
skills in the design of interactive dashboards, and contributing to the academic literature
on the topic of digital transformation in the field of healthcare. The framework is not
a validated clinical tool and is not intended for direct use in clinical decisions without
further medical validation. The dataset reflects a diverse population and has limitations in
generalizability to other geographic or cultural contexts. Aggregate interpretations may
mask patterns in small subgroups, and segmental analyses with small volumes below
100 patients require statistical caution due to limitations in representativeness. The cross-
sectional nature of the data precludes causal inferences, as longitudinal follow-up data on
the same patients over time are not included.

To ensure reproducibility and auditability, all technical aspects are documented ex-
haustively in this article. The Power Query M code for each derived column is presented
in Section 3.2, the complete DAX formulas for the measures in Table 2 are detailed in
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Section 3.4, and a description of the visualizations and analytical logic is provided in
Section 3.5. The direct link to the original dataset on Kaggle is provided in the references [1],
allowing any practitioner with access to Microsoft Power BI Desktop to replicate the entire
analytical system. This methodological transparency respects the principles of open science and
facilitates independent validation of the results.

All results presented in Section 4 are reported exclusively at the aggregate level,
reflecting cohorts, demographic groups, and population means, never at the individual
level. No visualizations or tables present individual patient data. In cases where filtering
produces very small subgroups, the statistical limitations and potential risk of indirect
identification are explicitly stated, even if the data are anonymized. The best practice of
avoiding reporting for sample sizes below 10 records in sensitive contexts is followed in
the presentation of the results.

The Overview dashboard includes a dedicated panel entitled Data Governance & Ethics
that is permanently visible to end users, which transparently communicates the limitations
and purpose of the study. This panel specifies that the dataset is public and anonymized
and used for educational purposes only, that there may be demographic imbalances that
require cautious aggregate interpretations, and that reproducibility is ensured by fully
documenting the Power Query transformations and DAX measures. The panel serves as a
constant reminder of the limitations and prevents inappropriate use of the framework in
contexts for which it has not been validated.

There are significant ethical issues when examining racial and gender disparities in
the Equity & Prescriptive Insights dashboard. Legitimate objectives that support research
on the social determinants of health include identifying vulnerable populations in need of
focused interventions and drawing attention to disparities to educate the public. However,
if higher rates in particular ethnic groups are misinterpreted and lead to the perpetuation
of unfavorable stereotypes, there may be risks of stigma.

Data on access to health care, education, and material factors that help explain some
of the observed racial gaps are not included in the dataset. Broad racial classifications, like
“Asian”, can result in erroneous generalizations and obscure significant internal diversity.
To reduce these risks, the interpretations in Section 5 will highlight the need for culturally
appropriate interventions that respect the internal diversity of the demographic groups
studied, steer clear of deterministic language in favor of correlational formulations, and
contextualize observed disparities in relation to structural and socioeconomic factors in
the literature.

4. Results and Discussion
4.1. Overview Dashboard—General Perspective on the Population

The Overview Dashboard (Figure 1) provides a complete synthesis of epidemiological
and clinical indicators at the population level, serving as an entry point for exploring the
analytical approach. The interface integrates six main KPI cards that instantly summarize
the status of the cohort: a total of 100,000 patients, of which 8500 are diagnosed with
diabetes, resulting in an overall prevalence of 8.5%. The complementary healthy person
rate is 91.5%, while the average age of the studied population is 42 years.

According to the WHO classification [2], the average BMI is 27.32, which is overweight;
the average HbA1c level is 5.53%, which is within the normal range but near the prediabetes
threshold; and the average blood glucose level is 138.06 mg/dL, which is marginally higher
than the normal fasting blood glucose threshold of 100 mg/dL.
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Figure 1. Dashboard overview.

According to the age group distribution, the young adult (18–34 years old) group
accounts for about 40% of the sample, with the 35–49, 50–64, and over 65 age groups
following in decreasing order.

The rate increases exponentially with age, peaking in the over-65 age group, according
to age-stratified diabetes prevalence analysis.

This pattern, which shows a progressive decline in insulin sensitivity and pancreatic
beta cell function, supports the idea that aging is a major risk factor for the development of
type 2 diabetes. The disease is far more common in men (9.75%) than in women (7.62%),
which may indicate that biological or behavioral factors influence a person’s vulnerability
to the illness. In this gender dimension, there are notable variations. A donut chart that
divides the population into different groups and measures smoking status sheds light on
the part that risky behaviors play in the epidemiology of diabetes.

The geographic distribution, which shows notable inter-state variations in the absolute
number of diabetes cases, is depicted on a choropleth map of the United States.

The second figure (Figure 2) displays a specific filtered scenario to demonstrate the
dashboard’s interactive features. All KPI metrics and views are instantly altered when
the filter for 2022 is applied, yielding a subset of just 8 patients for that time frame. The
prevalence of diabetes increases to 25% (2 out of 8) and the mean age falls to 33 years in
this small annual cohort. Consequently, the mean BMI is 26.49, the HbA1c is 5.94%, and
the blood glucose level is 157.63 mg/dL.

 

Figure 2. Dashboard overview—2022 filtering.
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By combining filters (year, location, age, gender, and HbA1c status), physicians and
management can quickly isolate and analyze specific cohorts. This multidimensional
and temporal drill-down feature turns the dashboard from a static report into a dynamic
analytical tool that can be tailored to specific decision-making needs, such as inter-period
comparisons or yearly trend analyses.

Users are made fully aware that the data is de-identified, used exclusively for ed-
ucational purposes, and that there may be demographic imbalances that need careful
interpretation by the Data Governance & Ethics panel, which is prominently displayed at
the bottom of the dashboard. This section highlights the dedication to ethical practices in
the analysis of sensitive medical data and acts as a methodological disclaimer.

4.2. Demographic Insights Dashboard—Demographic Pattern Analysis

Once the epidemiological patterns of diabetes are broken down by age, gender, race,
and risk behaviors, the Demographic Insights Dashboard (Figure 3) offers a comprehensive
picture of the sociodemographic factors that contribute to the disease. Multiple graph types
are integrated into the visual interface to enable direct comparisons between population
subgroups and the identification of high-risk segments.

 

Figure 3. Demographic Insights Dashboard—distributions by age, gender, and smoking status.

The age group of 18 to 34 has the lowest absolute numbers of cases, followed by
the 35-to-49 and 50-to-64 age groups, with the over-65-year-old cohort exhibiting the
largest increase.

This age-categorized vertical bar chart illustrates how the prevalence of diabetes
increases exponentially with age. Since intensive screening and lifestyle modifications
should be prioritized in the fourth and fifth decades of life, before the condition becomes
clinically manageable, this age stratification aids in determining the ideal window of time
for preventative actions.

Gender analysis reveals significant differences in prevalence: overall, men register
a rate of 9.75%, while women register a rate of 7.62% (Figure 3), indicating a relative
difference of about 28%. This disparity could be partially explained by variations in the
distribution of adiposity (men are more likely to accumulate visceral fat, which increases metabolic
risk) and health behaviors (men are less likely to be screened). A different view that accounts
for other demographic factors is shown in Figure 4, where gender rates level off at roughly
9.05% for women and 9.03% for men. This suggests that the initial differences could be
muddled by differences in the two groups’ racial composition or age distribution.
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Figure 4. Demographic Insights Dashboard—filtering on the state of Mississippi.

A biphasic scatterplot (shown in Figures 3 and 4) that overlays the age-BMI axes with
points representing patients with and without diabetes is used to examine the relationship
between age and BMI based on diabetic status.

By demonstrating that diabetic patients, regardless of age, are more likely to be
concentrated in the higher BMI range (>30), even though there is a significant overlap
between the two groups, the visualization supports the role of obesity as an independent
risk factor. By dividing the population into distinct groups (current, former, and never
smokers), a donut chart that displays the distribution of smoking status provides important
behavioral context for evaluating cumulative cardiovascular risk.

With an analysis restricted to the state of Mississippi, Figure 4 demonstrates the
geographic filtering capability. Applying this spatial filter immediately modifies all demo-
graphic metrics, allowing the evaluation of this region’s distinct profile. With gender rates
balancing out at roughly 9.05% for women and 9.03% for men in this small geographic
cohort, it is possible that regionally specific cultural, socioeconomic, or health care access
factors could significantly alter the gender disparities seen nationally across states.

Mississippi is visually highlighted on the choropleth geographic map, which makes it
possible to place the state in the larger context of the US epidemiological landscape. For
state-level public health initiatives, this geographic drill-down capability is crucial because
it enables local officials to examine trends unique to their jurisdiction free from the influence
of data from other areas.

The illustration in Figure 5, which displays the seaborn code used to create the age-
BMI scatterplot, demonstrates how Python capabilities can be integrated into Power BI. In
order to handle overlapping points in dense areas, the Python script imports the pandas,
matplotlib, and seaborn libraries, sets the figure size to (8,6), and generates a visualization
with alpha = 0.6 transparency. By using different color palettes to visually distinguish be-
tween the two cohorts (diabetics and non-diabetics), the hue = ‘diabetes’ parameter facilitates
the rapid identification of segregation patterns in the two-dimensional age-BMI space.

This Python integration extends Power BI’s native capabilities with advanced statistical
visualizations designed for the data science community, demonstrating the platform’s ver-
satility for complex exploratory analyses that go beyond the limitations of traditional charts.
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Figure 5. Python editor in Power BI—generating age–BMI scatterplot with seaborn.

This means that the Demographic Insights Dashboard functions as a population-level
risk stratification tool, enabling the identification of vulnerable groups that necessitate the
prioritization of prevention and management resources, such as elderly men with a high
body mass index (BMI) or states like Mississippi with particular epidemiological profiles.
Descriptive analysis becomes actionable intelligence for public health initiatives when it is
possible to filter data simultaneously on several demographic and geographic dimensions.

4.3. Clinical Performance & Metrics Dashboard—Assessment of Metabolic Parameters
and Comorbidities

To enable direct comparisons between the diabetic and non-diabetic cohorts, the Clini-
cal Performance & Metrics Dashboard (Figure 6) offers a comprehensive understanding
of the clinical indicators that characterize the metabolic and cardiovascular profile of the
study population. The visual interface incorporates KPI cards with population-level aggre-
gated values, including mean blood glucose of 138.06 mg/dL, mean BMI of 27.32, mean
HbA1c of 5.53%, diabetes prevalence of 9% (rounded from 8.5%), and 100,000 total patients.
The Risk Ratio for Hypertension of 0.39 is a crucial metric for evaluating cardiovascular
risk, indicating a complicated relationship between diabetes and hypertension that needs
more research.

 

Figure 6. Clinical Performance Dashboard—metabolic comparisons and cardiovascular comorbidities.
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Significant differences are found in all important metabolic parameters when the
mean clinical values of patients with and without diabetes are compared using a bar chart
with grouped bars. According to WHO criteria, the diabetic cohort is moved from the
overweight category to the class I obesity area by the mean BMI of 31.99 for flagged diabetic
patients (Diabetes binary = 1), which is approximately 5.1 BMI points higher than the mean
BMI of 26.89 for non-diabetics. The significantly worsened glycemic control in the affected
group is reflected in the mean HbA1c level, which rises from 5.03% in non-diabetics to
6.53% in diabetics, a difference of 1.5 percentage points.

The greatest difference is seen in average blood glucose levels, which are 133.06 mg/dL
in non-diabetics and 194.05 mg/dL in diabetics. This difference of more than 60 mg/dL
demonstrates that dysregulation of glucose metabolism is a clear indicator of the disease.

The prevalence of risk factors in the two cohorts is measured by the analysis of
cardiovascular comorbidities, which is shown as a stacked bar chart. The prevalence
of hypertension is 5.6% in diabetics and 3% in non-diabetics, indicating an approximate
1.87 relative risk. With a risk ratio of more than six and a cardiovascular disease rate of 14.3%
in the diabetic group compared to 2.3% in the non-diabetic group, it is clear that diabetes
and ischemic heart disease are closely related. Regardless of other risk factors, these
statistically supported values support the necessity of rigorous cardiovascular screening
and preventive treatment with statins and antihypertensives for all diabetic patients.

A biphasic line chart showing the temporal trend of HbA1c from 2016 to 2022 sheds
light on how glycemic control changed over time for both cohorts.

The line corresponding to diabetic patients (flagged) maintains a constant level around
6.5%, suggesting either stability of existing therapy or resistance to improved glycemic
control in this population. The non-diabetic line remains stable at approximately 5.0%,
confirming the absence of progression to prediabetes or diabetes in this group over the
observed period. This longitudinal view is essential for assessing the effectiveness of
diabetes management interventions at the population level and for detecting potential
negative trends that would require public health interventions.

The integration of Python into Power BI is demonstrated in Figure 7, which shows
an exploratory analytical script based on logistic regression from the scikit-learn library to
illustrate the relative associations between selected clinical variables and diabetes status
within the analyzed dataset. The script imports pandas for data manipulation, seaborn and
matplotlib for visualization, and sklearn for the logistic regression model. The dataset is
built with the variables: label (diabetes status), HbA1c_level, blood_glucose_level, hypertension,
and heart_disease. After training the model, the regression coefficients are extracted and
visualized through a seaborn bar plot that ranks the features by the magnitude of their
impact on the prediction. The coefficients demonstrated in Figure 7 are not meant to
indicate validated feature importance or predictive performance. Instead, they provide an
exploratory, interpretable perspective of the relative relationships between selected clinical
factors and diabetes status in the investigated dataset. The logistic regression model is
only used as an analytical tool to enhance exploratory reasoning, and it demonstrates how
traditional statistical models can be implemented in a business intelligence environment
for contextual interpretation, in addition to descriptive analyses.

This component is not responsible for model validation, performance evaluation, or
comparison with baseline predictors because its goal is interpretability and integration
within an interactive BI process rather than prediction accuracy.
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Figure 7. Python editor—logistic regression coefficients used for exploratory analysis of clinical
variable associations with diabetes status within the business intelligence framework.

In a clinical research or production deployment setting, the predictive layer would
need clear training–testing separation, cross-validation processes, performance measures
like AUC and sensitivity, and validation on independent datasets. These steps are purposely
left out since the predictive component is intended mainly for exploratory interpretation
inside the business intelligence workflow.

The Clinical Performance & Metrics Dashboard thus serves as a clinical benchmarking
tool, allowing the assessment of gaps between current parameters and therapeutic targets
recommended by international guidelines (e.g., HbA1c <7% for diabetics, BMI <25 for primary
prevention). The ability to stratify patients based on the severity of comorbidities and
metabolic values allows prioritization of resources towards segments with the highest
cardiovascular risk, thus optimizing the efficiency of clinical interventions in the context of
limited health system resources.

4.4. Predictive & Regional Insights Dashboard—Geographic Analysis and Predictive Correlations

To discover regional differences and patterns of correlation between clinical biomark-
ers, the Predictive & Regional Insights Dashboard (Figure 8) combines predictive analytics
and geographic intelligence. A choropleth map of the US that highlights the regional varia-
tions in disease prevalence by representing state-level diabetes rates using a color gradient
serves as the main visual aid. It is possible to quickly identify states with higher or lower
concentrations of cases visually thanks to this inhomogeneous geographic distribution,
which suggests the influence of socioeconomic, cultural, and healthcare access factors that
differ greatly between regions.

Located in the center of the dashboard, the correlation heatmap shows the quantitative
relationships between three important clinical parameters: blood glucose, HbA1c, and diabetic
status. The correlation matrix shows that blood glucose and HbA1c have strong positive
associations (probable correlation coefficient > 0.7), indicating that these two biomarkers
measure complementary aspects of the same metabolic disorder.

Blood glucose gauges the present condition, while HbA1c gauges long-term (3-month)
glycemic control. The use of both metrics as monitoring and diagnostic tools is supported
by their strong positive correlations with diabetes status. The creation of multivariable
predictive models is informed by this visualization, which aids in understanding the
structure of clinical interdependencies.
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Figure 8. Predictive & Regional Dashboard—geographic distribution and clinical correlations.

A bar chart with three categories, normal (132.84 mg/dL), prediabetes (137.74 mg/dL),
and diabetes (148.17 mg/dL) is used to analyze and quantify the effect of HbA1c status
on blood glucose levels. The blood glucose values’ linear progression through the three
stages, with noticeable increases between categories, validates the metabolic continuum
from normal to severe dysregulation.

The difference of approximately 15 mg/dL between the normal and diabetic statuses
emphasizes the clinical significance of HbA1c classification and the need for intensive
interventions in the prediabetes stage to prevent progression to overt diabetes.

A stacked bar chart that breaks down the annual volumes into the two cohorts shows
the temporal evolution of blood glucose between 2015 and 2021, stratified by diabetic status.
The distribution of diabetes cases over the course of seven years exhibits a relatively stable
temporal pattern, with no discernible upward or downward trends. This suggests that
management programs are consistently effective or that the new incidence and mortality
rates in the diabetic population are dynamically balanced. For evaluating the effects of
public health initiatives put into place during this time, a longitudinal viewpoint is crucial.

The geographic drill-down capability is demonstrated in Figure 9, which shows an
interactive tooltip activated by hovering over the state of Ohio. The pop-up panel displays
metrics specific to this region: AvgHbA1c of 5.57%, AvgGlucose of 138.01 mg/dL, and a
DiabeticCount of 131 patients. Ohio’s HbA1c and blood glucose values are remarkably close
to the national averages (5.53% and 138.06 mg/dL, respectively), suggesting that this state is
close to the center of the national distribution, without extreme deviations. The relatively
modest number of 131 diabetes cases in the dataset for Ohio reflects either the sample size
in the Comprehensive Diabetes Clinical Dataset [1] for this state or a lower true prevalence
compared to the “hotspots” in the Southeast. This contextual tooltip functionality allows
users to quickly compare any state’s clinical profile with national benchmarks without
leaving the main view, optimizing the efficiency of cross-state comparative analyses.

The integration of Python into this dashboard is illustrated in Figure 10, which shows
the seaborn script for generating a pairplot (matrix of scatter plots) of the relationships
between HbA1c_level and blood_glucose_level, stratified by the diabetes variable. The code
sets the seaborn style to ‘whitegrid’ and the context to ‘talk’ for visual optimization, uses
the ‘coolwarm’ color palette to differentiate the two cohorts and specifies kind = ‘kde’ for
overlaying the estimated kernel densities on the scatter plots. The plot_kws = {‘s’: 0.6}
parameter adjusts the point size to handle overplotting in high density areas. The result is
a multi-panel visualization that allows simultaneous observation of marginal distributions
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(diagonal histograms), bivariate scatter plots, and kernel densities, providing a complete
perspective on the correlational structure.

 

Figure 9. Predictive & Regional Dashboard—interactive tooltip for Ohio.

 
Figure 10. Python editor—pairplot for exploring HbA1c–blood glucose correlations.

Finding non-linear patterns and outliers that might be obscured by straightforward
univariate analyses requires the use of this exploratory data analysis technique.

Therefore, the Predictive & Regional Insights Dashboard serves as a geographic and
analytical intelligence tool that enables the understanding of the predictive mechanisms
by which clinical biomarkers can predict the onset of diabetes and the identification of
high-risk areas that require resources to be allocated there first.

Raw data can be transformed into valuable insights for planning national and regional
public health interventions through correlational analysis and geographic visualizations.

4.5. Equity & Prescriptive Insights Dashboard—Disparity Analysis and Targeted Recommendations

The Equity & Prescriptive Insights Dashboard (Figure 11) addresses the critical com-
ponent of health equity by merely examining racial and gender disparities in diabetes
prevalence. It offers scenario-driven analytics to pinpoint vulnerable groups and create
culturally relevant interventions. The primary KPI cards provide the reference context
for inter-group comparisons by summarizing the population-level metrics: 100,000 total
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patients, an 8.5% diabetes prevalence, a mean HbA1c of 5.53%, and a mean blood glucose
of 138.06 mg/dL.

 

Figure 11. Equity & Prescriptive Dashboard—racial disparities and root cause analysis.

The equity-related results should be taken with caution because the dataset uses
simplified racial classifications and excludes critical socioeconomic variables including
income, education, and healthcare access. As a result, the observed discrepancies are based
on aggregated dataset connections rather than causative links or full representations of
health inequalities.

A pie chart showing the distribution of diabetes prevalence by racial category shows
notable ethnic variation: the highest prevalence is 9.39% among Caucasians, followed by
Asians (8.74%), African Americans (8.22%), and Hispanics (7.08%). The current epidemiolog-
ical literature, which frequently reports higher rates in African American and Hispanic
populations, partially contradicts this hierarchy. Either particular features of the Comprehen-
sive Diabetes Clinical Dataset [1] or the inherent limitations of broad racial categories that
conceal significant internal diversity could be the cause of the disparity (for example, the
category “Asian” includes subpopulations with very different risk levels: high-risk South
Asians versus lower-risk East Asians).

The analysis stratified by gender and race, represented by a combined bar chart,
decomposes the prevalence into eight segments resulting from the intersection of the four
racial groups with the two gender categories. The visualization allows the identification
of the highest-risk segments (e.g., Caucasian men or Asian women) who could benefit
from intensive screening and targeted prevention programs. The root cause analysis
panel present in the dashboard provides a hierarchical decomposition of the contributing
factors to the diabetes rate of 0.09, stratifying by age (under 30 years versus 30–44 years),
and highlighting that younger groups present higher rates than those of middle age, an
unexpected pattern that requires further investigation to exclude potential artifacts of the
data structure.

The ability to filter out specific demographic subgroups is demonstrated by Figure 12,
which applies simultaneous filters for African American and Caucasian race and female
gender. This narrowed subset includes 24,000 patients, with a diabetes prevalence of
7.7%, mean HbA1c of 5.51%, and mean blood glucose of 137.59 mg/dL. Direct comparison
between the two racial groups in this female cohort shows very close rates: 7.57% for
African American women versus 7.88% for Caucasian women, suggesting that racial
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disparities observed nationally may be substantially confounded by gender, indicating
the need for intersectional analyses that simultaneously consider multiple demographic
dimensions. Root cause analysis for this filtered subset shows a diabetes rate of 0.08 for
both racial groups in the under-30 age category, decreasing to 0.04 in the 30–44 age group,
again confirming the counterintuitive pattern of higher prevalence in younger and elderly
women that requires validation in independent datasets.

 

Figure 12. Equity & Prescriptive Dashboard—African American vs. Caucasian (female) comparison.

The integration of Python into this dashboard is illustrated by Figure 13, which shows
the script for generating a boxplot of the HbA1c distribution by race and diabetic status.

 

Figure 13. Python editor—boxplot for HbA1c distribution by race and diabetes status.

The code generates a boxplot that stratifies HbA1c on the race (x-axis) and diabetic sta-
tus (hue) axes using the pandas library for data manipulation and matplotlib and seaborn
for visualization. Font size changes for labels and titles are among the customization
options that guarantee the best possible readability within the Power BI dashboard. This
visualization highlights possible differences in glycemic control that may reflect differences
in treatment access or adherence by enabling simultaneous comparisons between the four
racial groups and between diabetics and non-diabetics within each group. By showing the
median, quartiles, and outliers, the boxplot offers a more nuanced view than straightfor-
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ward mean comparisons and can spot highly variable segments that might point to uneven
care quality.

Instead of using automated decision rules, this system provides prescriptive sup-
port through scenario-based analytical guidance. Examples include prioritizing screening
programs for demographic segments with elevated HbA1c distributions, allocating pre-
ventive education resources to regions with persistently high prevalence, and promoting
guideline-based follow-up strategies for cohorts clustered near diagnostic thresholds. Spe-
cific interventions are still selected and implemented by physicians or policymakers, and
the system does not automate this process.

That means public health policymakers can prioritize resources for vulnerable popula-
tions and modify preventive messages to the cultural contexts unique to each demographic
group by using the Equity & Prescriptive Insights dashboard as a tool for identifying
systemic inequities and creating equitable interventions.

The limitations of the data, including the absence of information on health insurance
access, education, and income, call for careful interpretation and emphasize the necessity
of future framework enrichment with socioeconomic variables that explain the causal
mechanisms behind the observed disparities.

4.6. Limitations, Practical Implications, and Future Directions

A cross-sectional layout of the Comprehensive Diabetes Clinical Dataset [1] complicates
the identification of causal relationships between the variables being studied and the
course of the disease. The descriptive method employed in this study provides a static
view of diabetes management without accounting for the longitudinal dynamics of disease
progression or response to therapeutic interventions. Future studies should use longitudinal
data to ascertain the actual impact of telemedicine interventions on long-term clinical
outcomes, such as preventing complications and preserving optimal glycemic control.

A further major weakness in the framework is that some of its elements, specifically, its
machine learning capabilities for diabetes risk prediction, are simulated. Although predictive
models have been developed and integrated into the dashboard architecture (Figures 8 and 9),
they are not experimentally validated and should not be interpreted as clinically deployable
prediction tools. Their role in the framework is essentially demonstrative, with the goal
of demonstrating how interpretable machine learning techniques can be integrated into a
business intelligence environment to enable exploratory and analytical reasoning.

In order to facilitate adoption in actual clinical settings, this validation should in-
volve assessing the models’ performance on a variety of populations, examining potential
algorithmic biases, and making sure the predictions are explainable.

The dataset’s statistical power and the generalizability of the findings may be impacted
by the comparatively small size of some demographic subgroups, especially for specific
racial and comorbidity combinations.

Significant racial and regional group differences are shown in Figures 6, 8 and 9, but
the interpretation of these findings must account for potential confounding variables that
may not be in the data, such as variations in socioeconomic status, treatment adherence, or
access to healthcare. A more comprehensive understanding of the mechanisms underlying
the observed disparities may be obtained by extending the analyses to incorporate social
determinants of health [27]. Furthermore, the integration of advanced business intelligence
frameworks with AI-driven data modeling methodologies [28] could enhance the system-
atic capture, integration, and analysis of complex multidimensional health determinants
from diverse data sources, enabling more robust predictive models and supporting the
scalability required for enterprise-level chronic disease management systems.
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Practically speaking, the solution shows how Power BI can be used as an approach-
able platform to apply BI solutions in diabetes management, lowering the financial and
technological barriers for mid-sized healthcare organizations.

For the reason of the dashboard’s modular design, interfaces can be customized to
meet the specific needs of different user types, such as managers who monitor perfor-
mance indicators at the cohort level, clinicians who require detailed patient-level data, and
policymakers who assess disparities at the population level.

A crucial component of the framework’s actual implementation is incorporating it
into current clinical workflows. Integration solutions that link Power BI dashboards with
EHR (electronic health record) systems, continuous glucose monitoring platforms, and
mobile self-monitoring applications are necessary in order to fully utilize the vast amounts
of structured and unstructured data produced by current telemedicine systems. This
integration would enable proactive interventions based on alerts generated by the BI
system and real-time updating of clinical indicators.

The ethical concerns related to the use of clinical data in BI solutions require ongoing
attention, especially when risk prediction is being carried out using machine learning
algorithms. Because algorithmic bias has the potential to exacerbate or reinforce existing
healthcare disparities, it must be addressed by regularly auditing model performance
on demographic subgroups and implementing explainability mechanisms that enable
clinicians to understand and validate the system’s recommendations.

Compliance with data protection regulations (GDPR, HIPAA) remains essential to
safeguard patient privacy and promote trust in digital health solutions.

Subsequent investigations ought to concentrate on broadening the scope of the solution
by incorporating supplementary data sources, like genomic information, social determi-
nants of health [28], or innovative biomarkers for more accurate risk classification. Using
sophisticated predictive models that integrate machine learning with medical expertise
could increase the precision of identifying high-risk patients and enable the customization
of treatment plans. Furthermore, the BI system would change from a descriptive tool to
an adaptive decision-support platform that learns and improves over time if dynamic
feedback mechanisms were developed that enable dashboards to be updated continuously
based on observed clinical outcomes.

5. Conclusions
The study’s objectives were met as follows: (i) a comprehensive business intelligence

architecture for diabetes telemedicine was designed and implemented; (ii) exploratory
predictive components were embedded within interactive dashboards to support analytical
reasoning; (iii) equity-oriented analyses were operationalized to enable scenario-based deci-
sion support; and (iv) full methodological transparency ensured the frame’s reproducibility
and transferability.

This study demonstrates the ability of contemporary BI platforms to convert raw
medical data into actionable intelligence for various stakeholders in the healthcare ecosys-
tem by demonstrating the viability and usefulness of creating a comprehensive business
intelligence framework for diabetes management using Microsoft Power BI. Five inter-
active dashboards covering complementary dimensions were produced by applying the
methodology to the Comprehensive Diabetes Clinical Dataset [1] with 100,000 patients. These
dashboards included information on general epidemiological insights, stratified demo-
graphic analysis, clinical assessment of comorbidities, predictive geographic intelligence,
and equity disparities.

The findings support epidemiological trends reported in the literature, including an
8.5% global prevalence, exponential age-related growth, notable gender differences (9.75%
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men versus 7.62% women), and robust associations between metabolic parameters (BMI,
HbA1c, and glycemia) and the presence of diabetes.

An examination of cardiovascular comorbidities shows that the rates of heart disease
in diabetics are more than six times higher than those in non-diabetics (14.3% versus 2.3%).

This demonstrates why this population requires stringent cardiovascular screening
procedures. An analysis of racial disparities shows notable variation across ethnic groups,
with rates ranging from 7.08% (Hispanics) to 9.39% (Caucasians), despite the dataset’s lack
of socioeconomic variables restricting the ability to interpret these differences causally.

This study’s primary contributions are found where BI technology and medicine
meet: (1) integrating Python capabilities for advanced statistical visualizations (scatter-
plots, correlation heatmaps, feature importance analysis) that go beyond the capabilities
of native Power BI charts; (2) implementing a transparent architecture that strikes a bal-
ance between educational simplicity and practical utility; (3) demonstrating interactive
temporal, geographic, and demographic drill-down functionalities that turn static reports
into dynamic exploratory tools; and (4) complete reproducibility through thorough doc-
umentation of Power Query transformations and 35 DAX measures arranged into five
functional categories.

Identified limitations include the cross-sectional nature of the data that precludes
causal inferences, the absence of socioeconomic variables that would explain the mecha-
nisms of the observed disparities, limited generalizability outside of a United States context,
and the simplified single-table architecture, which would require refactoring for large-
scale production deployments. These are partially offset by pragmatic benefits: modest
implementation costs (Power BI Pro at ~$10/user/month), an accessible learning curve for
practitioners without an advanced programming background, and full reproducibility
which allows the framework to be replicated by any healthcare organization with access
to Microsoft Power BI Desktop. The practical implications are immediate and multiple:
clinical management can stratify patients by risk and prioritize limited resources towards
vulnerable segments, telemedicine can remotely monitor large cohorts of patients with auto-
matic updates from connected IoT devices, public health authorities can efficiently allocate
resources to geographic regions with increased epidemiological burden, and researchers
can use the platform as an exploratory tool for generating hypotheses on complex obser-
vational data. The extensibility of the framework to other chronic diseases (hypertension,
cardiovascular disease, and obesity) and future integration with predictive ML models
for early identification of patients at high risk of decompensation are natural directions of
evolution that would amplify the impact of the system.

In conclusion, this study contributes to the growing literature on digital transformation
in healthcare by demonstrating that commercial BI platforms, when rigorously applied
with transparent methodology and deep understanding of the clinical context, can become
democratized tools for analyzing medical data, accessible not only to academic centers
with extensive resources, but also to community hospitals, private clinics and public health
organizations in emerging economies. The ability to transform historical data into action-
able intelligence in real time, combined with modest costs and complete reproducibility,
positions BI as an essential component of telemedicine and chronic disease management
ecosystems in the post-pandemic era.
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