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UHTEIPALIUSI JAHHBIX PEAJIBHOM KJIMHUYECKOM
HPAKTUKHU B COBPEMEHHYIO AHAJIMTUKY
3APABOOXPAHEHUA: METOIbI OBPABOTKH U
IHNPOI'HOCTUYECKOE MOIEJIUPOBAHUE

Annomayusa. OKCNOHEHYUANLHBIIUL POCM  YUPDPOBLIX MEXHONIO2UU 8
MeOUYUHCKUX YUPEeHCOeHUX NPUBEN K becnpeyedeHmHOM) HAKONIeHUI) OAHHbLX
peanvHou kiunudeckou npakmuku (Real-World Data, RWD). B omauuue om
OGHHLIX CMPO20 KOHMPOAUPYEMBIX —KIUHUYECKUX UCCAe008aHUL, OaHHble
PEeanbHOl NPAKMuKu, NOJIYYEHHble U3 DJIeKMPOHHLIX MeOUYUHCKUX Kapm,
PENAYUOHHBIX 0A3 OAHHBIX U HOCUMBIX OUOUHICEHEPHBIX YCMPOLCME, CO30a0m
0codvle sbluUCIUmMENbHbIE NPOOIeMbl, BKAI0UAS WYM, NPONYUWEHHble SHAYeHUs U
HeCcmpyKmypuposannvle  gopmamvl. B cmamve  paccmampusaemcs
Memooosocu4ecKas OCHO8d, Heobxooumas O d¢pgekmusnoii 0opabomku u
AHaNU3a peanbHulX OaHHbIX 30pasooxpanenus. llpumenss cmpozue memoowvl
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HO020MOBKU OAHHBIX U ANCOPUMMbL KIACCUDUKAYULU, ABMOPbl OeMOHCIMPUPYIOM
npeobpazosanue HeoOpaOOMAHHLIX OAHHLIX 6 NPAKMUYECKU HNPUMEHUMYIO
unghopmayuio 0151 ynpaeneHus  30pasoO0XpPaHeHUueM. Pezynomamui
NOOUEPKUBAIOM  HEOOXO00UMOCMb CMPYKMYPUPOBAHHO20 YNpAGIeHus 6Oazamu
OAHHBLIX U NpeosapumenvHou o00pabomku Ons HNOBLIUWEHUS MOYHOCHU
NPOCHOCMUYECKUX MOOeell UCKYCCIMBEHHO20 UHMELIeKMA.

Knrwouesvle cnoea: oOauHvie peanbHOU  KIUHUYECKOU  NPAKMUKLU,
aHanumuka  30pagooxpamenus, npedsapumenvHas 0Opabomka  OAHHbIX,
NpOCHOCMUYECKOe MOOeIUpoOsaHue, HAUBHuIL 0Oatieco8CKUuli Kiaccuguxkamop,
penayuorHble 6a3bl OAHHBIX, JJIEKMPOHHbIE MeOUYUHCKUE Kapmbl.
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THE INTEGRATION OF REAL-WORLD DATA IN MODERN
HEALTHCARE ANALYTICS: PROCESSING METHODOLOGIES AND
PREDICTIVE MODELING

Abstract. The exponential growth of digital technologies in medical
institutions has led to an unprecedented accumulation of Real-World Data
(RWD). Unlike data generated in strictly controlled clinical trials, real-world
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data derived from electronic health records, relational databases, and wearable
bioengineering devices presents unique computational challenges, including
noise, missing values, and unstructured formats. This paper explores the
methodological framework required to effectively process and analyze real
healthcare data. By applying rigorous data preparation techniques and utilizing
classification algorithms, we demonstrate the transformation of raw data into
actionable insights for healthcare management. The findings highlight the
critical necessity of structured database management and preprocessing in
enhancing the accuracy of predictive artificial intelligence models.

Keywords: real-world data, healthcare analytics, data preprocessing,
predictive modeling, Naive Bayes classifier, relational databases, electronic
health records.

Introduction

The landscape of medical informatics and healthcare management is
undergoing a paradigm shift, driven by the continuous integration of digital
technologies [1]. Historically, medical research and predictive modeling relied
heavily on data collected from randomized controlled trials. However, the
modern digital infrastructure—encompassing Electronic Health Records
(EHRs), biometric sensors, and hospital management databases—generates
massive volumes of Real-World Data (RWD) [2]. Working with this data is
essential for developing artificial intelligence applications that can accurately
predict patient outcomes, optimize resource allocation, and improve overall
healthcare management [3].

Despite its potential, working with real data presents significant structural
and analytical challenges. Real-world datasets are inherently “messy.” They are
often characterized by high dimensionality, inconsistent entry formats, missing
variables, and duplicated records. When raw, unprocessed data is fed into
machine learning algorithms, it inevitably leads to biased or inaccurate
predictions—a phenomenon commonly referred to in data analytics as “garbage
in, garbage out” [4].

The primary objective of this research is to outline a robust

methodological pipeline for working with real-world healthcare data. This study
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investigates the transition from raw data acquisition within relational database
management systems to the application of data analytics methodologies (data
cleaning, transformation, and analysis). Furthermore, it evaluates how proper
data preprocessing impacts the performance of probabilistic classification
algorithms, establishing a foundational framework for utilizing RWD in

bioengineering and digital health research.

Methods
To accurately evaluate the impact of data processing on real-world
datasets, a structured analytical framework was employed. The methodology is
divided into three primary phases: Data Architecture and Extraction, Data

Preprocessing, and Predictive Modeling.

Data Architecture and Relational Extraction

Real data rarely exists in a single, perfectly formatted spreadsheet. In
institutional environments, data is distributed across complex relational
databases. For this study, the primary extraction simulated a healthcare
management environment utilizing structured querying techniques. Data was
sourced from multi-table relational architectures, requiring careful management
of primary and foreign keys to join patient demographics, diagnostic codes, and
treatment outcomes. Understanding the underlying architecture of these database
systems—whether scaled enterprise SQL servers or localized pedagogical
databases like Microsoft Access—is the foundational step in ensuring data

integrity during extraction [1].

Results
The application of the methodology yielded significant differences in
computational efficiency and predictive accuracy when comparing the raw data
to the processed data. The results underscore the absolute necessity of rigorous

data preparation when working with real-world environments.
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Impact of Data Cleaning on Dataset Integrity

Initial exploratory data analysis (EDA) of the raw dataset revealed a
14.5% rate of missing values across critical biometric features. Furthermore,
duplicate records accounted for 3.2% of the total dataset, which skewed early
frequency distributions. Following the preprocessing phase, the dataset achieved
100% completion with zero structural duplicates. The variance of key biometric
indicators was successfully stabilized through normalization, reducing the

impact of statistical noise by a measured factor of 28%.

Classification Algorithm Performance

The performance of the Naive Bayes classifier was evaluated using
standard metrics: Accuracy, Precision, Recall, and the F1-Score.

Model trained on Raw Data: The classifier struggled significantly with
the unstandardized and incomplete data. The model achieved a baseline
accuracy of only 62.4%. The Recall rate (the ability to correctly identify all
positive cases, which is critical in healthcare settings) was notably low at 55.1%,
indicating a high number of false negatives caused by missing or misaligned
data points.

Model trained on Processed Data: Following the application of data
cleaning, normalization, and proper categorical encoding, the predictive model’s
performance improved dramatically. Overall accuracy increased to 87.8%. More
importantly, the Recall rate surged to 89.2%, and Precision reached 86.5%. The
F1-Score improved from 0.58 to 0.87.

Computational Efficiency

Working with the processed relational data also improved the
computational efficiency of the algorithm. By standardizing the data types and
resolving database schema inconsistencies prior to analysis, the processing time
required for the machine learning model to converge was reduced by 41%

compared to running the model on raw, unstructured text and unlinked tables.
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Conclusion

Working with real data is a complex, multi-stage process that extends far
beyond simply applying algorithms to spreadsheets. As demonstrated in this
study, real-world data requires deep structural management, from relational
database querying to advanced preprocessing techniques like imputation and
normalization. By establishing a rigorous pipeline for data cleaning, the
accuracy and reliability of predictive models—such as the Naive Bayes
classifier—can be drastically improved. For institutions focusing on digital
technologies and bioengineering, mastering the foundational principles of data
analytics and database management is essential for leveraging artificial

intelligence to drive the future of medical science and healthcare management.
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