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Background

Growing demand for healthcare services due to chronic non-communicable
diseases challenges health systems and generates high costs in Colombia and in the
world. Risk stratification allows for the optimal allocation of finite resources and
coordination of care levels based on risk profiles in chronic diseases. Previous work
In this cohort validated a functional classification.

Clinical decision support (CDS) systems embedded in electronic health records can

enhance medical decisions, streamline work, and improve patient and population
outcomes.

Objective

Develop a real-time risk prediction methodology for adverse clinical outcomes using
machine learning techniques and big data analysis in patients with chronic
non-communicable diseases.

Create a prescriptive analytics dashboard as a clinical decision support system,

allowing real-time interaction with predictions based on the clinical and
epidemiological characteristics of the patients in the cohort.

Data Source

Retrospective cohort study on electronic health records (EHRs) from April 1, 2017, to
December 31, 2020. Data collected and managed within the hospital, ensuring
patient privacy and security.

Participants

Conducted in a high-complexity hospital complex in Medellin, Antioquia (Hospital
Alma Mater de Antioquia) with ambulatory, in hospital and domiciliary data.
Inclusion criteria: =218 years old and presenting at least one chronic disease
according to ICD-10. Exclusion criteria: Patients with no clinical data due to absence
of medical care or loss of follow-up.

Outcomes

In-hospital and out-of-hospital mortality. Hospitalization. Emergency consultations
In the reference hospital.

Predictive Models

XGBoost and Elastic Net Regression were used to predict the three outcomes.
Included 164 predictor variables, extracted from clinical data, laboratory results, and
billing information.

Statistical Analysis

Data imputation: K-Nearest Neighbors (KNN) algorithm for variables with <20%
missing data. Data preprocessing: Centering and scaling numerical variables,
creating dummy variables for nominal variables. Models: Elastic Net Regression
(com)blnes L1 and L2 reqularization) and XGBoost (gradient boosting with decision
trees

Model performance: AUCROC, sensitivity, specificity, PPV, NPV, calibration curves,
95% confidence intervals.

Results

Models compared using DeLong test for AUCROC differences. Risk groups
created using Tableau software, allowing visualization and filtering of patients
based on their predicted risk. (Data in images)
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Conclusions

XGBoost model outperformed Elastic Net logistic regression in predicting mortality
and hospitalization with statistical significance, while both models performed
similarly for emergency room visits. Overall, the XGBoost model has the potential to
be a tool for building clinical decision support systems that serve as useful
prognostic models for decision-making in patients with chronic non-communicable
diseases, based on an easy-to-use and visualize interface. Such tools should be
evaluated and validated in future experimental intervention or prospective
observational studies for safe implementation in clinical workflows

Note

Models compared using DelLong test for AUCROC differences. Risk groups created
using Tableau software, allowing visualization and filtering of patients based on their
predicted risk. (Data in images)
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