Silent Risks: Validating a Dementia-Prediction Tool on the MIMIC-1V Dataset
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1  Introduction

* Dementia 1s a chronic condition affecting over five million people 1n the U.S.

* Lack of diagnosis results in delayed treatment and intervention.

* The Electronic Health Records Risk of Alzheimer's and Dementia Assessment
Rule (eRADAR) uses electronic health records (EHR) to find dementia risks
in patients.

* The Medical Information Mart for Intensive Care (MIMIC-1V) dataset has
EHR data from 2008 to 2019, providing patient diagnoses, demographics, vital
signs, drugs, etc.

* We applied the logistic regression model of eERADAR to create a score for each
patient in the MIMIC dataset and investigated the trends in the data.
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Figure 1. MIMIC — IV tables were queried and preprocessed for the relevant information
necessary to apply the e-RADAR restricted model.
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Figure 2. The eRADAR restricted model was applied using a logistic regression equation to calculate each patient's score.
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Table 1. Example metrics for the 90 percentile threshold
cut-off of high-risk patients.

4 e-RADAR Analyses

Metrics for four time-line groups
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Total Patients 299,712
180,640
Dementia Patients 5,296

Table 2. Number of patients in each group for analyses.
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Time Period Total Patients Control Group Patients True Dementia Patients Specificit Sensitivit PPV NPV
2008 - 2010 96695 29150 904 0.91 0.34 0.10 0.98
2011 - 2013 72458 22130 487 0.91 0.44 0.09 0.99
2014 - 2016 68131 15091 467 0.91 0.46 0.14 0.98
2017 - 2019 62426 12276 467 0.92 0.54 0.19 0.98
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Figure 3. Sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and various risk percentile
thresholds for the year-group 2008 to 2010.
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Figure 4. How well does eRADAR predict the risk of dementia in patients before they are actually diagnosed?
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5 Discussion

* Metrics demonstrate the model has moderate predictive accuracy.

* Limitations: MIMIC mainly contains inpatient data, which
influences the inclusion of all coefficients from the restricted
model.

* Potential for identifying patients at risk before dementia
diagnosis.

* Improved model can support early intervention, targeted
monitoring, and timely treatment care.

6 Conclusion

* Computed eRADAR scores for the MIMIC-IV Dataset.

* Predictors like outpatient, physical therapy, and address visits
were excluded because they referred to outpatient data.

* In the data frame with all patients, most had missing data, which
impacted the model's evaluation.

* The 90th percentile cutoff was selected to assess the proportion
of positive predictions and the number of patients who are not at
risk for dementia.

 The MIMIC dataset contained patients with several
readmissions, allowing for investigation of the model's accuracy
in 1dentifying high-risk patients.

7 Future Directions

* Examine methods to 1dentify outpatient information in the
MIMIC dataset.

* Further investigation: subgroup analyses, impact of resources,
socloeconomic status, etc.

* Do scores increase closer to the time of dementia diagnosis?

* What is the average time 1t takes for cRADAR to detect a
patient's risk of dementia before they are diagnosed?

* Applying score to clinical video visits.
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