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Objective: To evaluate the validity and efficiency of an automated machine-learning (ML) tool compared to traditional ML approaches in a real-world data (RWD) analysis

Background Key Results

Conclusion

* Our case study showed the

Figure 1. ML Running Time (hour) Table 1. Performance Metrics for AutoML and Traditional ML Analysis

* Real world data (RWD) are becoming increasingly

important sources to generate evidences that can guide FiCCUrdcyl Precision  Recall ~ F1score ~utomated ML tool has the
decision-making in clinical development and in the life AutoML XGBoost 0.64 0.63 0.86 0.64 074 botential to democratize and
cycle management of medical products. AutoML Random forest 0.58 0.68 0.83 0.76 0.79 augment ML applications
, , . , , Elastic Net 0.58 0.61 0.84 0.64 0.72 in RWD analysis
* Machine learning (ML) is increasingly being employed to . : ;
extract novel clinical insights from RWD (eg, predictions Self-coding XGBoost 0.61 0.65 0.84 0.70 0.76 * With transparent source codes
of mortality,’ risk of readmission,? and medication Self-coding Random forest 0.61 0.67 0.84 0.73 0.78 and results report§, IF can accelerate
adherence3). | 1 1 | further model optimization and
0 5 10 15 Elastic Net 0.64 0.67 0.85 0.73 0.78

iImprove efficiency

* ML requires sophisticated analytical skills and can be

time-consuming to optimize model performance. . : : - , : :
Im uming ptimiz P ML models: Elastic net, random forest, and ?(GBoost (XGB) were trained and tested Figure 2. SHAP Summary Plot Using XGB Model in AutoML
by AutoML and self-coding ML approach using Python 3.8.10
* Having automated ML analytical tool can be a promising * Processes for applying AutoML .
approach to improve the efficiency of model . . High
development and greatly accelerate the insights and Prepare analysis dataset Number of inpatient F20-
evidence generation through RWD. Save the analysis dataset with finalized cohort into Databrick Outpatient proc 99285 -
Specify the feature types (Numerical/Categorical) in Spark system Drug abuse —
Emergency department visit-
Methods Specify key elements in ML analysis Metropolitan statistical area 44220 -
 AutoML is a point-and-click ML tool on a cloud-based Select the cloud computing cluster with AutoML capacity Number of outpatient proc 99213 -
platform developed by Databricks Inc., utilizing big data Define the type of ML models: classification/prediction and main evaluation metrics : : ..
) _ A , , , Number of inpatient visit-
computing resources and automatizing the ML process, Choose ML algorithms from random forest, XGB, elastic net, regression .
such as: Number of benztropine mesylate-
— ldentifying feature types and feature engineering Number of office visit— §
— Fine-tuning hyperparameters Interpret the ML results Inpatient visit- >
— Training and validating multiple ML algorithms Use the outputs panel to evaluate the performance of different ML models . v
: — Outpatient F20 - =
in parallel Use auto-generated Python notebooks to filter important features s
: ~ )
* We leveraged a case RWD analysis to evaluate the Outpatient F12 LL
performance of AutoML compared to the ML approaches Additional RESUltS Outpatient proc 85025 -
with hand-coding: : : . : " Elixhauser Comorbidity Index-
_ Case study objective: Predict the treatment instability * The analysis coho.rt included 4671 adults; 80.9% of paFlents hac?l treatment mste?bllltg | -
and identify important predictors in patients with as the outcome with 1549 claims-based features were included in the ML analysis Inpatient visit psych-
schizophrenia initiating oral antipsychotics using * The AutoML only required 16% of the computational time (2 vs 12 hours) compared Outpatient proc 87591-
ive™ ® clai with using self-coding ML approach (Figure 1) with similar results (Table 1 :
Merative™ MarketScan® claims databases 9 . g PF? (Fig ) ( ) Number of outpatient proc 81001 -
— Cohort criteria: Patients with schizophrenia who had o Best-performing model using AutoML: XGBoost (AUC: 0.64 vs. 0.58 using other .
>1 oral antipsychotic claims (2013 -2021); continuous methods) with high precision (0.86) Number of outpatient F31- ’
enrollment in the 1-year baseline and o Elastic net using self-coding ML approach yielded similar prediction performance Number of inpatient proc 99232 - .
6-months follow-up (AUC: 0.64) with high precision (0.85) Number of outpatient F25- . —— e -
— Baseline features: demographic variables, medical * AutoML identifies key predictive predictors for treatment instability, such as number of Low
diagnosis and procedure claims, pharmacy claims, outpatient, diagnoses of schizophrenia and emergency department visits (Figure 2). OI 4 OI 3 OI , (') 1 OIO 0'1
healthcare resource utilizations such as emergency  Key predictors were largely overlapping between AutoML and self-coding approaches. ' o ' ' '
department visit and hospitalization SHAP value (impact on model output)
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