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Field Results of the Model: Apr - May 2023  Implementation at the site: KenyaEMR - Integrating the ML model into KenyaEMR, an OpenMRS

lectivel . assified in the “hiah " npigh " nased EMR (Fig 7), enables providers to generate risk
,(,:O ec_:tlve“y,_ Patients classified in the '90 est,” "high,” and (-") KenyaEMR iz 0 powered by openmrs predictions even in remote offline settings.
medium® risk categories epcorppass 81.3% of patients with v Nyamaranya Dispensary (13sss) - Regular model updates are installed in the EMR through
HIV positive results and 50% of the total tests conducted B O the normal upgrade process.
T D B « The introduction of HTS-ML in Kenya improves efficiency
Positives and Negatives by Risk Category g of HTS providers by maximizing positivity while
Highest Medium T minimizing the number of tests performed.
Risk |HighRisk| Risk | LowRisk | Total e « Adoption of ML in HIV testing catalyzed Kenya's efforts
4 Tocts 2808|6143 | 16658 |24707 | 50308 s towards efficient case finding as part of epidemic control
T activities.
# Positives 436 391 506 306 1,639 ;mj ——
# Negatives 2,368 5,752 16,148 24,401 48,669 i = sy Conclusion
Precision {positivity rate) o 1 o% % L 2% e The model’s effectiveness in segmenting patients by
Precision (positivity rate) 5% e L e positivity risk demonstrates the model capability to support
Table 2: Risk categorization for patients who were tested for HIV in Kenya from - e e the H_IV _e“glblllty screening process and improving HIV
April 2023 to May 2023 and uploaded to NDW. case finding.
1 REPUBLIC OF KENYA C e .’.,,0
Presented at IAS 2023, the 12th IAS Conference on HIV Science Figure 7 ) NXSCOP Cp _ 723 IAS 2023
Palladium  KeHMIS 23-26 July

P MAKE IT POSSIBLE T — v
MINISTRY OF HEALTH



	Slide 1: Improving case finding efficiency through use of machine learning in Kenya 

