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High Active Antiretroviral therapy

< Protease Inhibitors (PIs) )

Non-Nucleoside Reverse
Transcriptase Inhibitors (NNRTISs)

« Some individuals experience
poor therapeutic outcomes due
to HIV drug resistance

HIV resistance can lead to
Increased viral load, disease
progression and higher rates of
HIV transmission

Nucleoside Reverse Transcriptase
Inhibitors (NRTISs)

N

‘(Integrase Inhibitors (IN15) )
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- Research objectives

In this study we aim to develop guantitative machine learning models that utilize
genotype-phenotype data to predict HIV resistance to antiretroviral drugs:

 NNRTIs — efavirenz (EFV) and nevirapine (NVP)
 NRTIs - lamivudine (3TC), abacavir (ABC), zidovudine (AZT), stavudine (D4T),

didanosine (DDI), tenofovir disoproxil fumarate (TDF)
 INIs - raltegravir (RAL) and elvitegravir (EVG)

Quantitative prediction of HIV drug resistance to protease inhibitors
Stolbova, E. A., Stolbov, L. A., Filimonov, D. A., Poroikov, V. V., & Tarasova, O. A. (2024). Quantitative

Prediction of Human Immunodeficiency Virus Drug Resistance.  Viruses, 16(7), 1132.
https://doi.org/10.3390/v16071132



Materials & Methods
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Results (INI & NNRTI)

INI
RFR SVR
Dru
Y1 R [rmse| re [RMSE
RAL | 0754 | 0,287 | 0,774 | 0272
EVG | 0662 | 0352 | 0673 | 035

NNRTI

RFR SVR
Drug
R2 [RMSE| R? [RMSE
EFV | 0,785 | 0,43 | 0,793 | 0,42
NVP | 0,805 | 0,452 | 0,776 | 0,489
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Predicted logio (FR) values

DAT (NRTI), R2 = 0.68
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DDI (NRTI), R? = 0.67
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Results (NRTI)

3TC (NRTI), R? = 0.87
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AZT (NRTI), R2 = 0.73

20 described resistance-associated mutation patterns*
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Drug
R2 RMSE R? RMSE

3TC 0,871 0,311 0,83 0,359
ABC 0,79 0,186 0,792 0,186
AZT 0,732 0,449 0,763 0,424
DAT 0,684 0,169 0,689 0,17
DDI 0,674 0,133 0,636 0,140
TDF 0,552 0,212 0,595 0,199
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* Rhee, Soo-Yon et al. Antimicrobial agents and chemotherapy vol. 48,8 (2004): 3122-6.
doi:10.1128/AAC.48.8.3122-3126.2004




- Conclusions

We built quantitative models predicting HIV drug resistance to NNRTIs, NRTIs
and INIs using RFR and SVR algorithms and genotype-phenotype data

These models may be useful for:

* analyzing HIV resistance to drugs used in HAART regimens

* predicting the efficacy of the specific drugs and drug combinations for a
particular individual

* optimizing treatment strategies
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