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Background

HIV ist still a serious issue with many deaths, especially in countries with poor access to

therapeutic options. Antiretroviral therapy (ART) is a useful option for people living with HIV
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(PLWH) and effective against many viral strains. However, most ARTs are still a relatively large

inconvenience for PLWH. The most common ARTs involve combinations of drugs targeting

viral or cellular proteins. Most of these drugs have to be taken every day. An alternative to
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ARTs with protein inhibitors are broadly neutralizing antibodies (bNAbs, Figure 1). These have é L; é Ig 15 cIEm é Ig é é
been shown to yield long-term viral suppression and have to be administered only once every g " = Z g g' = = " =
several weeks or even months. However, bNAbs share the problem of viral resistance with ;l S g = fl g g % L %
protein inhibitors. ' % 5 % 5% %
Solutions that are accurate, interpretable and easy to use are necessary to tackle the problem g )
of predicting viral resistance to bNAbs. We developed a web-service g2p-bNAbs that allows Figure 3: Accuracy of classification (area under the receiver operating characteristic) and
users to upload one or more viral genotypes and our service uses trained models to predict regression (Harrell’s concordance index?) of the different models over 50 bNAbs.
resistance to many common bNAbs. The predictions consist of classification (sensitive or
resistant) and the IC50 score. Methods

heavy chain

light chain We used logistic and linear regression as our models for each task. We used multi-task

learning to train both models simultaneously. l.e., during training we aim to decrease the
, , , sum of the cross-entropy (misclassification), the mean-squared-error (IC50 prediction error)
Figure 1: Schematic of an antibody , , . . ,
, , , , and the negative covariance of class probability and IC50 prediction. The negative
with heavy chain, light chain and

o L covariance penalizes models, which predict a high probability of resistance and a low IC50,
binding site highlighted.

and vice versa, for the same sample (Figure 2). In addition this can be viewed as a
S regularization to prevent overfitting to the training data. The training and test data was
binding site downloaded from the CATNAP database®.

Results

We compared the models of g2p-bNAbs to other state-of-the-art methods like

N - ~ - support-vector machines (svm), multihead-attention (attention) and recurrent neural
X networks with grus (gru), and found them to be competitive in regards to accuracy and have
the benefit of being easily interpretable in regards to features, i.e., positions on the
envelope (Figure 3).
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- - " R 4 We developed a web-service for antibody resistance (g2p-bNAbs, Figure 4), which is free to
o 9~ - AR i . .
S & W > use and can be extended to other viruses, like Sars-Cov2, in the future.
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Figure 2: Regularization of discordant outliers with multitask learning (jointly).
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