
•	 Optimising therapy following treatment failure in resource-limited settings (RLS) 
is challenging due to limited treatment options and the general unavailability of 
resistance testing 

•	 In previous studies we have demonstrated that computational models can 
predict virological response from genotype, viral load, CD4 count and treatment 
history and are a useful clinical tool

•	 Prototype models developed to predict virological response without the need 
for a genotype showed promise when tested with data from the well-resourced 
clinics that provided the training data

•	 Here we develop new models that do not require a genotype using a large dataset 
and, for the first time, assess their potential clinical utility using data from RLS. 

•	 10 random forest (RF) models were trained to predict the probability of a follow-
up viral load being <400 copies HIV RNA/ml

•	 The input variables were baseline viral load, CD4 count, treatment history, 
drugs in the new regimen and time to follow-up 

•	 14,891 treatment change 
episodes (TCEs), predominantly 
from Europe and North America, 
were used for training with 
800 set aside at random as an 
independent test set (no patient 
could have TCEs in both the 
training and test sets, see Figure 
1 for dataset development in full)

•	 Additional test sets were provided 
by two South African clinics, 
Gugulethu (114 TCEs) and 
Elandsdoorn (39 TCEs) and 
the PASER-M cohort in six sub-
Saharan African countries (78 
TCEs). Relevant TCEs were 
extracted from PASER and added to Elandsdoorn and Gugulethu to give a 
South African test set (164 TCEs) (see Table 1 for dataset statistics)

•	 A sub-set of the 800 RDI test TCEs that closely resemble the TCEs from Africa 
(no PI history, drugs limited to those used in the African clinics, one PI in the 
new regimen) was used as an additional test set (55 TCEs)

•	 Model performance was assessed using receiver-operator characteristic (ROC) 
curves, in terms of area under the curve (AUC) and overall accuracy. 

• 	 Cases from the RLS were identified where the new treatment failed and this 
failure was correctly predicted by the models

•	 Models used the baseline data from these cases to predict responses to 
multiple alternative 3-drug regimens involving only those drugs in use in the 
centre(s), in order to identify potentially effective alternatives.
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Background

Methods

Training set Test set ELA GUG PAS South 
Africa

TCEs 14,891 800 39 114 78 164
Patients 4878 800 38 104 78 153
Gender
Male 11,006 601 12 29 44 49
Female 2,341 137 27 85 34 115

Median Baseline VL 3.77 3.79 4.31 3.95 4.64 4.04
Mean Baseline VL 3.74 3.74 4.23 4.02 4.59 4.08
Range of Baseline VL 1.71-7.0 1.71-6.01 2.83-5.7 2.82-5.52 2.89-6.49 2.82-5.7
Median Baseline CD4 260 260 214 256 84 228

Treatment History
Number of previous drugs (median) 5 5 4 4 4 4
NNRTI 10,127 533 39 113 78 163
NRTI 12,342 648 39 114 78 16
PI 736 61 0 5 5 1

Failures (>2.6 fu vl) 6,501 309 14 41 8 57
Percent 44% 39% 36% 36% 10% 35%
Responses 8,390 491 25 73 70 107
Percent 56% 61% 64% 64% 90% 65%

New Regimens
2 NRTI + PI 5,240 282 36 100 71 142
2 NRTI + NNRTI 3,522 176 3 14 1 17
Other 6,129 342 0 0 6 5

Results
• 	 The models achieved a mean AUC of 0.77 (95%CI 0.76,0.78) and accuracy of 

72% during cross validation and 0.77 (95%CI 0.73,0.80) and 71% with the 800 
test set (Table 2, Figure 2)

•	 For the three RLS test 
sets, AUC ranged from 
0.58-0.65 and accuracy 
from 67-72%.  For South 
African TCEs, AUC= 0.62 
and accuracy = 65%. 

•	 For the 55 RDI TCEs 
that resembled those 
from RLS, AUC was 
0.70 and accuracy was 
75%.

•	 The models correctly predicted 60% of actual failures and identified alternative 
3-drug regimens, using locally available drugs, which were predicted to be 
effective for 79% of these cases (Table 3).

GUG ELA PASER South Africa
No. of correctly predicted failures 
(total no. of failures) 26 (41) 7 (14) 6 (8) 34 (57)
No. (%) for which alternatives were found that were 
predicted to be effective 20 (77%) 6 (86%) 2 (33%) 27 (79%)

Table 1: 	Patient disposition and dataset statistics

Table 3: 	Results of in silico analysis

Conclusions
• 	 RF models that do not require a genotype, trained with large datasets from 

resource-rich countries are accurate predictors of virological response for 
cases from those countries but approximately 5% less accurate than typical 
for models including a genotype

•	 The models are less accurate for cases from southern Africa but comparable 
to genotypic sensitivity scores from genotyping with rules-based interpretation 

•	 The models have the potential to predict and avoid treatment failure by 
identifying effective, alternative, practical regimens. 

•	 This approach has potential clinical utility as an aid to the management of 
treatment failures in RLS

•	 A version of the RDI on-line treatment tool, HIV-TRePS that does not require 
a genotype is being made available

•	 Data are being collected from RLS and sub-Saharan Africa in particular in 
order to develop region-specific models with maximum accuracy.
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Figure 2: ROC curves

Figure 1: Dataset development
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Table 2: 	Accuracy of the models

Comparison vs 800 test set using Delong’s test for comparing ROC curves: * Statistical trend (p<0.1)   ** Statistical difference (p<0.01)


