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Abstract

Blocking the binding of the envelope HIV-1 protein to immune cells is a popular concept for 

development of anti-HIV therapeutics. R5 HIV-1 binds CCR5, X4 HIV-1 binds CXCR4, and dual-

tropic HIV-1 can bind either coreceptor for cellular entry. R5 viruses are associated with early 

infection and over time can evolve to X4 viruses that are associated with immune failure. Dual-

tropic HIV-1 is less studied; however, it represents functional antigenic intermediates during the 

transition of R5 to X4 viruses. Viral tropism is linked partly to the HIV-1 envelope V3 domain, 

where the amino acid sequence helps dictate the receptor a particular virus will target; however, 

using V3 sequence information to identify dual-tropic HIV-1 isolates has remained difficult. Our 

goal in this study was to elucidate features of dual-tropic HIV-1 isolates that assist in the 

biological understanding of dual-tropism and develop an approach for their detection. Over 1559 

HIV-1 subtype B sequences with known tropisms were analyzed. Each sequence was represented 

by 73 structural, biochemical and regional features. These features were provided to an evolved 

neural network classifier and evaluated using balanced and unbalanced data sets. The study 

resolved R5X4 viruses from R5 with an accuracy of 81.8% and from X4 with an accuracy of 

78.8%. The approach also identified a set of V3 features (hydrophobicity, structural and polarity) 

that are associated with tropism transitions. The ability to distinguish R5X4 isolates will improve 

computational tropism decisions for R5 vs. X4 and assist in HIV-1 research and drug development 

efforts.
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 Introduction

Approximately 34 million people are infected with HIV-1 worldwide and more than 1.1 

million live with HIV-1 infection in the United States [1]. While combined antiretroviral 

therapy (cART) has increased the lifespan of HIV-1-infected individuals, cART does not 

clear viral infection [2, 3]. Its success, however, has supported the current mission to cure 

HIV-1 disease [4]. However, patients can acquire resistance to cART, which results from 

specific genetic mutations in the viral genome [5, 6]. Resistance creates the need for patients 

to change medication with drugs that attack the virus in different ways [7]. HIV-1 variation, 

whether occurring naturally or in direct response to cART, also influences escape from 

immune surveillance [8], disease pathogenesis [9, 10], development of viral reservoirs [10], 

and a wide spectrum of diseases associated with metabolic disorder [11–13], neurological 

disorder [14] and cancer [15, 10, 16]. In order to enter immune cells, HIV-1 first binds a 

CD4 cellular receptor and then another receptor, usually CCR5 (R5) or CXCR4 (X4) [17]. 

These co-receptors are present on the surface of both macrophages and T-cells [18]; 

however, the complex preference of HIV-1 for specific co-receptors varies under different 

conditions, such as passage in cell cultures [18] or the state of the immune system [19]. Still, 

as co-receptor binding is required for successful HIV-1 infection, exploiting the process for 

therapeutic intervention remains a popular concept. Entry inhibitors (EIs) are a class of 

drugs designed specifically to block coreceptors, thereby limiting the ability of HIV-1 to 

infect new cells. Currently, Maraviroc [20, 21] blocks CCR5 while drug development 

continues for drugs that target CXCR4. Administering these drugs requires matching the 

therapy to the appropriate receptor in use by HIV-1. Furthermore, HIV-1 can evolve to 

acquire resistance to EIs [22] in a manner similar to that of other antiretroviral drugs. 

Therefore, the ability to monitor which receptor(s) are being used for viral entry is critical 

for appropriate treatment options based on the current and anticipated evolution of the virus.

R5 HIV-1 plays a crucial role in the transmission and establishment of HIV-1 [23]. 

Classically, the emergence of X4 viruses has been associated with the progression of 

acquired immune deficiency syndrome [24, 25]. However, many patients never evolve X4 

HIV-1 and instead evolve a highly macrophage-tropic HIV-1 with enhanced tropism for R5 

[19] or “dual-tropic” HIV-1 (R5X4) [26], which can use both co-receptors for cellular entry 

[23, 27, 28, 18]. Dual tropic HIV-1 is an interesting intermediate in that it is less efficient in 

binding either receptor than R5 or X4, but still allows for viral entry [26]. Furthermore, 

recent views suggest that X4 emergence is not associated with a highly pathogenic virus, but 

rather is the result of reduced host immune efficiency [26], which permits the accumulation 

of viral diversity [29], resulting in a wider spectrum of co-receptor usage. In this light, the 

ability to identify R5 and R5X4 viruses prior to X4 emergence with high accuracy would 

accelerate the study of HIV-1 evolution [30], the staging of disease progression [31–35, 19, 

36–38], and the development of appropriate personalized therapies for those infected [22, 

39].

One of the principal determinants of HIV-1 interactions with R5 or X4 cellular coreceptors 

is the V3 domain of the HIV-1 envelope protein [40]. Co-receptor selection of viral isolates 

in this region is influenced by amino acid substitutions, insertions, and deletions [41]. HIV-1 
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V3 sequence data sets with known phenotypes combined with artificial neural networks 

(ANNs) or other machine learning strategies, primarily with a focus on backpropagation for 

training, have been applied to predict R5 vs. X4 co-receptor usage with reasonable success 

[40, 42–45]. However, the continued inability to identify dual-tropic R5X4, could account 

for decreased sensitivity and specificity of these methods if true R5X4 sequences are 

actually being misclassified as either R5 or X4 for model development and testing. Further, 

in the case of artificial neural networks (ANNs), although backpropagation is a common 

strategy for ANN optimization, convergence is only guaranteed to a locally optimal solution. 

A different approach to ANN optimization makes use of evolutionary computation to 

discover weight assignments and/or evolve the ANN architecture itself. Evolved neural 

networks (ENNs) [46–50] have been applied with success to a wide variety of biochemical 

data mining problems [46, 51–53] and afford the researcher with the opportunity not only 

optimize a model for input-output mapping but to examine which feature combinations 

taken from a larger set of possible features are most relevant for high accuracy classification.

In a previous publication, we presented the first use of ENNs to classify HIV-I co-receptor 

use [53]. That initial research was based on a small public set of 149 HIV-1 V3 loop 

sequences (77 R5, 31 R5X4, and 41 X4 sequences) from a variety of HIV-1 subtypes with 

known tropisms. 9 biochemical features for each of 35 amino acid positions and 2 additional 

V3-domain-level features were calculated. Fully connected feed-forward ENNs were used to 

map the features for each sequence to co-receptor usage classification using increasingly 

larger feature sets as inputs. The effort not only produced useful classifiers but also helped 

identify feature combinations that were important for classification. ENNs were trained to 

classify R5 sequences from X4 sequences, and additional ENNs were trained to classify 

R5X4 sequences from either R5 or X4 sequences. This approach led to a mean classification 

accuracy of 88.9% for R5 vs. X4 and a mean classification accuracy of 75.5% for R5X4 vs. 

R5 or X4. This initial approach demonstrated strong potential for correctly classifying dual-

tropic HIV-1 using an expanded set of sequences and features. In this paper, we used a larger 

database of over 1559 sequences and a broader assortment of 73 features to derive classifiers 

for four separate tropism decisions (R5 vs. X4, R5 vs. R5X4, X4 vs. R5X4, and R5 vs. 

R5X4 vs. X4). While many strategies for nonlinear machine learning could be applied to this 

problem such as support vector machines (SVMs), we specifically chose to use ENNs for 

this work in order to compare results to our previous effort as described above. Further, we 

evaluated the effects of balanced vs. unbalanced data sets on model performance. The results 

provide an indication of important features associated with tropism classification as well as 

improved detection of dual-tropic viruses.

 Methods

V3 Loop Sequences. Publically available V3 loop sequences (relative to HXB2 positions 

7110–7217) for HIV-1 subtype B were downloaded from the HIV Database at the Los 

Alamos National Laboratory (http://www.hiv.lanl.gov/content/index) and translated into 

amino acid sequences. The search criteria limited each data set to either “only CCR5,” “only 

CXCR4,” or “only R5X4.”. The resulting database consisted of 3452 R5 sequences, 197 X4 

sequences, and 545 R5X4 sequences. The sequences were aligned using ClustalW within the 

MEGA5 sequence analysis package [75] and then manually edited to correct for any obvious 
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alignment errors. Identical sequences were removed. The final alignment used for feature 

generation below contained 1223 unique R5 sequences, 241 unique R5X4 sequences, and 95 

unique X4 sequences. No limitation was put on the phenotype or culture method in order to 

preserve sequence diversity.

Feature Generation and Processing. While many studies have focused on characteristics at 

specific sites in the V3 loop relative to tropism [76–78], we took a different unbiased 

approach using both site-specific and regional characteristics. For each sequence, 73 features 

were calculated for each of the 40 alignment positions (Supplemental Table 1). These 

features were selected using the available tropism literature and also through resources such 

as ExPASy programs ProtScale and ProtParam (www.expasy.org) [79]. While some features 

were position-dependent (e.g., glycosylation at specific positions), the remaining features 

were calculated for all positions and, to determine if regional features were associated with 

tropism, the alignment was further reduced to smaller segments: the 5′ end of the alignment 

(positions 9–14), the 3′ end of the alignment (positions 22–28) and lastly for a second region 

at the 3′ end of the alignment (positions 31–37). This process resulted in ~3,000 possible 

feature-positions that could be provided as input to a model for classification. Linear 

regression was then used to determine which features were useful in separating the tropism 

classes independently for each of four decisions (R5 vs. R5X4, R5 vs. X4, R5X4 vs. X4, and 

R5 vs. R5X4 vs. X4) and to reduce the number of features to those with highest correlation 

to tropism class decision for each decision type.

Evolved Neural Network Training and Evaluation. For classifier development, feed-forward, 

fully-connected ANNs with 15 inputs, 3 hidden nodes, and 1 output node, were evolved 

using a population of 100 parents and 100 offspring ANNs. Tournament selection with 4 

opponent ANNs was used for selection. All hidden nodes used a sigmoid activation function, 

with initial sigma 0.1, initial weights 0.0 with inputs normalized to [0.1,0.9]. For the purpose 

of evolving ANNs, each ANN was coded as a real-valued vector of the weights and biases 

associated with the ANN in accordance with prior work [46–49]. Fitness was measured by 

taking the mean squared error (MSE) of the ANN prediction relative to the actual value as a 

measure of predictive accuracy for each sample using the equation:

Where P is the predicted activity for the kth sample, O is the observed activity for the kth 

sample, and N is the number of patterns in the training set. MSE was minimized using 

evolutionary computation. Optimization proceeded on the training data for 5,000 

generations, monitoring both training and testing MSE to determine the number of 

generations that minimized both training and testing MSE without increased MSE on the 

testing samples. Once identified, ANNs were re-evolved for that number of generations, 

with the best ENN used to process the remaining held-out validation set for final evaluation.

This process of learning was applied to the original data given its unbalanced tropism classes 

and also applied in separate experiments with artificially balanced classes to determine the 

extent to which data balance assisted neural network learning. Balancing was achieved by 
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first setting aside 10% of data from each class for a validation set. Three separate training/

testing sets were then generated from the remaining data using 66% of the remaining data 

for training and 34% for testing. Class sizes in the training set were balanced by randomly 

duplicating sequences in the smaller classes until they matched the total size of the largest 

class. Convergence plots showing the minimization of mean squared error over the training 

examples were used determine the most appropriate number of generations of evolution 

without overtraining. Each best-evolved neural network was then processed using a 

threshold to determine tropism class above or below the threshold.

 Results

The resulting alignment contained 1223 R5, 241 R5X4, and 95 X4 unique sequences 

spanning 40 positions, including gaps used to maximize the alignment. The length of the 

alignment allowed the inclusion of all sequences in the study, even those that were unusually 

long. Previous studies have relied on charges at positions 11 and 25 for tropism 

identification [54, 55]; in our developed alignment these charged positions were at positions 

12 and 30 respectively. A representative alignment of one sequence from each tropism is 

shown in Fig. 1. Multiple sequences from a single individual were occasionally identified in 

the alignments, especially in the large R5 sequence alignment. It is debatable how the 

genetic background of these sequences could, if at all, influence the subsequent analysis; 

while a “subject” has a specific evolutionary history that results in specific evolutionary 

paths, “within-subject” evolution incorporates hundreds of environments (anatomical sites 

and many cell types) where HIV-1 can evolve [10, 56, 57]. Furthermore, patients are known 

to harbor mixtures of tropism phenotypes. For these reasons, we included unique sequences 

when isolated from the same subject.

While specific tropism decisions exhibited slightly different orderings of the top features, the 

features that provided the greatest correlation to all tropism decisions are listed in Table 1. 

These were considered useful for model development as a strategy to identify classifiers that 

used the same inputs and yet could classify different tropisms, and also served as input to the 

evolved neural networks. Convergence plots showing neural network optimization over 

generations of simulated evolution are shown in Fig. 2 as average MSE on training and 

testing samples for the three shuffles of the unbalanced and balanced data for each tropism 

class. In each case, MSE decreased asymptotically on the training data as expected, while 

testing showed a similar decrease and then plateaus or even increases in later generations 

indicating potential overtraining. Using this data, the number of generations with lowest 

MSE for both training and testing was obtained, and neural networks were then re-evolved 

for that number of generations, with the best-evolved neural network used to process the 

held-out validation data. In the case where no increase in testing MSE was identified, the 

best-evolved neural network was chosen from generation 5,000 as the representative model 

for validation data processing.

Results for each classification decision using unbalanced data are provided in detail as 

supplemental material with mean performance over all three random shuffles of the training, 

testing, and validation data (Supplemental Tables S2–S5) and in condensed form in Tables 

2–3. These tables provide the number of samples used for training, testing, and validation, 
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and the resulting true positive, true negative, false positive, and false negative classification 

rates expressed as percentages. In each case, superior models maximize correct classification 

while minimizing off-diagonal false positives and false negatives. Such confusion matrices 

are a standard means to evaluate classification performance.

For the unbalanced data, performance on the decision of R5 vs. X4 was superior, and 

improved upon previous research, as did the accuracies of R5 vs. R5X4 and X4 vs. R5X4. 

The three-class decision of R5 vs. R5X4 vs. X4 was much harder for the neural networks to 

learn. Curiously the off diagonal errors were non-symmetrical. For instance when the actual 

tropism was R5, the neural networks rarely misclassified the sequence as X4 (e.g., 

Supplementary Table S4), instead misclassifying it as R5X4. Similarly, when the actual 

tropism was X4, the neural networks almost never misclassified the sequence as R5. 

However R5 sequences were regularly misclassified as R5X4 (Supplementary Table S3 and 

S6). When the actual sequence was dual tropic (R5X4), the neural networks were twice as 

likely to misclassify the sequence as X4 rather than R5.

For the balanced data, performance on the decision of R5 vs. X4 was again superior, and an 

improvement upon previous research, as were the accuracies of R5 vs. R5X4 and X4 vs. 

R5X4. The three-class decision of R5 vs. R5X4 vs. X4 was much harder for the neural 

networks to learn. Off-diagonal errors remained largely non-symmetrical in validation cases 

however in the case of R5 vs. X4, the off-diagonal error was highest when the ENNs were 

misclassified R5 as X4, a result directly opposite to that of the unbalanced condition.

Our best models trained for the decision of R5 vs. R5X4 performed at a mean accuracy of 

78.1% vs. 81.5% on the validation data, suggesting a slight improvement when using 

balanced data for this decision. This may be due to the large bias in R5 sequences (n=1,223) 

relative to R5X4 sequences (n=241) in the original unbalanced training data. With regards to 

R5 vs. X4, this bias of sequences in the unbalanced training data was even more pronounced 

(n=1,223 vs. n=95 respectively). Similarly, models from the balanced dataset outperformed 

models from the unbalanced dataset on the validation set data (mean of 97.3% vs. 91.6%), 

again suggesting the importance of working with balanced data for modeling. However, this 

trend did not hold when working with other tropism decisions. For instance in the decision 

of R5X4 vs. X4, the original unbalanced data had n=241 and n=95 sequences respectively. 

Despite the considerably higher accuracy of the balanced approach on training data (mean of 

80.0% vs. 71.7%), accuracy on the validation set was nearly equal for the balanced and 

unbalanced approaches (mean of 76.1% vs. 78.0% respectively). Lastly, for the decision of 

R5 vs. R5X4 vs. X4, mean accuracy on the validation set was roughly equal between 

balanced and unbalanced (66.2% and 68.2% respectively). Curiously, in the balanced 

condition the accuracy of correctly classifying the dual-tropic condition decreased from 

59.6% to 46.7%. This model confusion is likely the result of converting a two-class decision 

into a three-class decision where conflicting information exists in the 15 features being 

provided to the model.
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 Discussion

The accurate assessment of co-receptor usage is of importance for studies regarding viral 

transmission, evolution, adaptation, reservoirs in specific tissues, and other IN VITRO and 

IN VIVO systems. Such assessment may also prove important for proper allocation of 

treatment regimens designed to help block specific cellular receptors. Biological assays for 

tropism assessment are currently available and use a recombinant-virus assay to determine 

HIV-1 coreceptor tropism [58], but these are time-consuming and expensive, and thus 

encourage continued assessing of tropism using computational methods. Early viral tropism 

studies identified that X4 HIV-1 can be more highly charged and specifically that two 

charged amino acids positions (11 and 25) in the envelope V3 domain are particularly useful 

in discriminating R5 from X4 HIV-1 [41]; however, this is largely understood as an 

ineffective stand-alone method for predicting HIV-1 tropism. Useful bioinformatics 

prediction systems for tropism detection of R5 or X4 HIV-1 have been developed and are 

available via the Internet: webpssm [59, 60] and geno2pheno [61]. These algorithms are 

used as a reasonable substitute for biological assays. WebPSSM has two predictive scoring 

matrices that were developed using sequences of known coreceptor phenotype, as assayed 

on indicator cells expressing CD4 and either CCR5 or CXCR4 or sequences of known 

syncytium-inducing phenotype on the MT2 cell line [60, 59]. Certainly, assessing co-

receptor usage using highly controlled cell lines has its advantages, however not all patients 

and viruses in patients should be expected to behave precisely similar to the behavior of the 

MT2 cell line. Another advantage of WebPSSM is it’s ability to predict phenotypes for two 

of the twelve major HIV-1 subtypes. PSSM Sinsi method is calculated using sequences of 

known syncytium-inducing phenotype on the MT2 cell line, PSSM x4r5 method is 

calculated using sequences of known coreceptor phenotype, as assayed on indicator cells 

expressing exogenous CD4 and either CCR5 or CXCR4, Geno2pheno was developed with 

publically available phenotyped sequence data and utilizes a support vector machine (SVM) 

trained for the detection of X4 tropism. Geno2pheno also has the ability to incorporate 

clinical information into the prediction algorithm and both programs have developed 

convenient alignment procedures specialized to handle inherent V3 envelope length and 

sequence variation. PSSM will score sequences as R5 or X4-capable, whereas geno2pheno 

scores are either “X4” or predicted “non-X4” However, neither program attempts to predict 

dual-tropic HIV-1.

Utilizing our R5X4 sequence data set, geno2pheno calculated that 22% of the sequences 

were likely not X4 and WebPSSM predicted that 43% were R5 (Table 4). This indirect or 

direct misclassification of dual tropic HIV-1 as R5 is important considering a new wave of 

research focused on targeting macrophage infection [30, 62–64]. Moreover, with the ability 

to identify dual-tropic HIV-1, therapeutics could be developed to target HIV-1 at a stage that 

is already associated with low binding efficiency [26] and prior to the generation of X4 

variants [65].

The top features used for classification in the ENNs provide insight to the biochemistry 

associated with tropism and receptor binding. This insight is the basis of a biological 

understanding of dual-tropism itself. The hydrophobic nature of V3 at the interface of 

receptor binding has been suggested as an important V3 feature that can be exploited to 
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develop new broad-spectrum viral entry inhibitors [65, 66]. In this study, 7 of the 15 features 

used were hydrophobicity scales such as the Janin scale [67], which measures the free 

energy of transfer from the inside to the outside of globular proteins, and the Tanford scale 

[68], which measures the contribution of hydrophobic interactions to the stability of protein 

confirmation. While many different hydrophobic scales exist, the current experiment 

narrows the field of scales pertinent to the V3 transition among phenotypes. Several 

structural scales were also found to be useful including the normalized frequency for beta-

sheet formation, bulkiness, and average area buried. These features, especially the beta-

sheet/beta-turn formation, have a relationship to the structural characteristics of the V3 loop 

associated with receptor binding [69–73]. Surprisingly, glycosylation patterns, which are 

associated with the R5 to X4 switch were not identified as useful for decisions across all 

three tropisms, indicating another structural feature that obscures correct classifications 

when only considering two outcomes. This was unusual given that glycosylation continues 

to be considered as an important feature for tropism dynamics in the literature. Similar to 

hydrophobicity, structural elements of V3 are important for the development of novel 

therapeutics [66].

It should also be noted that in all cases using balanced data, the performance of the models 

on testing data showed far more rapid improvement in reduced MSE than in the unbalanced 

condition. This suggests that balancing of the data improves the ability of simulated 

evolution to discover useful weight assignments on the neural networks. In most cases when 

using balanced datasets, ENNs performance on the testing data was still improving at 5,000 

generations, placing an artificial cutoff on their performance optimization. However for the 

sake of comparison to previous runs, we kept the number of generations for unbalanced and 

balanced datasets. Given the large difference in the number of sequences for each tropism 

type, balancing the data helps to generate ENNs that have improved generalization on the 

validation set, and therefore likely improved utility as a biomarker. However, the features 

shared by the models resulting from both training approaches are themselves very interesting 

for biologists desiring an improved understanding of the dynamics of tropism.

The current effort was possible due to a substantial increase in the amount of publically 

available sequence information available for modeling, the number of subtype-B HIV-1 

sequences with known co-receptor usage, and a wide range of scales describing amino acid 

physico-chemical properties. The result was improved accuracy for R5X4 identification, 

which presents the opportunity to also improve R5 and X4 predictions. For example, a 

cascade of ENN models will be developed that seek to first identify dual-tropic viruses from 

R5 or X4, then, once the possibility of dual-tropic viruses have been ruled out, a different 

ENN classifier will be used to determine if the HIV-1 is R5 or X4 with higher accuracy. 

HIV-associated studies are more often aimed at identifying subsets of viral sequences 

associated with microenvironments or clinical courses; for example, the identification of a 

brain-specific or lymphoma-specific virus has been researched [74, 56, 16, 10]. To support 

these efforts, we are developing an ENN pipeline that could be used to identify amino acid 

features in any protein associated with a known output. In future work we also hope to assay 

the merit of alternative classifier approaches on this same data to determine which 

representations and approaches provide improved accuracy.
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Fig. 1. 
Steps Involved With Neural Network Development. A) 4,194 Envelope V3 sequences with 

known phenotypes were downloaded from the Los Alamos HIV database. B) Sequences 

were trimmed to the V3 loop domain and the amino acid translation was aligned within a 40 

base pair window. The alignment was reduced to include only non-identical sequences. 

Shown is a representative alignment that contains one sequence for each tropism; asterisks 

indicate every fifth position in the alignment and dashes represent gapped positions. C) 73 

features were calculated for each position in the alignment. D) The naturally unbalanced 

data was also represented as a balanced dataset with equal numbers of sequences for each 

tropism. E) Data was presented to a neural network as training, testing, and validation in 

triplicate using evolution to optimize the neural networks to minimize MSE on the decision 

of tropism class.
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Fig. 2. 
Convergence during model optimization on training and testing data over three random 

shuffles of the data scored relative to minimized mean square error (MSE). Left Panels = 

Unbalanced Data, and Right Panels = Balanced Data. A) R5 vs. R5X4; B) R5 vs. X4; C) 

R5X4 vs. X4; D) R5 vs. R5X4 vs. X4.
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Table 1

The fifteen features identified as having the highest average linear correlation to tropism across all four 

tropism decisions.

Class Features Reference

Size, Shape, Structure Avg. area buried [80]

Bulkiness [81]

Volume [82]

Beta turn Chou and Fasman [83]

Polarity Scales Charge at Position 12 [45]

Charge scale for all amino acids [84]

Overall Charge (K and R = +1, D and E = −1) [84]

Hydrophobicity Scales Chothia [85]

Abraham and Leo [86]

Wolfenden et al. [87]

Eisenberg et al. [88]

Janin [67]

Tanford [68]

Cowan and Whittaker [89]

Other Refractivity [90]
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Table 4

Prediction of coreceptor usage for dual tropic viruses using web-based prediction methods. Geno2Pheno FPR 

(false-positive rate) is the probability of classifying and R5-virus falsely as X4. Geno2Pheno has several FPR 

cutoff values to choose from; here we used the Recommendations from the European Consensus Group on 

Clinical Management on HIV-1 Tropism Testing FPR of 10%.

Prediction PSSM (Sinsi) PSSM (x4r5) Geno2Pheno (10% FPR)

X4 62% 57% 78%

R54 38% 43% 22%
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