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Abstract

Past studies have shown that incubation of human serum samples on high density peptide

arrays followed by measurement of total antibody bound to each peptide sequence allows

detection and discrimination of humoral immune responses to a variety of infectious dis-

eases. This is true even though these arrays consist of peptides with near-random amino

acid sequences that were not designed to mimic biological antigens. This “immunosigna-

ture” approach, is based on a statistical evaluation of the binding pattern for each sample

but it ignores the information contained in the amino acid sequences that the antibodies are

binding to. Here, similar array-based antibody profiles are instead used to train a neural net-

work to model the sequence dependence of molecular recognition involved in the immune

response of each sample. The binding profiles used resulted from incubating serum from 5

infectious disease cohorts (Hepatitis B and C, Dengue Fever, West Nile Virus and Chagas

disease) and an uninfected cohort with 122,926 peptide sequences on an array. These

sequences were selected quasi-randomly to represent an even but sparse sample of the

entire possible combinatorial sequence space (~1012). This very sparse sampling of combi-

natorial sequence space was sufficient to capture a statistically accurate representation of

the humoral immune response across the entire space. Processing array data using the

neural network not only captures the disease-specific sequence-binding information but

aggregates binding information with respect to sequence, removing sequence-independent

noise and improving the accuracy of array-based classification of disease compared with

the raw binding data. Because the neural network model is trained on all samples simulta-

neously, a highly condensed representation of the differential information between samples

resides in the output layer of the model, and the column vectors from this layer can be used

to represent each sample for classification or unsupervised clustering applications.
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Author summary

Previous studies have shown that it is possible to use high density arrays of near-random

peptide sequences as a general, disease agnostic approach to diagnosis by analyzing the

pattern of antibody binding in serum to the array. The current approach replaces purely

statistical pattern recognition with a machine learning-based approach that comprehen-

sively describes the binding of antibodies to specific amino acid sequences. As one use

case, this can be implemented to substantially enhance the diagnostic power of these pep-

tide array-based antibody profiles by incorporating the sequence information with the

measured antibody binding to better detect and discriminate infectious diseases. This

makes the array analysis much more robust to noise and provides a means of condensing

the disease differentiating information from the array into a compact form that can be

readily used for disease classification, unsupervised clustering or population health

monitoring.

Introduction

The humoral immune response to infectious disease involves the production of pathogen-spe-

cific antibodies by B cells. While much has been learned about the mechanisms underlying the

development of the adaptive humoral immune response upon infection [1–4], comprehensive

models describing the dependence of the antibody molecular recognition profile on antigen

structure and the variability of the immune response between individuals are lacking [5–7]. B-

cell sequencing has started to fill this gap in terms of understanding the repertoire of antibod-

ies produced [8], but the approach is difficult and expensive to apply to very large numbers of

samples. Phage display and other display approaches in which amino acid sequences of various

lengths are incubated with serum and antibody binding is detected have provided a means of

analyzing more directly target molecular recognition [9], but are generally strongly biased

towards detecting strong binding interactions. Protein microarrays have also been used to

look at the serum antibody binding in specific proteomes, identifying potential targets for

either biomarker or drug development [10,11].

Large-scale peptide microarray technology provides an alternate approach and has been

used to measure binding of protein targets to large numbers of peptide sequences in the analy-

sis of protein-protein and peptide-protein interactions [5,12–15]. Antibody reactivity profiling

(epitope mapping) has been one of the main research fields employing the technology

[12,15,16]. As peptide arrays have become more available and affordable, they have become

attractive for looking broadly at sequence-binding relationships. Array based approaches have

the advantage that one can obtain datasets on large numbers of peptide-target binding interac-

tions simultaneously, measuring binding across a large dynamic range [17,18].

While most of the antibody or immune response applications of peptide arrays have been

focused on measuring the interaction of peptides that represent known or suspected antigens

with antibodies, the Johnston lab and others have developed the use of high density quasi-ran-

dom peptide arrays as a tool for generating antibody binding profiles [17–32]. A key feature of

these arrays is that the peptide sequences are chosen to cover combinatorial sequence space as

evenly as possible, rather than focusing on biological sequences or known epitopes. Due to the

random nature of the peptide sequences, the probability that the peptide array contains

sequences that exactly match immunogenic regions of a pathogen is low. As a result, this

“immunosignature” approach captures mostly low to moderate affinity interactions of anti-

bodies with the array peptides. None-the-less, statistical analysis of serum antibody binding to
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the arrays has been shown to enable robust detection or identification of immune responses

associated with numerous infectious and chronic diseases [18,22,23,25–27,30].

The immunosignature method involves applying a small amount of diluted serum to a

dense array of peptides with nearly random sequences of amino acids, typically with >100,000

distinct peptide sequences of about 10 amino acids in length [17]. In most of the studies done,

only 16 of the 20 natural amino acids were used to synthesize the peptides. The level of anti-

body binding to the peptides on the array is then detected quantitatively using a fluorescently

labeled secondary antibody and imaged by an array scanner. Based on a statistical comparison

of binding patterns between case and reference samples, classifier models can be built to distin-

guish one disease response from another [20].

The cognate epitopes of the antibodies involved in an immune response are highly unlikely

to appear within a random set of ~105 sequences on a peptide array. For a linear epitope of

~10 amino acids in length, there are ~1013 possible amino acid combinations, yet somehow

the interaction of serum antibodies with only ~105 sequences captures sufficient information

to both detect and identify disease state with high accuracy [17,18,21–23,25–27,30,33]. If suffi-

cient information can be obtained from a random sparse sampling of antibody binding to 1

out of every 108 possible sequences (~1013/~105), then the antibodies associated with an

immune response must recognize millions to billions of different sequences to some extent in

a manner that is disease specific. The fundamental question of the current study is whether

this amino acid sequence-dependent antibody binding can be modeled using sparse sampling

of the combinatorial binding space. If so, such a relationship could potentially be used to more

effectively aggregate information from the array or to design new panels of sequences that

more effectively differentiate diseases.

Recently, our group modeled the sequence-binding relationships of nine different, well-

characterized, isolated proteins to the peptide arrays described above [34]. Binding patterns of

each protein were recorded, and a feed-forward neural network model was used to relate the

amino acid sequences on the array to the binding values. Remarkably, it was possible to train

the network with 90% of the sequence/binding value pairs and predict the binding of the

remaining sequences with accuracy equivalent to the noise of the antibody binding measure-

ments (the Pearson correlation coefficients (R) between the observed and predicted binding

values were equivalent to that between measured binding values of multiple technical repli-

cates, and in some cases as high as R = 0.99). In fact, accurate binding predictions (R > 0.9) for

some protein targets could be achieved by training on as few as hundreds of randomly chosen

sequence/binding value pairs from the array. In addition, the binding predictions were spe-

cific; the model captured not only the bulk binding of individual proteins but also the differen-

tial binding between proteins. Finally, a neural network trained on weakly binding sequences

effectively predicted the binding values of sequences on the array 1–2 orders of magnitude

greater. At least in the context of the combinatorial space of possible sequences in this model

array-based system (~10 residue peptides using 16 different amino acids with the C-terminus

bound to the surface of a silica substrate), training on one set of thousands of randomly

selected sequences resulted in statistically accurate prediction of the binding to any other ran-

domly selected set of sequences.

Binding to antibodies, in this case IgG in human sera, represents a much more complex sys-

tem than binding to isolated proteins, and one might expect substantially more complex

sequence-binding relationships. Previous studies have developed such relationships for

immune responses using various starting datasets. A number of groups have looked at overlap-

ping peptides presented on microarrays or in phage display libraries generated by tiling anti-

gens or entire proteomes [35–38]. Bio-panning of phage or bacterial peptide display libraries

coupled with next generation sequencing have provided broader binding profiles [39,40]. The
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advantage of tiling and panning approaches is that one is starting with known or suspected

binding sequences, and thus the dataset is naturally rich in strong binding information. In one

particularly effective study in this regard, a method referred to as Protein-based Immunome

Wide Association Study was used to explore sequence binding relationships in 31 systemic

lupus erythematosus samples [41]. Here a large bacterial display library (1010 12-mer

sequences) was reduced to ~106 sequences found to bind to serum antibodies from the samples

and the enrichment of specific 5-mer and 6-mer sequences within the resulting library was

determined. These enriched sequences were then used to identify autoantibodies in the

human proteome, and the authors were successful at identifying several known autoantigens

for the disease within their top candidates. The same group has used similar methods to per-

form epitope mapping of antibodies to SARS-CoV-2 [42].

Machine learning algorithms have also been used to develop sequence-based models pre-

dicting binding of proteins to peptides, antibodies, and DNA [43–49]. For example, machine

learning models have been used to model anti-microbial peptides, infectious viral variants that

escape protection, potential epitopes on target antigens, high antibody binding regions on tar-

get proteins, and optimization of target DNA sequences for transcription factors. To do this,

two approaches have primarily been used: 1) introducing single or multiple point mutations

on a target site with known function to identify desired leads, and 2) use of proteomes of inter-

est or known antigenic proteins to predict epitopes. For example, epitope prediction tools such

as BepiPred-2.0 are generally developed using known antigens derived from crystal structures

of antibody-antigen complexes [50]. With regard to modeling of serum binding to random

sequences, Greiff et al, applied multivariate regression to serum antibody binding to a library

of 255 random peptides [51]. In that study, serum antibody binding from naïve mice was well

modeled by relating peptide composition to binding intensity, though binding of serum anti-

bodies from previously infected mice proved more challenging to model.

The current work focuses on the feasibility of developing comprehensive sequence-binding

relationships that describe the infectious disease specific binding of total IgG to our model

library of 122,926 peptides each between 7 and 12 residues in length and composed of 16 of

the 20 natural amino acids. While this library is clearly limited in terms of size (only 105 of the

trillions of possible sequences), composition (16 of 20 natural amino acids) and context (C-ter-

minus affixed to a silica surface), it is capable of distinguishing immune responses to different

infectious agents, as described previously [17,18,21,26]. Neural network-based models were

used to build quantitative relationships for sequence-antibody binding using sera from cohorts

of individuals who are either uninfected (controls) or infected with one of five infectious

agents including three closely related members of the family Flaviviridae (dengue virus, West

Nile virus and hepatitis C virus), a more distantly related member of the family Hepadnaviri-
dae (hepatitis B virus) and an extremely complex eukaryotic trypanosome (the agent of Chagas

disease, Trypanosoma cruzi). This allowed a thorough evaluation of the model’s ability to cap-

ture the disease-specific information content of the array binding. This study has shown that it

is possible to create accurate sequence-binding models, which not only learn the disease spe-

cific information, but also effectively capture the binding information on the arrays for appli-

cations in noise suppression and disease classification.

Results

Study design and initial analysis

The serum samples shown in Table 1 were incubated on identical peptide microarrays as

described in Methods and IgG bound to the array peptides was detected via subsequent incu-

bation with a secondary anti-IgG antibody. The peptide sequence ’QPGGFVDVALSG’ is
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present on the array as a set of replicate features (n = 276). This peptide sequence gives a con-

sistently moderate to strong binding value from sample to sample and is used to assess the

intra-array spatial uniformity of antibody binding intensities. Median normalized arrays with

an intra-array replicate feature coefficient of variation (CV)� 0.3 for this peptide sequence

were set aside as well as arrays that showed significant physical defects or overall differences in

binding intensity between different regions of the array (collectively these are referred to as

“High CV samples”). In all, 20% of the 679 arrays measured were excluded from the initial

part of the analysis but considered in the last section which focuses on using the sequence-

binding relationship to remove noise from the arrays. Thus, 542 arrays total were considered

“Low CV Samples” in Table 1.

Comparison of average binding profiles of peptides to serum IgG. Fig 1 shows the

cohort average serum IgG binding intensity distributions of the 122,926 unique peptide

sequences. The samples were all median normalized prior to averaging each peptide binding

value within the cohort. The log10 of the average binding is displayed on the x-axis as the log

distributions are much closer to a normal distribution than are the linear binding values. Sera

from individuals infected with HCV, dengue virus or WNV have sharper distributions

(smaller full width at half maximum) than the other samples, while sera from individuals

infected with HBV show a distribution width similar to those from uninfected donors. Sera

from individuals with Chagas disease have a broader binding distribution than the others, with

a long tail on the high binding side. Overall, the width of the distribution increases with

increasing proteome size. Interestingly, for the viruses with small proteomes, some of the

higher binding antibodies are lost compared to uninfected samples. However, it is important

to remember that the array peptides have no relationship to the viral proteomes or indeed any

biological proteome, except by chance. Thus, what is lost in the small virus samples compared

to strong binding in uninfected samples, may well be gained in more specific binding not

immediately apparent.

Neural network analysis

The fundamental question of this study is whether it is possible to accurately predict the

sequence dependence of the antibody binding associated with an immune response to a given

pathogen, both in terms of accurately representing the IgG binding to each peptide sequence

in individual serum samples and in terms of the ability of the neural network to capture

sequence dependent differences in IgG binding between samples and cohorts. Towards this

end, the low CV samples (Table 1) were analyzed using a feed-forward neural network model

Table 1. Sample information.

Disease cohort Sample Source1 Samples Collected Low CV Samples2 Genome Size(bp)

Hepatitis C Virus (HCV) CTS 100 78 11,000

Dengue Virus, Serotype 4 (Dengue) CTS and SeraCare 65 57 9600

West Nile Virus (WNV) CTS 100 74 11,000

Hepatitis B Virus (HBV) CTS 100 86 3200

T. cruzi CTS 96 70 105M

Uninfected (ND) CTS and ASU 218 1773 - -

1CTS is Creative Testing Solutions (Tempe, AZ); ASU is Arizona State University; SeraCare address is Milford, MA
2Arrays passing the data quality metrics used in the initial neural network analysis. The remaining high CV samples were used as a test set for certain classification

studies.
3100 randomly selected uninfected samples were used for the bulk of the neural network analysis to remain reasonably balanced with other cohorts.

https://doi.org/10.1371/journal.pcbi.1010773.t001
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[34]. All samples were fit simultaneously such that a single neural network was trained to pre-

dict the binding for all samples for any given sequence. The optimized network involved an

input layer, three hidden layers with 542 nodes each and an output layer of width 465 corre-

sponding to the number of target samples. The loss function used was the sum of least squares

error based on a comparison of the predicted and measured values for the peptides in the

sample.

The neural network uses the sequence information to rapidly converge on a solution.

Fig 2A shows the rate at which the loss function drops during training. When the correct

sequence is paired with its corresponding binding value (blue and red lines, Fig 2A), the value

of the loss function drops rapidly and the values for the training set and test set drop in

Fig 1. Average Binding Distributions of the Cohorts. Average binding intensity distributions of serum IgG binding to array peptides for the 6

different sample cohorts. For each cohort the log10 of the average binding for each peptide sequence was used to create the distribution.

https://doi.org/10.1371/journal.pcbi.1010773.g001
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concert; there is almost no overfitting. As a control, the same neural network was used to ana-

lyze data in which the order of the peptide sequences was randomized relative to their binding

intensities. One would not expect any relationship between sequence and binding under these

circumstances. In this case, the loss function value slowly decreases for the training set of

Fig 2. The neural network model accurately represents the sequence-binding relationship. A neural network (3 hidden layers with 250 nodes) was

trained on 95% of the sequence/binding data from the 542 low CV samples in Table 1 simultaneously. The remaining 5% of the sequence/binding

values (6,146 per sample x 542 samples = ~3.3 million binding values) were held out as the test set. (A) The loss function progression during neural

network training. Blue and red traces (overlapping): a neural network trained with properly matched sequences and associated binding values. Purple

and yellow traces: training after scrambling the order of the sequences relative to their measured binding values. (B) The scatter plot shows the values

predicted by the neural network (y-axis) vs. the corresponding measured values from the array (x-axis) for the test set only. (C) The average predicted

vs. measured correlation coefficient for cohort samples as a function of the number of peptide sequences used to train the network.

https://doi.org/10.1371/journal.pcbi.1010773.g002
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peptides and slowly increases for the test set (yellow trace: test, purple trace: train) indicating

overfitting to the training set. This implies that the neural network is capable of rapidly con-

verging on a true relationship between the sequences and their binding values in the context of

the array peptide library.

The neural network results in a comprehensive binding model applicable across the

model sequence space used. Fig 2B shows a density-colored scatter plot [52] comparing

the predicted and measured values from the neural network model. In this case, the model

was trained on 95% of the peptide sequence-binding pairs, randomly selected, with the

remaining 5% or 6,146 peptide sequences excluded from training and used for model test-

ing (that is 6,146 binding values for each of the 542 low CV samples used = ~3.3 million

binding values in the test set). Only the test set values are displayed in Fig 2B. Since the

sequences used on the array are nearly random, these sequences should be statistically

equivalent to any randomly selected set of sequences from the combinatorial space of possi-

ble sequences sampled by the array (peptides of about 10 residues utilizing any of 16 amino

acids corresponds to about 1012 sequences). The Pearson correlation coefficient (R)

between the measured and predicted values for the test sequences shown is 0.956. Repeating

the training 100 times with randomly selected train and test sets gives an average correla-

tion of 0.962 +/- 0.001 (standard error of the mean) and a root mean square average error

of 0.103 +/- 001. The correlation coefficient between measured and predicted binding for

the 95% of the sequences used to train the neural network was 0.967 +/- 0.001. This implies

that there is almost no overfitting associated with the model (the quality of fit between the

test and train data is similar), a conclusion also apparent in the loss function data of Fig 2A.

S1 Fig shows the correlation coefficient between measured and predicted binding for each

individual sample in the test dataset. While some cohorts and some samples were better fit

than others, for the vast majority of the samples, the correlation coefficients are greater

than 0.9.

103 to 104 peptides are sufficient to provide a reasonable description of the entire com-

binatorial peptide sequence space. Neural network models were trained with different

numbers of randomly selected peptides, and binding was predicted for the remaining por-

tion of the peptides. Fig 2C explores the dependence of the overall correlation coefficient

between measured and predicted binding values for the test set of each of the sample cohorts

as a function of the number of peptides used in the training. When at least 10,000 peptide

sequences are used to train the neural network, the correlation coefficient is >0.9 for all

cohorts, and the correlation is >0.85 when the model is trained using only 2,000 peptides.

This implies that even a very sparse sampling of this sequence space provides a reasonably

accurate model of the sequence-binding relationship. The correlation coefficients do con-

tinue to increase slowly as a function of training set size. Thus, even though a relatively small

set of peptides gives a reasonable overall picture, the predictive power of the relationship

continues to improve with more data, and if even more peptide sequences were available for

training than the entire 122,926 peptides on the array, an improved prediction would be

expected.

There are commonalities in the binding of each sample that make simultaneous model-

ing of all samples as accurate as individual fits. It is possible to either build a single neural

network model that fits all samples simultaneously (as done in this work), or to train entirely

independent neural network models for each of the samples considered. Fig 3 shows a direct

comparison of the measured vs. predicted correlation coefficients of each sample using the

simultaneous and individual modeling approaches. In most cases, the simultaneous model is

slightly more accurate in terms of the correlation coefficient. This implies that the network

learns commonalities between IgG binding from serum across all samples and different
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cohorts and takes advantage of those commonalities to refine the weights of the 3 hidden lay-

ers. The differences between samples are learned in the output layer (the final weight matrix),

with separate columns in that layer giving rise to the predicted binding values for each sample.

Additionally, simultaneous modeling is significantly faster than fitting each sample dataset

separately. For comparison, a simultaneous training required about 5–6 minutes to complete

using a single GPU while the individual modeling required about 10 hours even after optimiz-

ing parallel processing. Note that once the network has been trained on sufficient numbers of

samples, new samples only require training of the final weight matrix since the column vectors

of this matrix are what differentiates the samples.

Fig 3. Simultaneous Modeling of All Cohorts is as Accurate as Individual Fits. A comparison of predicted vs. measured correlation coefficients

calculated either by fitting samples simultaneously (as in Fig 2) or one at a time.

https://doi.org/10.1371/journal.pcbi.1010773.g003
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The neural network learns distinguishing characteristics of cohorts

Fig 4A is a schematic of three approaches to disease classification and discrimination. The blue

line is the standard statistical pathway (immunosignaturing). Here, no sequence information

is used in the analysis and the binding values are either fed into a multiclass classifier (Fig 4B,

the classifier is described in Methods and further in the supplementary information) or used

to determine the number of significant peptides that distinguish diseases (Fig 4C), as described

below. Alternatively, the neural network can be used to extract information from the

sequence/binding relationship for disease classification. This relationship can either be used to

recalculate predicted binding values for the array peptide sequences, forcing the data to always

be consistent with the sequences (denoising, red line), or it can be projected onto a completely

new set of sequences (an in silico array, orange line), and those projected binding values used

in classification or determining the number of significant distinguishing peptides between dis-

ease pairs.

Values predicted by the neural network result in better ability to distinguish cohorts.

In Fig 4C–4E, the number of peptide binding values that are significantly greater in one cohort

(on the Y-axis) compared to another (on the X-axis) are shown in each grid. Significance was

determined by calculating p-values for each peptide in each comparison using a T-test between

cohorts adjusted for multiple hypothesis comparisons using the Bonferroni correction. Signifi-

cant peptides are those in which the p-value is less than 1/N (N = 122,926) with>95%

Fig 4. Discriminating between cohorts. (A) The data from the original array was analyzed in three ways: directly (blue line), after

training a neural network and predicting the values of the array sequences (red line), and after projecting the trained neural network on a

completely new set of sequences (orange line). Disease discrimination was then performed for each approach using multi-class

classification or by statistically determining the number of significant peptides distinguishing each cohort comparison. (B) Multi-class

classification based on a neural network (see text). Classification was performed 100 times for each dataset leaving out 20% of the samples

(randomly chosen) each time. Blue: the original measured array data was used as input to the multiclass classifier. Red: the neural network

model prediction of binding values for array peptide sequences were classified. Orange: the neural network projected onto a randomized

set of sequences of the same overall size, composition and length distribution as the array sequences. (C) Each array element is the number

of array peptides with measured binding values that are significantly higher in the sample cohort on the Y-axis compared to the sample

cohort on the X-axis. Significance is defined as a p-value less than 1/N in a T-test with 95% confidence (N = 122,926 total peptides, thus

significant peptides have a p-value< 0.05/N = 4.1x10-7). (D) As in (C) except that the neural network predicted binding values of the array

peptides were used instead of the measured. The mean of 10 different neural network model training runs is shown; error in the mean is

�0.3. (E) The same as in (D) except predicted values for an in silico generated array of random peptide sequences with the same average

composition and length as the peptides in the array were used. The mean of 10 different sequence sets and neural network runs is shown;

error of the mean is�0.4. For the remaining work a total of 77 uninfected samples were removed to bring the number of samples down to

100, about the same as the other samples and a total number of 465 samples.

https://doi.org/10.1371/journal.pcbi.1010773.g004
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confidence. Fig 4C shows comparisons between cohorts using the measured data from the

arrays. As one might expect, the sera from donors infected with the Flaviviridae viruses are

most similar to one another in terms of numbers of distinguishing peptides. In general, they

are more strongly distinguished from HBV (except for WNV) and very strongly distinguished

from Chagas donors. If one follows, for example, the top row of Fig 4C for HCV, moving to

the right one sees that the numbers increase as more and more genetically dissimilar compari-

sons are made. West Nile virus is an exception in this regard. While it is more similar to Den-

gue virus than it is to Chagas, it is most similar, in terms of numbers of distinguishing

peptides, to HBV (Fig 4C).

Fig 4D is the same as Fig 4C except that in this case, the predicted values from the neural

network model are used for the array sequences instead of the measured values. Because the

network requires that a common relationship between sequence and binding be maintained

for all sequences, it increases the signal-to-noise ratio in the system such that significantly

more distinguishing peptides are identified in every comparison. The neural network was run

10 times and the results were averaged.

Fig 4E shows results in the same format as panels C and D, but using in silico generated

sequences with binding values predicted by the neural network model trained on peptide array

binding data. These sequences were produced by taking the amino acids at each residue posi-

tion in the original sequences and randomizing which peptide they were assigned to (consider-

ing the sequences as a matrix with rows representing peptides in the array and columns

representing residue positions, order of amino acids in each column was randomized sepa-

rately and at the end any spaces due to varying peptide lengths were removed). This created an

in silico array with a completely new set of sequences that had the same number, overall amino

acid composition and average length as the sequences on the physical array to ensure a consis-

tent comparison. The binding values for each sample were then predicted for this in silico
array and those values were used in the cohort comparisons. The number of significant pep-

tides identified using the new sequence set (Fig 4E) are identical to within error for each com-

parison with the predictions from the actual array peptide sequences used in the training (Fig

4D). Note that the result is the average number of significant peptides from analyzing ten dif-

ferent randomized in silico arrays.

Another way to understand how well distinguishing information is captured by the neural

network model is to compare disease classification performance based on measured values vs.
predicted values, where the predicted values are generated from the sequence binding relation-

ship resulting from the neural network analysis of Fig 2 (note that creation of the sequence

binding relationship is performed without knowledge of which sample belongs to which

cohort so it does not bias the classification). Fig 4B shows the result of applying a multiclass

classifier, either to the original measured binding values, the binding values predicted for the

array sequences, or binding values predicted for in silico generated sequences. A multiclass

classifier was built using a neural network with a single hidden layer with 300 nodes (described

in the Methods and in the supplementary information). This will be referred to simply as the

“multiclass classifier” to avoid confusion with the neural network used to model the sequence-

binding relationship. The multiclass classifier cannot effectively use all peptides for each sam-

ple. Peptide feature selection was performed using a peptide-by-peptide T-test between the

binding values of each cohort vs. all others. Fifteen features were used per cohort, giving a total

of 83–84 features selected in total for all six cohorts combined due to some overlap between

discriminating features found for different cohorts. The training target is a one-hot representa-

tion of the sample cohort identity. 80% of the samples were randomly selected and used to

train the multiclass classifier and 20% were used as the test set. Both the feature selection and

training were performed only on the training samples. Each test sample was then assigned a
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cohort label based on the largest value in the resulting predicted output vector. The process

was repeated 100 times, on 100 randomly selected training and test sets, and overall prediction

accuracy determined. For every cohort, with the possible exception of HCV, classification was

improved relative to direct use of the measured array values (blue bars) when using the pre-

dicted values. This was true using either predicted values for the array sequences (red bars) or

predicted values resulting from projection of the trained network on the randomized in silico
array sequences (orange bars).

Understanding the noise reduction properties of neural network modeling

The results presented above show that by using the sequence/binding information to first train

a neural network model and then predicting the binding using that model (on the same or a

different set of sequences), it is possible to improve the signal-to-noise ratio in the data, at least

for the purpose of differentiating between disease cohorts. To understand this in more detail,

the effects of noise added to the data was explored.

Gaussian noise is effectively removed by the model. In Fig 5, noise was artificially added

to each point in the measured dataset by using a random number generator based on a gauss-

ian distribution that was centered at the measured value:

f xð Þ ¼
1

s
ffiffiffiffiffiffi
2p
p e�

1
2

x� m
sð Þ

2

In the above equation, mu (μ) is the log10 of the median normalized measured binding

value. Sigma (σ) was then varied from 0 to 1 to give different levels of added noise with σ = 1

corresponding to a 10-fold change, up or down, in the width of the linear binding value distri-

bution (due to the log10 scaling). Fig 5A shows the resulting distribution of peptide binding

values after adding noise. The peptide binding values were mean normalized across all cohorts

and then plotted as a distribution for each cohort (since this is the log10 of the mean normal-

ized value, the distributions are centered at 0). As sigma is increased, the width of the resulting

distribution after adding noise increases dramatically.

Fig 5B plots the multi-class classification accuracy of each dataset for each sample cohort as

a function of sigma (this uses the same multiclass classifier as Fig 4). The classification accuracy

of the original measured data with increasing amounts of noise added drops rapidly (dashed

lines). Since this is a 6-cohort multi-class classifier, random data would give an average accu-

racy of ~17%. The measured values with added noise approach that accuracy level at the high-

est noise. However, by running the data with noise added through the neural network and

then using predicted values for the array sequences rather than the measured values, the accu-

racy changes only slightly for sigma values up to 1. Note that because this analysis is on a log

scale, a sigma of 1 corresponds to causing the linear measured binding values to randomly

vary over a distribution with a width covering between 10% and 1000% of their original values.

To further demonstrate the noise reduction capability of the neural network, S4A Fig shows

a scatter plot of the measured data plus noise (sigma = 1) vs. the original measured data, result-

ing in a correlation coefficient of only 0.356. In contrast, S4B Fig shows a scatter plot of the

predicted binding values trained on the measured data plus noise vs. the original measured

data, resulting in a correlation coefficient of 0.958, essentially identical to the predictive capa-

bility of the neural network when trained on the measured data without noise (Fig 2B).

Neural network predictions of array signals improved classification of high CV sam-

ples. As described above, 137 samples were not used in the analyses because they either had

high CV values calculated from repeated reference sequences across the array or because there
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Fig 5. Effect of added noise on multiclass classification. Noise was added to each peptide in the sample using a

randomly chosen value from a gaussian distribution centered at the log10 of the measured value. The sigma of the

distribution was varied between 0 and 1 (the binding, and thus sigma, is on a log scale). (A) The resulting distributions

of binding values for each sigma value. Distributions were determined after mean normalizing the binding values for

each peptide in a cohort and then including all peptide binding values in the distribution. (B) Results of applying a

multi-class classifier (as in Fig 4B) to the data for measured binding values plus noise (dashed lines) and binding values

predicted using the measured data plus noise to train the neural network (solid lines) at each value of sigma. Each

classification was repeated 100 times (noise at each level was randomly added 10 times and each of these were

reclassified 10 times leaving out 20% of the samples as the test set).

https://doi.org/10.1371/journal.pcbi.1010773.g005
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were visual artifacts such as scratches or strong overall intensity gradients across the array. A

neural network model was trained on all 679 samples in Table 1 (all 542 low CV + 137 high

CV) simultaneously. Note that the model does not include any information about what cohort

each sample belongs to, so modeling does not introduce a cohort bias. The overall predicted

vs. measured scatter plots and correlations are given in Fig 6A and 6B for the low CV and high

CV data, respectively. The number of points displayed was randomly selected to be constant

between datasets and make the plots comparable. Prediction of the binding values for the high

CV data results in more scatter relative to measured values, due to the issues with those partic-

ular arrays.

In Fig 6C, the measured and predicted values for the 542 low CV samples were used to

train a multiclass classifier which was then used to predict the cohort class of the high CV sam-

ples. Three different data sources were used: 1) the measured array data (blue bars), 2) pre-

dicted binding values for the array peptide sequences based on the neural network model (red

bars) and 3) projected values for in silico generated arrays similar to those used in Fig 4 (orange

bars). The classifier used was the same as that in Fig 4 and the number of features selected was

15 for each cohort comparison. In each case except for the non-disease samples, the use of pre-

dicted values resulted in a significantly better classification outcome.

Discussion

A quantitative relationship between peptide sequences and serum IgG

binding

The work described above shows that it is possible to use a relatively simple neural network

model to generate a quantitative relationship between amino acid sequence and serum anti-

body binding over a large amino acid sequence space by training on a very sparse sampling of

binding to that sequence space, similar to what was seen previously for isolated proteins bind-

ing to the array [34]. Indeed, a reasonably accurate prediction can be obtained with only thou-

sands of sequences (Fig 2C).

The advantage of using neural networks to describe these sequence-antibody binding rela-

tionships is that there is no underlying assumption of a specific physical model. This allows the

neural network to describe nonlinear interactions between antibodies and the peptide

sequences that would be difficult or impossible to anticipate in an explicit physical description.

Immune reactions are complex and polyclonal in nature; there is no single antibody or epitope

sequence involved, and thus one would not expect a single binding constant or interaction

mechanism. While the neural network does not itself provide a physical interpretation of the

antibody-sequence binding, it does provide a rapid means of identifying which sequences are

likely involved, for example, within the proteome of a pathogen, for further and more detailed

investigation.

The model system used here to explore the relationship between antibody molecular recog-

nition profiles and amino acid sequences has limitations. Only 16 of the 20 natural amino

acids were used in this model for technical reasons (see Materials and methods). The

sequences are also bound at one end to an array surface, and the other end has a free amine

rather than a peptide bond as would be seen in a protein. In addition, the array peptides are

short, linear and largely unstructured. This limits the range of molecular recognition interac-

tions that can be observed, and thus the level of generality of the conclusions, but also suggests

that comprehensive and accurate structure/binding relationships for humoral immune

responses should be possible to generate given binding data in a broader sequence context.

Such relationships would be invaluable for epitope prediction, autoimmune target characteri-

zation, vaccine development, effects of therapeutics on immune responses, etc. Even this rather
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Fig 6. Classification accuracy for high CV samples. (A) Neural network predicted vs. measured values for low CV

data and (B) for high CV data. (C) Multiclass classification of the high CV data. Blue, Red and Orange bars represent

use of measured, predicted and projected data as in Fig 4.

https://doi.org/10.1371/journal.pcbi.1010773.g006
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simple model system for sequence space already shows the ability to capture differential bind-

ing information between multiple diseases simultaneously, including infectious diseases that

involve closely related pathogens (Fig 4).

The fact that one can develop comprehensive sequence/binding relationships within this

model sequence space also explains, at least in part, why the immunosignature technology is as

effective as it is. Immunosignaturing technology as applied to diagnostics uses the quantitative

profile of IgG binding to a chemically diverse set of peptides in an array followed by a statistical

analysis and classification of the resulting binding pattern to distinguish diseases. The

approach has been successfully used to discriminate between serum samples from many differ-

ent diseases [17, 18, 21–23, 25–27, 29, 30] and has been particularly effective with infectious

disease [17,18,21,31], as exemplified by the robust ability to classify the immune response to

the infectious diseases studied here (Fig 4D). This raises the question, why would antibodies

that are generated by the immune system to bind tightly and specifically with pathogens show

any specificity of interaction to nearly random peptide sequences on an array? The success of

the neural network in comprehensive modeling of the sequence/binding interaction provides

an answer. The information about disease-specific IgG binding is dispersed broadly across

peptide sequence space, even in the interaction with sequences that themselves bind weakly

and with low specificity, rather than being focused only on a few epitope sequences. It is not

necessary to measure binding to the epitope if you have a selection of sequences that are

broadly located in the vicinity of the epitope in sequence space.

Note also that by working with sequence/binding relationships, rather than purely statistical

comparisons of binding values associated with specific sequences, one can combine informa-

tion from arrays that contain different peptides. As shown in Fig 2C, when 50% of the array is

used to predict the other 50%, the correlation coefficient on average is well over 0.9.

The advantage of analyzing many samples simultaneously

The results of Fig 3 demonstrate that simultaneous neural network analysis of all samples from

all cohorts provides a slightly more accurate overall description of binding than does sample

by sample analysis, or at least no worse. Conceptually, this suggests that there is enough infor-

mation in common between the antibody molecular recognition profiles of the various sam-

ples that using the same hidden layers to describe all of them, followed by an output layer with

a distinct column describing each sample, is sufficient to both describe the general and specific

binding interactions. An added practical benefit to this approach is a significant reduction in

computation time, as described above.

Using the sequence/binding relationship to suppress noise

In Fig 4, both the number of distinguishing peptides between cohorts and the classification

accuracy improved when the measured values for each array sequence were replaced by the

corresponding predicted values. Effectively, the neural network aggregates information

from the entire peptide dataset onto each of the predicted values. In Fig 5, random noise

(sequence independent variation) is purposely added to the array. Since the noise is added

to the log10 of the binding value, a sigma of 1 corresponds to a 10-fold increase in distribu-

tion width, as can be seen in Fig 5A. In other words, a sigma of 1 randomly changes the lin-

ear values up or down by roughly an order of magnitude. As a result, multi-class

classification of the original data with noise added performs poorly (Fig 5B, dashed lines).

However, because the neural network predictions effectively aggregate the combined infor-

mation from nearly 123,000 sequence/binding values in the generation of the sequence/

binding relationship, random noise is dramatically reduced and a sigma of 1 has very little
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effect on classification performance (Fig 5B, solid lines). This concept is taken further in Fig

6, where arrays that for technical reasons were rejected because of excessive noise or physical

artifacts affecting part of the array are included in the simultaneous analysis of all samples

and their excess noise and defects are effectively repaired by requiring that all binding be

strictly sequence dependent. This is done without the network that creates the sequence-

binding relationship having any information about which cohort is which in the analysis.

The implication for array based diagnostic applications is that replacing a purely statistical

approach like immunosignaturing with a structure-based approach provides a means of

eliminating noise that is unrelated to the binding properties of the sequences while retaining

the real patient to patient variance. Note that if this noise reduction approach was used in a

diagnostic application, additional samples could be analyzed without retraining the entire

model. Only the final layer, which contains all the discriminating information for the new

samples, would need to be trained, and this is a linear optimization.

Using the neural network model itself for disease discrimination

As shown in both Figs 4 and 6, predicted binding values for a set of peptide sequences that

approximately cover the same model sequence space as the array sequences can be used to dis-

criminate between cohorts of samples just as well as predicted values of the original array

sequences. In fact, it is the sequence/binding relationship that contains the discriminating

information, and it is not necessary to use predicted binding to real sequences at all. In the

neural network used here for simultaneous analysis of all samples, the output layer consists of

one column corresponding to each sample. The length of the column is the same as the width

of the last hidden layer (250 values in this case). The 250 values associated with each sample in

this output layer, combined with a single bias value added at the end, contains all of the distin-

guishing information for that sample and can effectively be used to replace the ~123,000

sequence/binding values measured with only 251 values. Importantly, the neural network that

gives rise to the final weight matrix has no information provided to it about which cohort each

sample belongs to. The column vectors representing each sample are simply a mathematical

representation of the data which combines sequence and binding information together in a

much more compact form than the original ~123,000 sequence/binding pairs. Table 2 shows

that this set of 251-element vectors can be used in place of the predicted binding values and

perform in a classification analysis just as well. Fig 7 shows an unsupervised clustering using

the algorithm UMAP [53,54]. Fig 7A shows the clustering that results from using the ~123,000

measured values as input. Fig 7B shows the clustering that results from using the 251 values of

the final weight matrix + bias for each sample as input. In each case, UMAP reduced the

dimensionality to 2 components. These component values are plotted for each sample and the

different cohorts are color coded. When the original measured values are used for clustering

(Fig 7A), Uninfected samples and Chagas samples are well separated from the virus samples,

but the virus samples are less well separated from each other. This is reasonable considering

the levels of pathogen similarity. However, when the final weight matrix of the neural network

Table 2. Classification Accuracy, Predicted Binding Values vs. Final Weight Matrix.

HCV Dengue WNV HBV Chagas Uninfected

Predicted Peptides 0.984 1.000 0.986 0.981 1.000 0.980

Final Weights 0.992 1.000 0.995 0.987 0.999 0.987

Errors on all values are +/- 0.001

https://doi.org/10.1371/journal.pcbi.1010773.t002
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model is fed into the UMAP clustering algorithm, all of the cohorts are well separated. The

plots provide a biological interpretation of what the neural network model is doing; the net-

work extracts the discriminating information from the samples and focuses it in a much more

concise form (251 element vectors in this case) which excludes sequence-independent noise.

As demonstrated by Table 2, once the sequence-binding relationship is created, there is

Fig 7. Unsupervised clustering of samples. A Matlab implementation of UMAP (Uniform Manifold Approximation

and Projection, see text) was used to reduce (A) ~123,000 measured binding values and (B) 251 values from the final

weight matrix of the neural network and the bias for each sample to 2 component values which are plotted. Samples

are color coded by cohort.

https://doi.org/10.1371/journal.pcbi.1010773.g007
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actually no need to calculate predicted binding values of all the sequences at all in order to dis-

tinguish the different cohorts effectively, as the concise final weight matrix contains all the rele-

vant information.

Interestingly, in both panels of Fig 7 there is one small cluster consisting of different kinds

of samples separated from the others. The cluster contains mostly uninfected individuals but

also a small number of WNV, HBV and HCV samples (upper left, Fig 7B). UMAP is a nonlin-

ear clustering algorithm which looks for the most similar features in samples to determine

clustering. Apparently, this cluster of individuals had some other unknown immunological

stimulus in common that distinguished them from all others. The ability to detect such clusters

could prove useful in public health bio-surveillance applications.

Conclusions

While infectious disease diagnostics and associated classification approaches are one possible

use-case of the approaches described above, the key conclusions of the work are more general.

First, measured binding of serum antibodies to a very sparse and nearly random subset of all

possible 10-mer peptides (~105 out of ~1012) is sufficient to capture all the relevant disease-

specific information available from the array data (Figs 4, 5 and 6). Secondly, the representa-

tion of IgG binding is statistically comprehensive, as demonstrated by the high correlation

(~0.96) between predicted and measured binding using peptide sequences not involved in the

training of the network (Fig 2B). Thirdly, creating a single model to fit all samples simulta-

neously effectively captures disease specific information, and takes significantly less time

(~400 seconds on a single GPU) than fitting each of the 465 samples separately (which takes

about 12 hours even with parallel processing) (Fig 3). Fourth, the neural network imposes the

requirement that all predicted binding values are consistent with their associated sequence,

effective removing any sequence-independent noise. Finally, the final layer of the neural net-

work provides a condensed but complete representation of the disease-specific information in

the array, with one column for each sample consisting of a compact set of 250 values plus a

bias term instead of the ~123,000 binding values. Unsupervised clustering using the final

weight matrix as input provides an excellent separation of samples into their respective cohorts

(Fig 7).

Materials and methods

Peptide array content

The peptide arrays used were produced locally at ASU (see below). The synthesized wafers

were cut into microscope slide sized pieces, each slide containing a total of 24 peptide arrays.

Each array contained 122,926 unique peptide sequences that were 7–12 amino acids long

(average of 10). A 3 amino acid linker consisting of GSG was attached to each peptide and con-

nected the C-terminus to the array surface via amino silane. The peptides were synthesized

using 16 of the 20 natural amino acids (A,D,E,F,G,H,K,L,N,P,Q,R,S,V,W,Y) in order to sim-

plify the synthesis process (C and M were excluded due to complications with deprotection

and disulfide bond formation and I and T were excluded due to the similarity with V and S

and to decrease the overall synthetic complexity and the number of photolithographic steps

required [55]. The arrays were created in 64 photolithographic steps (4 rounds through addi-

tion of the 16 amino acids) and sequences were chosen from the set to sample all possible

sequences as evenly as the synthesis would allow. A detailed description of the amino acid

composition of the arrays and peptide length distribution was published previously [34] (these

arrays are referred to as CIMw189-S9 in that publication).
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Array synthesis methods

Peptide arrays were synthesized photolithographically using the method described previously

[17]. Briefly, an oxide-coated silicone wafer functionalized with a monolayer of aminosilane

and coupled to Boc-glycine was prepared as array substrate. The wafer was coated with photo-

resist containing a photolabile acid generator. The binding sites on the wafer were created by

photoactivating selected areas on the wafer with UV light using a series of physical photomasks

resulting in a patterned deprotection of Boc-protected amines on the substrate. The photoacti-

vation step was followed by the addition of a selected Boc-protected amino acid dissolved in a

coupling solution to enable binding to the acid-activated regions. The process was repeated

using a pre-determined sequence of amino acids and photolithographic mask pairs to create

the peptide library with the desired sequences.

Serum samples

Deidentified serum samples were collected from three different sources: 1) Blood donors’ sam-

ples from Creative Testing Solutions (CTS), Tempe, AZ, 2) LGC SeraCare, Milford, MA, and

3) Arizona State University (ASU) (Table 1). The dengue serotype 4 serum samples were col-

lected from 2 of the above sources: 30 samples were provided by CTS and 35 samples were pur-

chased by Lawrence Livermore National Labs (LLNL) from SeraCare before they were

donated to the Center for Innovations in Medicine (CIM) in the Biodesign Institute at ASU.

Uninfected/control samples consisted of 200 CTS samples and 18 samples from healthy volun-

teers at ASU. All deidentified infectious case samples came from CTS. All samples provided by

CTS were residual samples collected from blood donors who were asymptomatic at the time of

blood donation and were identified as test-reactive for infectious disease markers during

blood screening at CTS. At the time of donation, blood donors agreed to the use of their sam-

ples in research. Serum samples were frozen shortly after collection and not thawed before

being received as aliquots. ASU samples were collected under IRB protocol STUDY00002876:

DHS Immunosignaturing—A Platform for Detecting and Identifying Multiple Infectious Dis-

eases–July 2015. Serum samples were frozen at the time of collection and not thawed before

being received as aliquots. Further sample description and in-house validation of disease state

is described in the supplementary materials.

Sample processing and serum IgG binding measurements

Serum from the 6 sample cohorts (5 disease cohorts and uninfected) were diluted (1:1) in glyc-

erol and stored at -20˚C. Before incubation, each serum sample was prepared as 1:625 dilution

in 625 μL incubation buffer (phosphate buffered saline with 0.05 Tween 20, pH 7.2). The slides,

each containing 24 separate peptide arrays were loaded into an ArrayIt microarray cassette

(ArrayIt, San Mateo, CA). Then, 20 μL of the diluted serum (1:625) was added on a Whatman

903T Protein Saver Card. From the center (12 mm circle) of the protein card, a 6 mm circle

was punched, and put on the top of each well in the cassette, and covered with an adhesive

plate seal (3M, catalogue number: 55003076). Incubation of the diluted serum samples on the

arrays was performed for 90 minutes at 37˚C with rotation at 6 RPM in an Agilent Rotary

incubator. Then, the arrays were washed 3 times in distilled water and dried under nitrogen. A

goat anti-human IgG(H+L) secondary antibody conjugated with either AlexaFluor 555 (Life

Technol.) or AlexaFluor 647 (Life Technol.) was prepared in 1x PBST pH 7.2 to a final concen-

tration of 4 nM. Following incubation with primary antibodies, secondary antibodies were

added to the array, sealed with a 3M cover and incubated at 37˚C for 1 hour. Then the slides

were washed 3 times with PBST (137 mM NaCl, 2.7 mM KCl, 10 mM Na2HPO4, and 1.8 mM

KH2PO4. 0.1% Tween (w/v)), followed by distilled water, removed from the cassette, sprayed
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with isopropanol and centrifuged, dried under nitrogen, and scanned at 0.5um resolution in

an Innopsys Innoscan 910 0.5 um laser scanner (Innopsys, Carbonne, Fr), excitation 547 nm,

emission 590 nm. Each image was analyzed (GenePix Pro 6.0, Molecular Devices, San Jose,

CA) and the raw fluorescence intensity data was exported as a GenePix Results (‘gpr’) file.

Binding analysis using neural networks

The neural network used to relate peptide sequences on the array to the measured binding of

total serum IgG is similar to that described previously [34]. The amino acid sequences are

input as one-hot representations and fed into a fully connected, feed-forward neural network

(3 hidden layers, 250 nodes each), with each layer including a rectified linear unit activation

function. This was followed by a linear final output layer (whose width is the same as the num-

ber of samples) used to predict total serum IgG binding. The neural network is trained on the

peptide sequence/binding value pairs by optimizing an L2 loss function (sum of squared

errors) between the measured and predicted binding values. The model performance is

assessed by calculating the Pearson correlation coefficient and the RMSE between the mea-

sured and predicted binding values for a test dataset not involved in the training. Except where

otherwise stated, the neural networks used in this work are trained on all samples simulta-

neously, where all weights of the neural network are shared across cohorts except for the final

layer of the neural network. The neural network was trained using the log10 of the median-nor-

malized binding values from the peptide array (normalized by the binding values of all pep-

tides in a given sample). Any zeros in the dataset were replaced by 0.03x the median prior to

taking the logarithm. A diagram and description is given in the supplementary information

(S2 Fig).

Classification algorithm

A second neural network was used as a multiclass classifier. The input to the network was a

subset of binding values for each sample. In some cases, the binding values were measured val-

ues and in other cases predicted values. In Table 2, the columns of the final output weight

matrix of the sequence-binding neural network above was used to represent each sample. In

each of these cases, feature selection was performed with one vs. all T-tests. The binding values

of each peptide in a cohort were compared to the binding values of all the other cohorts and 15

peptides from each of the six one vs. all comparisons were selected. These binding values (typi-

cally 83–84 because of some duplication between comparisons) were fed into the input layer of

a neural network with 1 fully connected hidden layer with 300 nodes followed by a rectified

linear unit activation function. This was followed by a linear output layer that was 300 x 6. The

target values were one-hot vectors, 6 long, which represented the cohort that sample was asso-

ciated with. A diagram and description is given in the supplementary information (S3 Fig).

Supporting information

S1 Fig. The correlation coefficient between the predicted and measured values for each of

the 465 samples used in the analysis of Fig 2.

(TIF)

S2 Fig. Neural Network architecture used for generating sequence-binding relationship.

(TIF)

S3 Fig. Neural Network architecture used for multiclass classification.

(TIF)
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S4 Fig. Noise reduction capability of the neural network. (A) a scatter plot of the log10 of the

measured data values with sigma = 1 gaussian noise added vs. the log10 measured data values

without noise added. (B) in this scatter plot, the Y-axis is log10 of the binding values predicted

from a sequence-binding neural network model generated using the measured data values

with sigma = 1 gaussian noise added and the X-axis is again the log10 of the measured values

without noise. The function dscatter was used to generate a density-colored scatter plot (see

the description of Fig 2B ref. 52 in the text). The neural network sequence-binding relationship

effectively removed the sequence independent noise that was added to the data.

(TIF)
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