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Abstract
Pathogens of past and current infections have been identified directly by means of PCR or
indirectly by measuring a specific immune response (e.g. antibody titration). Using a novel
approach, Emerson and colleagues showed that the cytomegalovirus serostatus can also be
accurately determined by using a T cell receptor repertoire data mining approach. In this
study, we have sequenced the CD4+ memory T cell receptor repertoire of a Belgian cohort
with known cytomegalovirus serostatus. A random forest classifier was trained on the CMV
specific T cell receptor repertoire signature and used to classify individuals in the Belgian
cohort. This study shows that the novel approach can be reliably replicated with an equivalent
performance as that reported by Emerson and colleagues. Additionally, it provides evidence
that the T cell receptor repertoire signature is to a large extent present in the CD4+ memory
repertoire.
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Introduction
Identification of both past and current infections has long relied on the detection of the
pathogen within the host. Currently, numerous molecular assays are being employed that rely
on the detection of pathogen DNA/RNA in the host1,2. More recently, infectious disease
diagnostics has seen the development of novel biotechnologies focused on host RNA
signatures derived from patient blood samples3. Signatures within the host RNA levels have
proven usable for the identification of causative pathogen(s)4, for example to distinguish
between bacterial and viral infections in febrile infants5,6 or to distinguish tuberculosis

from other diseases in children7. These approaches with determination of blood RNA
signatures achieve accuracies ranging from 85% up to 98%.
Host RNA signatures may not be the only way of accurately identifying the causative
pathogen. The adaptive immune system is tasked with the recognition and elimination of
invading pathogens. As such, pathogen specific signatures can be expected to be traceable
within the immune repertoire8. Indeed, identification and quantification of T cell receptor
(TCR) sequences associated with a certain pathogen or disease promises to be a
fundamentally new approach for clinical diagnosis and monitoring of infectious diseases,
autoimmunity and cancer. In this case, RNA or DNA from an individual’s blood is
selectively sequenced to characterize the TCR beta-chain and/or alpha-chain sequences that
represent the individual’s T cell repertoire9. These TCR sequences can be linked to the
epitope that the T cell targets10. Signature TCR sequences have been reported for several
diseases such as diabetes11 or multiple sclerosis12,13 and were suggested to be associated with
hepatitis B seroconversion during antiviral treatment14.
Emerson and colleagues demonstrated that the repertoire of T cell receptor beta (TCRb)
sequences in the blood of healthy US bone marrow donors is highly specific for the
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cytomegalovirus (CMV) serostatus15. They determined the TCRb repertoire of 641 donors
with known CMV serostatus through high-throughput next generation sequencing.
Subsequently, they identified TCRb sequences that were statistically significantly enriched in
CMV seropositive donors. These differential TCRb sequences then formed the basis of a
classifier that accurately predicted the CMV serostatus of individuals in an independent
cohort. In this work, we show that CMV specific TCR signature is conserved in the CD4+
memory repertoire of 33 Belgian individuals.
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Results & Conclusion
In this study, we collected peripheral blood samples from 9 CMV seropositive and 24 CMV
seronegative healthy Belgian adults. We sequenced TCRb sequences from the
CD4+CD45RO+ lymphocyte population only, as opposed to the CD4+CD45RO+/- and
CD8+CD45RO+/- lymphocyte populations collected in the original study15, and thus focused
solely on the immune signal within the CD4+ memory repertoire. After removal of out of
frame TCR sequences, 2 204 828 distinct TCRb sequences were obtained, with a mean of 66
813 sequences per individual.
In the original study by Emerson et al., 164 TCRb sequences were found to be differentially
associated with CMV seropositive versus CMV seronegative status using the Fisher’s exact
test. Of these specific CMV TCRb sequences, 67 could be found within the CD4+ memory
repertoire of our Belgian cohort. Each of these CMV specific TCRb sequences occurred in at
least 1 and up to 5 of the 33 individuals and up to 16 CMV specific TCRb sequences could
be found in single individual. Firstly, these results indicate that these CMV associated TCRb
sequences are likely universal as they are present in two geographically distinct populations.
Secondly, these sequences are represented within the CD4+ memory repertoire, which
supports their long-term nature.
We enumerated for each individual the number of CMV associated TCRb sequences as well
as the total number of productive TCRb sequences that were sequenced (fig. 1). This figure
shows an expected increase in the number of CMV associated TCRb sequences if more
TCRb sequences were identified. Furthermore, these results already visually show a
distinction between CMV+ and CMV- individuals. We implemented the statistical learning
framework obtained by Emerson and colleagues. Performance was evaluated on bootstrapped
samples of the Belgian cohort and resulted in a median AUC of 0.95 (95% CI: 0.76-1.00)
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(fig. 2). For further comparison, we trained a random forest classifier on the cohort data
obtained by Emerson and colleagues containing the 641 USA based individuals. Then we
applied the classifier on the Belgian cohort and predicted their CMV serostatus based on the
number of CMV associated TCRb sequences present. Training on the US dataset and
application of the resulting classifier to our Belgian cohort resulted in a median AUC of 0.91
(95% CI: 0.69 – 1.00) after bootstrapping of the validation set (fig. 3). This result is similar to
the AUC of 0.94 obtained by Emerson and colleagues on their own independent dataset15.
Thus, the classification approach can be transferred to an out of the box random forest with
only a slight loss in performance.
Emerson and colleagues presented a novel method for the identification of CMV serostatus
based on signatures within the TCR repertoire. Although they validated their classification
framework on their own dataset, for adoption in clinical practice it is crucial to further
validate this new approach on new TCRb datasets. We present a study evaluating these
results on TCR repertoire data obtained using different experimental set-ups and in another
study population.
One of the fundamental differences with the original study lies in the use of a more specific
group of targeted T cells. Whereas the original study analyzed TCR sequences from both the
naïve and memory CD4+ and CD8+ repertoires, we restricted the analysis to the memory
CD4+ TCR signature. As the TCR sequences derived by Emerson et al. were able to
accurately determine the CMV serostatus of individuals in our dataset, results suggest that the
TCR signature underlying a positive CMV serostatus is to a large extent present in the CD4+
T cell memory repertoire. This finding is supported by recent reports on the antiviral role of
CD4+ effector memory T cells in controlling latent human CMV infections16 and the
influence of CMV on the shape of the CD4+ T cell repertoire17.
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This approach opens potential for new avenues in diagnostic testing where current serological
methods fall short. In particular, it could be capable of predicting a personalized infection
history from the long term immune memory while remaining agnostic to the pathogen under
investigation.
While the initial approach was validated on an independent cohort, both cohorts were US
based and the results may therefore be biased by the genetic background. We therefore tested
if the same approach was also applicable to a non-US based population. TCR sequences
derived from the US population were able to predict CMV serostatus in a Belgian population
of healthy individuals. These results show that the genetic background of the population does
not affect predictions of CMV serostatus for Belgian individuals and indicates that it is
unlikely to play a role in other populations of different origin.
Furthermore, the TCR sequences identified by Emerson and colleagues were predictive for
the CMV serostatus independently of the computational approach employed. Both the
statistical learning framework used in the original approach and the random forest were able
to achieve a AUC value of 0.99 on the US training cohort and produced similar AUC values
on their respective validation cohorts.
These results provide an important additional validation step and prove that the approach
employed by Emerson et al. remains valid under different experimental conditions. We show
the validity of the approach using the CD4+ memory repertoire, a different classification
algorithm and a study population of different origin.
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Materials & Methods
PBMC acquisition and management
Peripheral blood mononuclear cells (PBMCs) were obtained from 33 healthy Belgian
participants. Samples were collected within the scope of another study in which we
specifically interrogated the CD4+ T cell memory repertoire. Written informed consent was
obtained from all study participants. The study was approved by the ethics board of the
Antwerp University Hospital.
PBMC were isolated and frozen following standard operating procedures as detailed
elsewhere18. After thawing and washing cryopreserved PBMCs, total CD4+ T cells were
isolated by positive selection using CD4 magnetic microbeads (Miltenyi Biotech, Bergisch
Gladbach, Germany). Memory CD4+ T cells were sorted after gating on single viable
CD3+CD4+CD8-CD45RO+ cells. The following fluorochrome-labeled monoclonal antibodies
were used for staining: CD3-PerCP (BW264/56) (Miltenyi Biotech), CD4-APC (RPA-T4)
and CD45RO-PE (UCHT1) (both from Becton Dickinson, Franklin Lakes, NJ, USA) and
CD8-Pacific Orange (3B5) (from Thermo Fisher Scientific, Waltham, MA, USA). Cells were
stained at room temperature for 20 minutes and sorted with FACSAria II (Becton Dickinson).
Sytox blue (Thermo Fisher Scientific) was used to exclude non-viable cells.
TCR sequencing
DNA was extracted using Quick-DNA™ Microprep Kit (Zymo Research, Irvine, CA, USA)
according to manufacturer’s instructions. TCRb DNA from memory CD4+ T cells was
sequenced using ImmunoSEQ hsTCRb kit (Adaptive Biotechnologies, Seattle, WA, USA) on
an Illumina Miseq sequencer according to the manufacturer’s protocol. Processed TCRb
sequencing data is available at https://clients.adaptivebiotech.com/pub/deneuter-2018cmvserostatus.
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CMV antibody titration
Serum was stored at −80  °C until further processing. The presence of IgGs directed against
CMV pp150, pp28, p38, and p52 in thawed serum was determined using a Roche Elecsys
assay (Roche, Basel, Switzerland).
Immunoinformatics
Training data for the classifier described by Emerson and colleagues were obtained through
personal communication [Ryan Emerson, April 2017] and consisted of CMV associated
TCRb counts and distinct TCRb counts as well as the CMV serostatus for each individual in
their healthy bone marrow donor cohort. The beta binomial likelihood model trained by
Emerson et al. was implemented in the Python programming language. Random forest
classifiers were trained using the default parameters as implemented in Scikit-Learn19.
Bootstrapped samples from the Belgian cohort were used to validate the performance of the
classifiers trained on the data from Emerson and colleagues. The median and 95% confidence
interval (CI) of the area under the receiver-operator characteristic (ROC) curve (AUC) values
were calculated over 10 000 bootstrap iterations. The 95% CI was calculated as the 2.5th and
97.5th percentile over bootstrapped AUC values. 50% and 80% CI were obtained in a similar
way. Because AUC values are limited between 0 and 1, they are not normally distributed.
Therefore, the median was used together with multiple CI instead of the mean to more
accurately reflect their distribution (fig. 2).
Code availability
All code was written in the Python programming language and is available at
https://github.com/NDeNeuter/TCR_CMV_pred.
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Figures
Figure 1: Total number of CMV associated TCR sequences (y axis) versus the size of the distinct,
productive CD4+ memory T cell repertoire (x axis) for all individuals in the US cohort (A) and
Belgian cohort (B). Individuals were labelled according to their CMV serostatus with either a blue
circle (CMV seropositive) or a green cross (CMV seronegative). CMV seropositive individuals
typically had a higher number of CMV associated TCR sequences within their repertoire than CMV
seronegative individuals. The plots essentially represent the feature space that the classifier was
trained on, as the total number of CMV associated TCR sequences and the size of the distinct,
productive CD4+ memory T cell repertoire are the only features used to discriminate between CMV
seronegative and CMV seropositive individuals. Visual inspection reveals a distinction in number of
CMV associated TCR sequences between the two classes. Though a smaller number of individuals
was assessed in the Belgian cohort, a similar separation of CMV seropositive and seronegative
individuals can be observed as in the US cohort.
Figure 2: (A) Median ROC curve and confidence intervals (50%, 80% and 95%) for the beta
binomial model trained by Emerson and colleagues and tested on the Belgian cohort. ROC curves
were bootstrapped after bootstrapping individuals from the Belgian cohort. As the ROC curve is
obtained by plotting the true positive rate versus the false positive rate, the ideal curve would lie in the
top left corner of the plot, indicating a perfect true positive rate that is independent of the false
positive rate (AUC value = 1). The dashed diagonal line indicates an equal increase in both the true
positive and false positive rate, indicating random performance (AUC value = 0.5). The classifier was
validated on a cohort of 33 healthy volunteers and shows an AUC value of 0.915, indicating better
performance than an out of the box random forest classifier. (B) Histogram of 10 000 bootstrapped
AUC values obtained on the Belgian cohort.
Figure 3: (A) Median ROC curve and confidence intervals (50%, 80% and 95%) for the random
forest classifier trained on TCR data from the 641 US individuals and tested on the Belgian cohort.
ROC curves were obtained after bootstrapping individuals from the Belgian cohort. As the ROC
curve is obtained by plotting the true positive rate versus the false positive rate, the ideal curve would
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lie in the top left corner of the plot, indicating a perfect true positive rate that is independent of the
false positive rate (AUC value = 1). The dashed diagonal line indicates an equal increase in both the
true positive and false positive rate, indicating random performance (AUC value = 0.5). The classifier
was validated on a cohort of 33 healthy volunteers and shows an AUC value of 0.91, indicating
excellent performance. (B) Histogram of 10 000 bootstrapped AUC values obtained on the Belgian
cohort.
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