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Abstract

Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS) is an unexplained chronic,
debilitating illness characterized by fatigue, sleep disturbances, cognitive dysfunction, ortho-
static intolerance and gastrointestinal problems. Using ultra performance liquid chromatog-
raphy-tandem mass spectrometry (UPLC-MS/MS), we analyzed the plasma proteomes of
39 ME/CFS patients and 41 healthy controls. Logistic regression models, with both linear
and quadratic terms of the protein levels as independent variables, revealed a significant
association between ME/CFS and the immunoglobulin heavy variable (IGHV) region 3-23/
30. Stratifying the ME/CFS group based on self-reported irritable bowel syndrome (sr-IBS)
status revealed a significant quadratic effect of immunoglobulin lambda constant region 7
on its association with ME/CFS with sr-IBS whilst IGHV3-23/30 and immunoglobulin kappa
variable region 3—11 were significantly associated with ME/CFS without sr-IBS. In addition,
we were able to predict ME/CFS status with a high degree of accuracy (AUC = 0.774—
0.838) using a panel of proteins selected by 3 different machine learning algorithms: Lasso,
Random Forests, and XGBoost. These algorithms also identified proteomic profiles that pre-
dicted the status of ME/CFS patients with sr-IBS (AUC = 0.806-0.846) and ME/CFS without
sr-IBS (AUC = 0.754-0.780). Our findings are consistent with a significant association of
ME/CFS with immune dysregulation and highlight the potential use of the plasma proteome
as a source of biomarkers for disease.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236148  July 21, 2020

1/20


http://orcid.org/0000-0001-7924-075X
http://orcid.org/0000-0001-7572-3092
http://orcid.org/0000-0003-0495-922X
http://orcid.org/0000-0002-3378-8071
http://orcid.org/0000-0002-8768-9386
https://doi.org/10.1371/journal.pone.0236148
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0236148&domain=pdf&date_stamp=2020-07-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0236148&domain=pdf&date_stamp=2020-07-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0236148&domain=pdf&date_stamp=2020-07-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0236148&domain=pdf&date_stamp=2020-07-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0236148&domain=pdf&date_stamp=2020-07-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0236148&domain=pdf&date_stamp=2020-07-21
https://doi.org/10.1371/journal.pone.0236148
https://doi.org/10.1371/journal.pone.0236148
http://creativecommons.org/licenses/by/4.0/
http://solvecfs.org

PLOS ONE

ME/CFS plasma proteomic profiling reveals immune dysregulation

Competing interests: The authors have declared
that no competing interests exist.

Introduction

Myalgic encephalomyelitis/chronic fatigue syndrome (ME/CES) is a debilitating disease of
unknown cause that affects up to 2.5 million people in the USA alone [1]. The disease is
defined by persistent fatigue lasting longer than six months, post-exertional malaise, unre-
freshing sleep, and either cognitive dysfunction or orthostatic intolerance [1]. These symptoms
are often accompanied by others that may include chronic pain, influenza-like symptoms, and
gastro-intestinal disturbances [2]. Whilst there is no known cause of ME/CFS, multiple studies
have reported immune, metabolic, and neurological disturbances. There are no approved diag-
nostic tests [3, 4].

Mass spectrometry analysis of plasma has identified disturbances in energy, amino acid,
and lipid metabolism [5-10]. Proteomic reports are limited to two studies of cerebrospinal
fluid [11, 12], one study of saliva [13], and one study of platelet mitochondria [14]. Baraniuk
etal. (2005) [11] found that innate immune and amyloidogenic proteins were detected more
frequently in the cerebrospinal fluid of patients compared to controls, and that the presence of
one or more of a subset of proteins (c-1-macroglobulin, amyloid precursor-like protein 1, ker-
atin 16, orosomucoid 2, and pigment epithelium-derived factor) predicted ME/CES status
with 80% accuracy. Another study of cerebrospinal fluid by Schutzer et al (2011) [12] showed
differing proteomic profiles between ME/CFS and post-treatment Lyme disease patients that
included enrichment in the ME/CFS group of proteins involved in the complement cascade as
well as pathways related to CDK5 signaling and dopamine signaling. Ciergia et al (2013) [13]
studied the saliva of monozygotic twins discordant for ME/CFS and found 13 differentially
expressed proteins related to inflammation and metabolism. Another study of the platelet
mitochondrial proteome in the same pair of twins identified upregulation of aconitate hydra-
tase, ATP synthase subunit beta, and malate dehydrogenase that was replicated in saliva of a
larger cohort of 45 subjects with ME/CFS [14].

Here we report a ME/CFS-related plasma proteome analysis using untargeted ultra-perfor-
mance liquid chromatography-tandem mass spectrometry (UPLC-MS/MS). We identified dif-
fering profiles between ME/CEFS patient, as well as ME/CES subgroups, based on their self-
reported irritable bowel syndrome (sr-IBS) status, and controls. In addition, we identify a set
of proteins that may predict ME/CFS status.

Materials and methods
Study population

50 ME/CEFS cases and 50 controls were collected in ME/CES clinics in New York, NY; Salt
Lake City, UT; Sierra, NV; and Miami, FL [15]. All ME/CEFS cases met the 1994 CDC Fukuda
[16] and/or Canadian consensus criteria for ME/CFS [17]. Controls were frequency-matched
to cases on age, sex, race/ethnicity, geographic/clinical site, and season of sampling [18].

All ME/CEFS cases completed standardized screening and assessment instruments including
medical history and symptom rating scales as well as a physical examination. ME/CEFS cases
were excluded if they met any exclusion criteria from the 1994 CDC Fukuda and/or Canadian
consensus criteria for ME/CFS such as having chronic infections, rheumatic and chronic
inflammatory diseases, neurological disorders, psychiatric conditions, or were taking any
immunomodulatory medication. Normal controls underwent the same screening process as
ME/CEFS subjects and were excluded if they reported ME/CEFS or other conditions deemed by
the recruiting physician to be inconsistent with a healthy control population. Potential normal
controls were also excluded if they had a history of substance abuse, psychiatric illness, antibi-
otics in the prior three months, immunomodulatory medications in the prior year, and
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clinically significant findings on physical exam or screening laboratory tests [18]. Self-reported
IBS was not part of the exclusion criteria of controls. Full selection criteria for both ME/CFS
cases and healthy controls can be found in SI1 Appendix.

Every participant provided informed written consent in accordance with protocols of the
study. The study was approved by the Institutional Review Board at Columbia University
Irving Medical Center.

Plasma collection

Blood samples were collected into BD VacutainerTM Cell Preparation Tubes (CPT) with
sodium citrate anticoagulant between June and October 2014, and centrifuged to pellet red
blood cells. The plasma samples were shipped to Columbia University at 4°C. After aliquoting,
samples were stored at -80°C until they were thawed for proteomic analyses. All samples were
analyzed within four years of collection.

Clinical assessments

Clinical symptoms and baseline health status were assessed on the day of physical examination
and biological sample collection from both cases and control subjects using the following sur-
veys: the Short Form 36 Health Survey (SF-36), the Multidimensional Fatigue Inventory
(MFI), DePaul Symptom Questionnaire (DSQ) [19] and Pittsburgh Sleep Quality Index
(PSQI) [20]. The SE-36 includes the following subject-reported evaluations about current
health status: physical and social functioning, physical and emotional limitations, vitality, pain,
general health perceptions, and mental health change [21]. The MFI comprises a 20-item self-
reported questionnaire focused on general, physical and mental fatigue, activity, and motiva-
tion [22]. Cognitive function was tested based on the DSQ questionnaire data and was scored
using a standard cognitive disturbance definition as well as a modified definition based on a
subset of questionnaire variables. Sleeping disturbances linked to ME/CFS were tested and
scored based on DSQ and PSQI questionnaire items. Each instrument was transformed into a
0-100 scale to facilitate combination and comparison, wherein a score of 100 is equivalent to
maximum disability or severity and a score of zero is equivalent to no disability or
disturbance.

Self-reported IBS was determined based on answers from the medical history form. Subjects
were asked if they had received a previous IBS diagnosis or had a history of IBS. Those that
answered “YES” were considered positive. An IBS diagnosis was not made at the time of
recruitment. 24 of the 50 ME/CFS patients (48%) and one of the 50 control subjects (2%)
reported sr-IBS.

Proteomics analysis

Denaturation/reduction of the sample was performed in 8 M urea/10 mM dithiothreitol/50
mM NH4HCO3 (pH 8.0) for over 60 minutes at 52°C. The solution was stored at room tem-
perature in 20 mM iodoacetamide at the dark for 60 minutes. The urea was diluted to a con-
centration of 1 M with 50 mM NH,HCOj; and then digested with trypsin (1:50 ratio) at 37°C
with shaking for 16 hrs. After tryptic digestion, the peptide mixture was desalted with C18
micro spin column (C18, Harvard Apparatus, Holliston, MA). The column was washed with
200 pL of 100% acetonitrile and equilibrated with 200 uL of loading buffer (0.1% formic acid).
Peptides were loaded onto the column, washed with a loading buffer, and eluted with 200 uL
of 70% acetonitrile/ 0.1% formic acid. All steps for loading, washing, and elution were carried
out with benchtop centrifugation (300 x g for 2 minutes). The fraction was collected with a 1.5
mL tube and dried on a speed-vac.
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2 ug peptides were taken from each sample and mixed with appropriate iRT standard pep-
tides HRM Calibration kit, Biognosys, Schlieren, Switzerland). Desalted peptides were ana-
lyzed on a Q-Exactive HF (Thermo Scientific) attached to an Ultimate 300 nano UPLC system
(Thermo Scientific). The column (30 cm X 75 pm) was packed in-house with Reprosil 3 pm,
100 A pore size C18 beads (Maisch GmbH HPLC). Peptides were eluted with a 50 min gradi-
ent from 2% to 32% ACN (50min) and to 90% ACN over 5 min in 0.1% formic acid. The
method consisted of a full MS1 scan at a resolution of 120 K from m/z 400 to m/z 1000, with
AGC set to 1E6 (maximum injection time of 60 ms), followed by 15 m/z windows acquired at
a resolution of 30K with AGC set to 1e6 (maximum injection time of ms); HCD: MS2 activa-
tion (collision energy: 27).

All the DIA data were also analyzed by Spectronaut Pulsar X (Biognosys AG, Switzerland,
version: 13.10.191212.43655) against the human plasma spectra library. Calibration was set to
nonlinear iRT calibration with precision iRT enabled. Identification was performed using a
0.01 g-value cutoff at both the precursor and protein level. The 0.01 g-value corresponds to a
false discovery rate of 1% or an estimated 1% of false identifications amongst the accepted
identifications. For quantification, the interference correction function was enabled, and the
top 3 peptide precursors were summed for protein quantification. We measured relative pro-
tein abundance comprehensively, and the effect of the variability potentially generated by the
sample preparation and the liquid chromatography-mass spectrometry (LC-MS) performance
was minimized using the Local Regression Normalization algorithm described by Callister
et al. (2006) [23]. Filtered values may be due to protein levels below the detection threshold of
the instrument, or to exclusion from the analysis because of a peptide or protein identification
confidence g-value higher than 0.01.

Samples from 50 ME/CEFS cases and 50 controls were run in two batches of 20 samples (9
ME/CES cases, 11 controls) and 80 samples (39 ME/CEFS cases, 41 controls). The 20 samples in
the first batch were randomly selected. The cases and controls were frequency-matched on the
same matching variables as the total study population. 3444 unique peptides matched 257
annotated proteins in the 20 subject sample set. 5308 unique peptides that matched to 279
annotated proteins in the 80 subject sample set. 207 annotated proteins were found in both
sample sets. Differences in the number of proteins identified between the two groups may
reflect patient heterogeneity or batch effects, particularly amongst low abundance proteins.

Statistical analyses

For each protein analyte, non-detectable values were replaced with 50% of its smallest available
value. Protein levels were then log-transformed with base 10 and rescaled by the control stan-
dard deviation.

To test the ME/CFS association and to assess the predictive capacity of each individual pro-
tein analyte, we used logistic regression models adjusted for body mass index (BMI), sr-IBS,
antidepressant medication use, and all matching variables (age, sex, race/ethnicity, geo-
graphic/clinical site, and season of sampling). Prentice and Pyke (1979) [24] showed that the
odds ratio estimators and their asymptotic variance matrices can be obtained by applying the
logistic regression model to the case-control study as if the data had been obtained in a pro-
spective study. Two separate models were fitted: one with only the linear term (the trans-
formed values) of the protein levels, and one with both linear and quadratic terms (square of
the transformed values) of the protein levels as independent variables. Likelihood-ratio tests
were used to compare the goodness-of-fit between the two nested models. These were gate-
keeping hypothesis tests that would serve to allow further exploration of specific protein com-
pounds. We used the Hochberg step-up procedure [25] to correct for the multiple tests over
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the annotated proteins controlling the family-wise error rate (FWER) at the level of 0.05. If, for
any protein analyte, the model with quadratic term fit the data significantly better than the
model with only the linear term through the step-up procedure, adjusted odds ratios (aORs),
together with their 95% confidence intervals (95% CI), were calculated comparing ME/CFS
risk of various protein levels to that of the reference level at which the ME/CES risk was at the
lowest.

In earlier work with this cohort, sr-IBS was identified as the strongest driving factor in the
separation of topological networks based on fecal microbiome and plasma metabolic pathways
through an unsupervised and data-driven algorithm (Ayasdi, Menlo Park, California) in
Nagy-Szakal et al [9, 26]. It was in this context that we tested, in a stratified analysis, the
hypothesis that ME/CFS patients with sr-IBS have altered proteomic profiles.

To examine the utility of the proteomics assay as a biomarker tool for ME/CEFS, we applied
three machine learning algorithms: Lasso (least absolute shrinkage and selection operator)
[27], Random Forests [28] and XGboost [29]. We fitted the linear terms of the levels of all pro-
tein analytes, excluding the ones with undetectable/filtered values in more than 50% of the
subjects (29 proteins), as predictors in the three classifiers. We excluded these protein analytes
in this analysis since they do not have enough power to serve as potential biomarkers. We then
measured the importance for each predictor in the classifiers. Lasso regularizes the least
squares by adding a penalty term in which the L1 norm of the parameter vector is no greater
than a given value, and increasing the penalty drives more coefficients of unimportant predic-
tors to absolute zero. Therefore, measure of importance can be represented as the number of
iterations in which the predictor’s parameter estimate in the best fitting model is nonzero.
Random Forests measures the mean decrease in accuracy when values of the predictor are ran-
domly permuted. For unimportant predictors, the permutation should have little to no effect
on model accuracy, while permuting values of important predictors should significantly
decrease it. For XGBoost, a measure of ‘gain’ can be calculated to indicate the relative contri-
bution of the corresponding predictor to the model calculated by taking each predictor’s con-
tribution for each tree in the model. We then selected the protein analytes that were ranked in
the top 20 in all three importance measurements and fitted them in the classifiers again, except
that here we used the logistic regression instead of Lasso. Since only the linear terms of the pro-
tein levels were fitted as predictors, these classifiers did not identify biomarkers associated
with ME/CFS with quadratic effects. The predictive performance was evaluated in random
resampling cross-validation (CV) with 1000 iterations. In each iteration, the sample set was
randomly divided into an 80% training set and a 20% test set. We generated Receiver Operat-
ing Characteristic (ROC) curves by evaluating model sensitivity and specificity at different
probability thresholds, and then calculated the Area under the Receiver Operating Characteris-
tic curve (AUROC), a performance measure that ranges from 0.5 (fair coin toss) to 1 (perfect
prediction).

Data analyses were conducted using Matlab (R2013a, The Mathworks Inc., MA) and R (ver-
sion 3.5.1). All p-values were 2-tailed.

Results
Study population

The study included plasma samples from 50 ME/CFS cases and 50 healthy controls recruited
at four sites across the United States. The subset of 39 ME/CES cases and 41 controls were
used in the data analysis to eliminate potential batch effects. The robustness of findings was
verified through sensitivity analysis in the total study population with the adjustment of the
batches. Characteristics of these two nested sample sets are demonstrated in Table 1.
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Table 1. Characteristics of the study cohort.

Demographics ME/CFS (n = 50) Control (n = 50) ME/CES (n = 39) Control (n =41)
Sex Female 41 41 30 32
Male 9 9 9 9
Age Mean (SEM) 51.08 (11.19) 51.32 (11.46) 52.06 (10.87) 51.43 (11.89)
Race White 49 48 39 39
Asian 1 1 1 1
Other 0 1 0 1
Ethnicity Not Hispanic or Latino 46 45 37 37
Hispanic or Latino 4 5
Site Miami, FL 10 9 6
New York, NY 14 14 12 12
Salt Lake City, UT 14 15 11 12
Sierra, NV 12 12 10 10
Season Summer 27 26 22 22
Fall 23 24 17 19
sr-IBS Yes 24 1 18 1
No 26 49 21 40
BMI Overweight (>25) 28 22 24 18
Normal (< 25) 22 28 15 23
Disease Duration < 3 years 4 N/A 2 N/A
>3 years 46 N/A 37 N/A
SF-36 Mean (SD) Physical Functioning 40.5 (26.71) 96.1 (6.95) 40.13 (27.08) 95.85 (7.41)
Physical Limitations 8(22.27) 97 (14.85) 9.62 (24.75) 98.78 (5.45)
Emotional Limitations 53.33 (47.62) 96 (15.99) 54.7 (48.66) 98.37 (7.27)
Energy/Fatigue 15.6 (17.46) 74.77 (15.58) 16.03 (18.25) 73.25 (14.43)
Emotional Well-being 63.44 (19.94) 81.6 (15.25) 65.44 (20.05) 81.27 (11.95)
Social Functioning 32.75 (25.24) 93.25 (13.88) 32.37 (26.39) 93.6 (13.15)
Pain 46 (27.17) 91.8 (10.06) 44.04 (28.75) 90.79 (10.3)
General Health 26.38 (15.33) 83.35(13.88) 26.63 (16.96) 82.26 (14.07)

The demographics and characteristics of the whole study cohort (n = 100) as well as the subset used for the analysis (n = 80) are shown. ME/CFS: myalgic

encephalomyelitis/chronic fatigue syndrome, sr-IBS: self- reported irritable bowel syndrome, BMI: body mass index, SEM: standard error of mean, SF-36: Short form 36

health survey; score on 0-100 scale with 0 = poor and 100 = excellent.

https://doi.org/10.1371/journal.pone.0236148.t001

ME/CFS and ME/CFS subgroups are associated with an altered proteomic

profile

S1 Table shows the sample mean and the standard error of the mean (SEM) of levels of each
protein within ME/CFS cases, ME/CEFS cases with sr-IBS, ME/CES cases without sr-IBS and
controls. S2 Table shows associations between levels of individual protein analytes and ME/
CFS outcomes and includes aORs, 95% Cls and corresponding p-values from the logistic
regression model in which only the linear term of the protein levels was fitted as an indepen-
dent variable. The p-values of the likelihood ratio tests that compare the goodness-of-fit of the
model with both linear and quadratic terms of the protein levels to that of the model with only
the linear term are also presented in S2 Table.
Models with only the linear term (transformed values of the protein levels) failed to identify
any protein significantly associated with ME/CFS after the FWER correction with the step-up
procedure. For certain protein analytes, the residual plots of the linear logistic regression mod-
els followed a U-shape pattern (S1 Fig). Therefore, we applied the logistic regression models
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that included both the linear and the quadratic terms of each protein analyte as independent
variables. For immunoglobulin heavy variable (IGHV) 3-23/30, the model with both linear
and quadratic terms (square of the transformed values of the protein levels) of the protein lev-
els fit the data significantly better than the model with only its linear term (3> = 17.57, df = 1,
p-value = 2.77E-5). We use the term IGHV3-23/30 because our assay did not distinguish
between IGHV3-23 and IGHV3-30. The multiple comparisons of the likelihood-ratio tests
over all annotated protein analytes were adjusted using the FWER correction. For IGHV3-23/
30, we rejected the null hypothesis of a linear logistic relation between ME/CEFS and the analyte
in favor of a quadratic relation. Conducting this preliminary gate-keeping test of the quadratic
term ensured that the overall type I (false positive) error was controlled at the level of 0.05;
accordingly, further examination of this protein analyte using the model with the quadratic
term of its levels was justified under the closed-testing principle. The quadratic term can be
viewed as an interaction term, hence the aOR depends on the protein level used as a reference.
Fig 1A displays, for all ME/CES subjects versus controls, the plot of aORs with 95% CI for the
reference level at 51,000 based on the fitted logistic model with quadratic term. Specifically
(Table 2), increasing the protein levels from 51,000 to 100,000 was associated with an increased
risk of ME/CFS with an aOR of 4.44 (95% CI: 1.29-15.29, p-value = 0.018), while decreasing
the protein level from 51,000 to 25,000 yielded an aOR of 5.65 (95% CI: 1.18-27.04, p-

value = 0.030). In a sensitivity analysis that also included the 20-sample test set, the model with
quadratic term continued to out-perform the model with only the linear term (x> = 14.58,

df = 1, p-value = 1.34E-4).

A quadratic effect was also found in female subjects, comprising 30 ME/CEFS subjects and
32 controls in our 80-subject sample set (S3 Table). IGHV 3-23/30 was associated with ME/
CFS with a significant quadratic effect (x* = 16.27, df = 1, p-value = 5.50E-5) after controlling
the FWER at the level of 0.05. We did not have sufficient statistical power in male subjects (9
ME/CFS patients and 9 controls) for a similar analysis.

Previous work on the same cohort of patients showed that sr-IBS was one of the strongest
drivers of separation among ME/CFS cases in terms of both the fecal microbiome and the
plasma metabolome [9, 26]. For this reason, we split the ME/CEFS group into two subgroups
based on their sr-IBS status, and conducted the same analysis using the binary outcome of sr-
IBS subgroups vs. controls (54 Table). Subjects were considered to have sr-IBS if they had
reported a previous IBS diagnosis on the medical history form at the time of recruitment.

ME/CEFS cases with sr-IBS versus controls. When we compared ME/CEFES cases with sr-
IBS to controls, the immunoglobulin lambda constant (IGLC) 7 had a significant quadratic
effect (Fig 1B) on its association with the outcome (x> =19.44,df = 1, p-value = 1.04E-5). A
protein level of 7,000 resulted in an aOR of 3.26 (95% CI: 1.22-8.72, p-value = 0.019) compared
to a reference level of 3,326 and decreasing the protein levels from the reference level to 1,500
yielded an aOR of 3.85 (95% CI: 1.12-13.30, p-value = 0.033).

ME/CEFS cases without sr-IBS versus controls. When we compared ME/CEFS patients
without sr-IBS to controls, we found disturbances with quadratic effects in immunoglobulin
kappa variable (IGKV) 3(D)-11 (y* = 14.87, df = 1, p-value = 1.15E-4) and immunoglobulin
heavy variable (IGHV) 3-23/30 (x*=17.31,df =1, p-value = 3.18E-5) (Fig 1C and 1D). We use
the term IGKV3(D)-11 because our assay did not distinguish between IGKV3-11 and IGKV3
(D)-11. Increasing the levels of IGKV3(D)-11 from the reference level of 544,370 to 1,100,000
yielded an aOR of 4.53 (95% CI: 1.14-18.00, p-value = 0.032), while decreasing from the refer-
ence level to 171,000 resulted in an aOR of 59.49 (95% CI: 1.06-3,332.10, p-value = 0.047). For
IGHV3-23/30, altering its levels from 51,000 to 100,000 and from 51,000 to 25,000 resulted in
aORs of 4.54 (95% CI: 1.28-16.09, p-value = 0.019) and 6.58 (95% CI: 1.24-34.82, p-
value = 0.027), respectively.
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Fig 1. Quadratic effect of immunoglobulin proteins with ME/CFS and ME/CEFS subgroups. Two separate models
were fitted: one with only the linear term of the protein levels, and one with both linear and quadratic terms of the
protein levels as independent variables. In both models we adjusted for BMI, sr-IBS, antidepressant medication use,
age, sex, race/ethnicity, geographic/clinical site and season of sampling. Likelihood-ratio tests were used to compare
the goodness-of-fit between the two nested models. The Hochberg step-up procedure was applied to correct for the
multiple tests over the annotated proteins, controlling the family-wise error rate (FWER) at the level of 0.05. For the
protein analytes associated with ME/CFS with significant quadratic effect, adjusted odds ratios (aORs), together with
their 95% confidence intervals (95% CI), were calculated comparing ME/CFS risk of various protein levels to that of

the reference level at which the ME/CFS risk was at the lowest. (A) All ME/CES cases versus controls, (B) ME/CFS

cases with sr-IBS versus controls, (C & D) ME/CES cases without sr-IBS versus controls. ME/CFS: myalgic
encephalomyelitis/chronic fatigue syndrome, a.u.: arbitrary units, sr-IBS: self-reported irritable bowel syndrome,

IGHV: immunoglobulin heavy variable, IGLC: immunoglobulin lambda constant, IGKV: immunoglobulin kappa

variable.

https://doi.org/10.1371/journal.pone.0236148.9001

Assessment of the proteomics assay as a potential diagnostic tool for ME/
CFS

After excluding the proteins with more than 50% undetectable/filtered values, we fitted the
remaining 250 protein analytes as predictors in three different classifiers: Lasso, Random For-
ests, and XGBoost. Protein analytes that were ranked in top 20 in importance measurements
in all three classifiers (Table 3) were fitted as predictors in the same classifiers again, except
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Table 2. Quadratic relationship of immunoglobulin proteins with ME/CFS and ME/CFS subgroups.

Group Protein
All ME/CFS IGHV3-23/30
ME/CFS with sr-IBS IGLC7
ME/CES without sr-IBS IGKV3(D)-11

IGHV3-23/30

Reference Level Comparison aOR 95% CI Protein p-value
51,000 decreased to 25,000 5.646 1.179 27.035 0.0303
increased to 100,000 4.439 1.289 15.286 0.0182
3,326 decreased to 1,500 3.851 1.115 13.303 0.033
increased to 7,000 3.257 1.216 8.722 0.019
544,370 decreased to 171,000 59.492 1.062 3332.100 0.047
increased to 1,100,000 4.527 1.138 18.001 0.032
51,000 decreased to 25,000 6.582 1.244 34.816 0.027
increased to 100,000 4.545 1.284 16.086 0.019

Reference levels based on relative intensity are shown for each protein as well as the aOR, 95% CI and p-value when increasing and decreasing from this point for all
ME/CEFS patients, ME/CFS patients with sr-IBS and ME/CFS patients without sr-IBS, when compared to the control group. ME/CFS: myalgic encephalomyelitis/chronic

fatigue syndrome, sr-IBS: self-reported irritable bowel syndrome, BMI: body mass index, IGHV: immunoglobulin heavy variable; IGLC: immunoglobulin lambda

constant; IGKV: immunoglobulin kappa variable, aOR: adjusted odds ratio, CI: confidence interval.

https://doi.org/10.1371/journal.pone.0236148.t002

that here we used the logistic regression model instead of Lasso. Fig 2A, Fig 2B and Fig 2C
show the ROC curves and the AUROC values from these three classifiers with the trimmed set
of protein analytes as predictors differentiating all ME/CFS, ME/CEFS with sr-IBS, and ME/
CFS without sr-IBS, respectively, from the controls. All of them performed significantly better
than a fair coin toss (S5 Table). Notably, XGBoost with six protein analytes (Table 3) distin-
guished ME/CFS with sr-IBS from the controls with a high degree of accuracy with a cross-val-
idated AUROC value of 0.846 (95% CI: 0.703-0.927).

Discussion

We pursued proteomic analyses of plasma from subjects with ME/CFS with the objectives of
obtaining insight into the pathogenesis of ME/CFS and finding biomarkers for the disease.
Using models with only linear terms, we did not identify significant differences between cases
and controls following FWER correction. However, using a model that included both linear
and quadratic terms we found a significant association between ME/CFS and IGHV3-23/30.
The association with quadratic effect revealed both a positive and negative correlation relation-
ship between levels of IGHV3-23/30 and ME/CFS. Whilst 12 patients had extremely high levels
(>100,000) of IGHV3-23/30, only 3 patients had extremely low levels (<25,000) of this pro-
tein. IGHV3-23 is one of the most commonly used heavy variable regions in the human immu-
noglobulin (Ig) repertoire [30]. Its usage has been linked with non-Hodgkin lymphomas
(NHL) such as chronic lymphoid leukemia (CLL) [31-34], mantle cell lymphoma (MCL) [35],
splenic marginal zone lymphoma (MZL) [36, 37], Waldenstrém’s macroglobulinemia [38],
and follicular lymphoma (FL) [39, 40]. Disease progression in these B-cell malignancies is
driven by chronic stimulation from either microbial or auto-antigens. Interruption of B-cell
signaling through use of kinase inhibitors has been shown to have therapeutic benefit in some
patients with MZL, CLL, FL, and MCL [41, 42]. Increased IGHV3-23 usage is also reported in
anti-myelin associated glycoprotein neuropathy and in monoclonal gammopathy of undeter-
mined significance [43], a disorder that may progress to malignant lymphoproliferative disease
[44]. We speculate that, at least in a subset of ME/CFS subjects, an increased level of IGHV3-
23 may be due to antigen driven clonal expansion, and that these patients might benefit from
identification of the antigen driving B-cell receptor signaling or kinase inhibitors that interrupt
signaling. In this context, we also note that ME/CFS has been linked with an increased risk of
developing MZL and other NHL [45].
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Table 3. Potential plasma protein biomarkers for ME/CFS.

Gene Name Uniprot ID Direction Lasso Random Forest XGBoost
Percentage' Rank* Mean Decrease in accuracy” Rank* Gain® Rank*
All ME/CFS
CAMP P49913 Increased 22.80% 1 0.1284 4 0.0652 2
LRG1 P02750 Decreased 9.90% 9 0.1302 3 0.0327 4
IGF1 P05019 Decreased 3.90% 19 0.1320 2 0.0318 6
GSN P06396 Decreased 3.70% 20 0.0743 9 0.0281 8
IGFALS P35858 Decreased 11.60% 7 0.0988 7 0.0292 7
IGLV1-47 P01700 Decreased 14.10% 2 0.0639 14 0.0319 5
FCRL3 Q96P31 Decreased 4.70% 17 0.0545 20 0.0127 17
CRTAC1 QINQ79 Decreased 13.30% 3 0.2653 1 0.1225 1
ME/CFS with sr-IBS
CAMP P49913 Increased 30.10% 1 0.1772 2 0.0852 2
SERPINA3 P01011 Decreased 4.20% 16 0.0731 7 0.0249 6
IGF1 P05019 Decreased 11.00% 6 0.1768 3 0.1132 1
ITIH2 P19823 Decreased 13.60% 4 0.1870 1 0.0529 4
IGHV1-18 AO0A0C4DH31 Decreased 19.30% 3 0.0535 17 0.0157 14
CRTAC1 QINQ79 Decreased 4.80% 13 0.0922 4 0.0577 3
ME/CFS without sr-IBS

PON3 Q15166 Increased 7.20% 3 0.0601 19 0.0571 2
KNG1 P01042 Increased 3.70% 13 0.0674 17 0.0122 20
LRG1 P02750 Decreased 5.50% 6 0.0960 8 0.0400 4
IGLC7 AOMBQ6 Decreased 8.40% 2 0.0664 18 0.0196 14
CRTAC1 QINQ79 Decreased 3.90% 12 0.1031 6 0.0740 1

Proteins with more than 50% undetectable/filtere values were excluded. All 250 protein analytes were fitted as predictors in 3 different classifiers: Lasso, Random
Forests, and XGBoost. Table shows the proteins that were ranked in the top 20 of importance measurements for all ME/CEFS patients, ME/CFS patients with sr-IBS and
ME/CFS patients without sr-IBS. Direction is measured relative to controls. ME/CFS: myalgic encephalomyelitis/chronic fatigue syndrome, sr-IBS: self-reported
irritable bowel syndrome, CAMP: cathelicidin antimicrobial protein, LRG1: Leucin-rich glycoprotein 1, IGF1: insulin-like growth factor 1, IGFALS: Insulin-like growth
factor-binding protein complex acid labile subunit, IGLV1-47: immunoglobulin lambda variable region 1-47, FCRL3: Fc receptor-like protein 3, SERPINA3: Alpha-
1-antichymotrypsin, ITIH2: Inter-alpha-trypsin inhibitor heavy chain H2, IGHV1-18: immunoglobulin heavy variable region 1-18, PON3: Serum paraoxonase/
lactonase 3, KNGI: Kininogen 1, IGLC7: immunoglobulin lambda constant region 7.

"Percentage: Lasso regularizes the least squares by adding a penalty term in which the L1 norm of the parameter vector is no greater than a given value, and increasing
the penalty drives more coefficients of unimportant predictors to absolute zero. Therefore, measure of importance can be represented as the percentage of iterations (out
of 1,000 random resampling cross-validation iterations) in which the predictor’s parameter estimate in the best fitting model is nonzero.

*Mean Decrease in Accuracy: Random Forests measures the mean decrease in accuracy when values of the predictor are randomly permuted. For unimportant
predictors, the permutation should have little to no effect on model accuracy, while permuting values of important predictors should significantly decrease it.

3Gain: XGBoost measures the importance of predictors in ‘Gain’ to indicate the relative contribution of the corresponding predictor to the model calculated by taking
each predictor’s contribution for each tree in the model.

“Rank: We selected the protein analytes that were ranked in the top 20 in all three importance measurements.

https://doi.org/10.1371/journal.pone.0236148.t003

Due to the high prevalence of sr-IBS in ME/CEFS patients and to the fact that previous stud-
ies showed it was one of the strongest drivers in the separation of fecal metagenomics and
plasma metabolomics within the patient group [9, 26], we further stratified the ME/CFS group
based on sr-IBS status. Similar to all ME/CEFS cases, IGHV3-23 was associated with ME/CFS
without sr-IBS with a quadratic effect. In addition, IGKV3(D)-11 was also significantly associ-
ated with ME/CFS without sr-IBS. This protein showed the same pattern in ME/CFS subjects
as a whole, but did not reach significance. IGKV3-11, like IGHV3-23, is one of the most com-
monly used light chain variable regions. Anti-hemagglutinin antibodies following influenza
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Fig 2. Diagnostic performance (AUROC) of ME/CFS and ME/CFS subgroup plasma proteomes. Three machine learning algorithms were used to
examine the utility of the proteomics assay as a biomarker tool for ME/CFS: Lasso (least absolute shrinkage and selection operator), Random Forests,
and XGboost. We fitted all protein analytes, excluding the ones with more than 50% undetectable/filtered values, as predictors in the three classifiers
and measured the importance for each predictor in the classifiers. The protein analytes that were ranked in the top 20 in all three importance
measurements were fitted in the classifiers again (Trimmed set), except that here we used the logistic regression model instead of Lasso. The predictive
performance was evaluated in random resampling cross-validation (CV) with 1,000 iterations from which we calculated the Area under the Receiver
Operating Characteristic curve (AUROC) values and generated Receiver Operating Characteristic (ROC) curves for (A) all ME/CEFS cases, (B) ME/CFS
cases with sr-IBS and (C) ME/CEFS cases without sr-IBS. ME/CFS: myalgic encephalomyelitis/chronic fatigue syndrome, sr-IBS: self-reported irritable
bowel syndrome.

https://doi.org/10.1371/journal.pone.0236148.9002

infection predominantly represent this light chain variable region [46]. IGKV3-11 is repeatedly
paired with IGHV3-30 in protective antibodies to CMV [47, 48] as well as the 23F polysaccha-
ride of Streptococcus pneumoniae [49-51]. However, since mass spectrometry does not provide
us with information in terms of heavy/light chain pairings, it is unclear whether this is relevant
in our cohort. ME/CFS patients with sr-IBS, on the other hand, presented with a different pro-
teomics profile. Only IGLC7 was significantly associated with disease in ME/CFS patients with
sr-IBS. Unlike the variable region which is involved in antigen recognition, the constant region
is thought to have more of a regulatory role, although it may have an impact on the variable
region’s structure and function [52]. The link between sr-IBS and this specific lambda constant
region is currently unclear. However, our results show that, as was found with metabolites and
the microbiome [9, 26], sr-IBS also influences the proteomic profile. B cell dysregulation has
previously been reported in ME/CFS [53]. Bradley et al. (2013) [54] found greater numbers of
naive and transitional B cells in patients whilst Brenu et al. (2014) [55] found increased num-
bers of memory B cells. Guenther et al (2015) [56] found a decrease in IgG3 and 4, but an
increase in IgG2 and IgM. We do not see any overall changes to Ig isotypes. Although ME/CFS
patients with sr-IBS had decreased IgG1 (aOR = 0.361, p-value = 0.037) and increased IGHA2
(aOR = 2.852, p-value = 0.046) levels, these findings were not significant after adjustment for
multiple testing.

We also employed a data-driven approach to identify plasma protein signatures to assess
their utility as biomarkers of ME/CFS. Using the top 20 ranked proteins identified by Lasso,
Random Forests, and XGBoost, we found a panel of eight plasma proteins that yielded high
AUC values of up to 0.838. These proteins were cathelicidin antimicrobial peptide (CAMP), Ig
lambda variable region 1-47 (IGLV1-47), Fc receptor-like protein 3 (FCRL3), leucin-rich gly-
coprotein 1 (LRG1), gelsolin (GSN), cartilage acidic protein 1 (CRTAC1), insulin-like growth
factor 1 (IGF1), and IGF-binding protein acid labile subunit (IGFALS). IGHV3-23/30 was not
identified as a top-ranked biomarker because it is associated with ME/CFS only with a
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quadratic effect. While Random Forests and XGBoost are both tree models and can potentially
reveal non-linear relationships between predictors and the outcome, Lasso is parametric and
cannot identify quadratic relationships if only the linear terms of protein analytes were used as
predictors. Since we selected the panel of protein analytes that were highly ranked in all three
classifiers, the proteins that were significantly associated with ME/CFS quadratically would be
filtered out by this strategy. We are not aware of other serum or plasma proteomic studies that
led to proposed biomarker sets. However, Baraniuk et al (2005) [11] used a logistic model to
predict ME/CFS status based on the cerebrospinal fluid proteome that predicted ME/CFS sta-
tus with 80% accuracy based on alpha-1-macroglobulin, amyloid precursor-like protein 1, ker-
atin 16, orosomucoid 2, and pigment epithelium-derived factor.

CAMP is an antimicrobial peptide that has both pro- and anti-inflammatory effects and
direct bactericidal activity, as well as anti-viral and anti-fungal properties [57]. Serum levels
are increased during both bacterial and viral infections [58, 59], and in autoimmune diseases
such as psoriasis, systemic lupus erythematosus, and rheumatoid arthritis [60]. The increase
observed in our cohort is consistent with inflammation caused either by infection or autoim-
munity. FCRL3 is a transmembrane protein preferentially expressed on B lymphocytes. It has
been shown to inhibit B cell receptor mediated signaling [61] and abrogate plasma cell differ-
entiation and antibody production [62]. IGLV1-47 and FCRL3 are both associated with B cells
and are decreased in the ME/CFS patients supporting the idea that there may be dysregulation
of the B cell response. LRGL is a pleiotropic secreted pro-inflammatory glycoprotein whose
overexpression has been linked to a number of autoimmune diseases such as rheumatoid
arthritis and Crohn disease [63], as well as neurodegenerative diseases such as Parkinson dis-
ease [64]. It is expressed during differentiation of granulocytes [65] and is present in neutro-
phil granules [66]. Abnormalities reported in neutrophil function in ME/CES patients include
increased apoptosis, characterized by increased annexin V binding and increased expression
of the death receptor tumor necrosis factor 1 [67], and decreased capacity to produce reactive
oxygen species following Escherichia coli phagocytosis [68]. Lower LRGI levels observed in
this cohort may reflect neutrophil dysfunction. GSN is a multifunctional protein that has actin
binding activities. It is thought to have anti-inflammatory effects and to protect against oxida-
tive stress by scavenging actin released from damaged cells and tissues [69]. Lower serum levels
are observed in inflammatory states including acute injury [70], sepsis [71], and rheumatoid
arthritis [72]. Decreased plasma levels in ME/CFS patients may reflect a pro-inflammatory
environment. IGF1 is an important growth factor that has many roles in growth development
and homeostasis. IGF1 decreases in response to pro-inflammatory cytokines, such as tumor
necrosis factor-o, interleukin (IL) 1B, and IL-6; low circulating levels of IGF1 are associated
with infection, trauma, and aging [73, 74]. IGFALS binds IGF1 in serum thereby increasing its
half-life. Levels of both IGFALS and IGF1 are decreased in the plasma of our ME/CEFS patients.
IGF1 deficiency has previously been linked to ME/CES [75] although data has been conflicting
[76,77]. Levels of CRTACI1 were also decreased. It is an extracellular matrix protein secreted
by chondrocytes [78]. Our data-driven approach identified the protein analytes that were most
powerful in predicting ME/CEFS status in our cohort. Whilst pathway enrichment analysis on
so few proteins failed to identify a significant pathway that encompasses the selected analytes,
many of the proteins have a role in immune and inflammatory responses, which have shown
to be dysregulated in ME/CEFS.

Using Lasso, Random Forests, and XGBoost, we also identified a panel of proteins that pre-
dicted both ME/CFS with and without sr-IBS with high accuracy. The predictors for the ME/
CFS without sr-IBS included LRG1 and CRTACI as well as IGLC7, KNG1, and PON3. Levels
of KNG1 were increased in ME/CFS without sr-IBS patients with an aOR of 4.116 (p-
value = 0.031). KINGI1 is an acute phase protein and part of the kallikrein-kinin system, also
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known as the contact system [79]. Its cleavage product, bradykinin, is an inflammatory media-
tor leading to vasodilation, increase of vascular permeabilization, smooth muscle contraction,
fever, and release of nitric oxide [80]. Increased KNG1 levels may be a sign of increased
inflammation. Elevated levels of proteins involved with acute phase signaling have been found
in fibromyalgia [81] and increased KNG1 was found associated with pain in women with
chronic widespread pain [82]. However, in our study, we did not find a significant association
between KNG levels and fibromyalgia when we compared ME/CFS patients with fibromyal-
gia (n = 20) and ME/CEFS without fibromyalgia (n = 19) using the Wilcoxon rank-sum test (z-
score = 0.126, p-value = 0.899). PON3, like PON1, is thought to be associated with high-den-
sity lipoproteins (HDL) and to protect low-density lipoproteins (LDL) from oxidation [83, 84].
Infection and inflammation leads to increased LDL oxidation [85] and higher LDL oxidation
has previously been shown to be associated with ME/CEFS [76, 86, 87] Increased levels of
PONB3 may be a mechanism to compensate for increased oxidative stress caused by increased
inflammatory mediators in the blood.

Predictors in ME/CEFS patients with sr-IBS that were also identified in the whole ME/CES
cohort included IGF1, CRTAC1, and CAMP along with SERPINA3, ITIH2, and IGHV1-18.
The presence of immunoglobulin proteins among the predictors is consistent with the involve-
ment of B cells in ME/CFS pathogenesis. SERPINA3 and ITIH2 are protease inhibitors
involved in inflammation. Their levels were slightly decreased in our ME/CFS with sr-IBS
cohort. Increased serum and cerebrospinal fluid levels of the acute phase protein SERPINA3
are associated with Alzheimer disease [88]; however, it is also thought to limit inflammation
by controlling superoxide generation and inhibiting proteases, such as elastase and chymase,
with cathepsin G thought to be its primary target [89]. Levels of CAMP were particularly ele-
vated in sr-IBS patients with an aOR = 4.335 (p-value = 0.011). Levels of CAMP are increased
in the mucosa of inflammatory bowel disease (IBD) patients [90, 91]. We are not aware of sim-
ilar studies in sr-IBS. Polymeric immunoglobulin receptor (PIGR) was detected more often in
ME/CES subjects compared to controls (56.4% versus 26.8% respectively, chi squared p-
value = 0.007). However, we do not consider PIGR as a biomarker for ME/CFS because it was
not detected >50% of subjects. PIGR transports IgA to the lumen at mucosal surfaces. Its
expression in the gut is regulated by exposure to bacterial and viral products from both the
microbiota and pathogens [92]. We speculate that microbial dysbiosis [26, 93] leads to
increased inflammation and increased gut permeability, resulting in higher plasma levels of
CAMP and PIGR.

Whilst our exploratory study has identified a plasma protein biosignature using machine-
learning algorithms that can predict ME/CEFS status adequately, the clinical utility of these
results remains to be shown. Validation of the panel of proteins in larger cohorts is needed to
determine whether it would make a reliable biomarker. In addition, the specificity of the bio-
signature would need to be assessed to see if it could successfully distinguish ME/CES cases, as
well as ME/CFS cases with or without sr-IBS, from those with other fatiguing illnesses such as
fibromyalgia and Gulf War Illness. Disease-specific specific biomarkers could provide an
objective measure to aid in diagnosis of this heterogeneous disease. Previous proteomic studies
in cerebrospinal fluid and saliva have identified protein signatures with predictive accuracies
comparable to ours [11, 14], however, none have led to the development clinical biomarkers.
In fact, no molecular biomarkers have been validated for ME/CFS diagnosis or prognosis [4],
highlighting the challenges associated with this complex disease. Our work, whilst exploratory
in nature, shows that the plasma proteome is a viable and untapped source of potential bio-
markers in ME/CFS, and can provide insight into disease pathophysiology. In addition, we
support previous results that ME/CFES patients with sr-IBS may constitute a subgroup with a
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distinct molecular profile [9, 26] and that considering subtypes of ME/CFS can lead to greater
predictive accuracy in biomarker studies.

Our study is limited by small sample size, and the robustness of our findings needs to be
verified in larger cohorts. Additionally, IBS status determination and stratification could be
improved by an independent diagnosis at the time of participant recruitment. Nonetheless,
our results comport with other work in ME/CEFS that has found evidence in ME/CEFS of
immune dysregulation, B cell dysfunction, chronic inflammation, oxidative stress, and
autoimmunity.
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up procedure was applied to correct for the multiple tests over the annotated proteins control-
ling the family-wise error rate (FWER) at the level of 0.05.
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AUC: area under the curve, CI: confidence interval.

(PDF)

Acknowledgments

We are grateful to Kelly Magnus of the Center for Infection and Immunity for assistance with
manuscript preparation, to Joseph Cesare of the Garcia Lab at the Perelman School of Medi-
cine University of Pennsylvania for his work on the proteomics, to the Chronic Fatigue Initia-
tive of the Hutchins Family Foundation and the ME/CEFS patients who provided the samples
and inspiration that enabled our work. We dedicate this paper to the memory of Robert (Bob)
Courtney and his struggle to find a cure for ME/CEFS.

The mass spectrometry proteomics data have been deposited to the ProteomeXchange
Consortium via the PRIDE partner repository [94] with the dataset identifier PXD016622.

Author Contributions

Conceptualization: W. Ian Lipkin.

Data curation: Aaron Cheng, Bohyun Lee.

Formal analysis: Milica Milivojevic, Xiaoyu Che.

Funding acquisition: W. Ian Lipkin.

Investigation: Benjamin A. Garcia, Bohyun Lee, Hyoungjoo Lee.
Methodology: Xiaoyu Che, Manuel Huber, W. Ian Lipkin.

Project administration: W. Ian Lipkin.

Resources: Lucinda Bateman, Nancy G. Klimas, Susan Levine, Daniel L. Peterson.
Supervision: W. Ian Lipkin.

Validation: Xiaoyu Che.

Writing - original draft: Milica Milivojevic, Xiaoyu Che, W. Ian Lipkin.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236148  July 21, 2020 15/20


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236148.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236148.s007
https://doi.org/10.1371/journal.pone.0236148

PLOS ONE

ME/CFS plasma proteomic profiling reveals immune dysregulation

Writing - review & editing: Milica Milivojevic, Xiaoyu Che, Aaron Cheng, Mady Hornig,

Jose G. Montoya, Anthony L. Komaroff, W. Ian Lipkin.

References

1.

10.

11.

12

13.

14.

15.

16.

17.

Institute of Medicine. Beyond Myalgic Encephalomyelitis/Chronic Fatigue Syndrome: Redefining an Ill-
ness. Washington, DC: The National Academies Press; 2015. https://doi.org/10.17226/19012 PMID:
25695122

Carruthers BM, van de Sande MI, De Meirleir KL, Klimas NG, Broderick G, Mitchell T, et al. Myalgic
encephalomyelitis: International Consensus Criteria. J Intern Med. 2011; 270: 327-338. https://doi.org/
10.1111/j.1365-2796.2011.02428.x PMID: 21777306

Haney E, Smith MEB, McDonagh M, Pappas M, Daeges M, Wasson N, et al. Diagnostic Methods for
Myalgic Encephalomyelitis/Chronic Fatigue Syndrome: A Systematic Review for a National Institutes of
Health Pathways to Prevention Workshop. Ann Intern Med. 2015; 162: 834—840. https://doi.org/10.
7326/M15-0443 PMID: 26075754

Scheibenbogen C, Freitag H, Blanco J, Capelli E, Lacerda E, Authier J, et al. The European ME/CFS
Biomarker Landscape project: an initiative of the European network EUROMENE. J Transl Med. 2017;
15: 162. https://doi.org/10.1186/s12967-017-1263-z PMID: 28747192

Fluge @, Mella O, Bruland O, Risa K, Dyrstad SE, Alme K, et al. Metabolic profiling indicates impaired
pyruvate dehydrogenase function in myalgic encephalopathy/chronic fatigue syndrome. JCI Insight.
2016; 1: e89376—e89376. https://doi.org/10.1172/jci.insight.89376 PMID: 28018972

Naviaux RK, Naviaux JC, Li K, Bright AT, Alaynick WA, Wang L, et al. Metabolic features of chronic
fatigue syndrome. Proc Natl Acad Sci U S A. 2016; 113: E5472—E5480. https://doi.org/10.1073/pnas.
1607571113 PMID: 27573827

Yamano E, Sugimoto M, Hirayama A, Kume S, Yamato M, Jin G, et al. Index markers of chronic fatigue
syndrome with dysfunction of TCA and urea cycles. Sci Rep. 2016; 6: 34990. https://doi.org/10.1038/
srep34990 PMID: 27725700

Germain A, Ruppert D, Levine SM, Hanson MR. Metabolic profiling of a myalgic encephalomyelitis/
chronic fatigue syndrome discovery cohort reveals disturbances in fatty acid and lipid metabolism. Mol
Biosyst. 2017; 13: 371-379. https://doi.org/10.1039/c6mb00600k PMID: 28059425

Nagy-Szakal D, Barupal DK, Lee B, Che X, Williams BL, Kahn EJR, et al. Insights into myalgic encepha-
lomyelitis/chronic fatigue syndrome phenotypes through comprehensive metabolomics. Sci Rep. 2018;
8: 10056. https://doi.org/10.1038/s41598-018-28477-9 PMID: 29968805

Germain A, Ruppert D, Levine SM, Hanson MR. Prospective Biomarkers from Plasma Metabolomics of
Myalgic Encephalomyelitis/Chronic Fatigue Syndrome Implicate Redox Imbalance in Disease Symp-
tomatology. Metabolites. 2018; 8: 90. https://doi.org/10.3390/metabo8040090 PMID: 30563204

Baraniuk JN, Casado B, Maibach H, Clauw DJ, Pannell LK, Hess S S. A Chronic Fatigue Syndrome—
related proteome in human cerebrospinal fluid. BMC Neurol. 2005; 5: 22—-22. https://doi.org/10.1186/
1471-2377-5-22 PMID: 16321154

Schutzer SE, Angel TE, Liu T, Schepmoes AA, Clauss TR, Adkins JN, et al. Distinct cerebrospinal fluid
proteomes differentiate post-treatment lyme disease from chronic fatigue syndrome. PloS One. 2011;
6: e17287—-e17287. https://doi.org/10.1371/journal.pone.0017287 PMID: 21383843

Ciregia F, Giusti L, Da Valle Y, Donadio E, Consensi A, Giacomelli C, et al. A multidisciplinary approach
to study a couple of monozygotic twins discordant for the chronic fatigue syndrome: a focus on potential
salivary biomarkers. J Transl Med. 2013; 11: 243—-243. https://doi.org/10.1186/1479-5876-11-243
PMID: 24088505

Ciregia F, Kollipara L, Giusti L, Zahedi RP, Giacomelli C, Mazzoni MR, et al. Bottom-up proteomics sug-
gests an association between differential expression of mitochondrial proteins and chronic fatigue syn-
drome. Transl| Psychiatry. 2016; 6: €904—e904. https://doi.org/10.1038/tp.2016.184 PMID: 27676445

Klimas NG, Ironson G, Carter A, Balbin E, Bateman L, Felsenstein D, et al. Findings from a clinical and
laboratory database developed for discovery of pathogenic mechanisms in myalgic encephalomyelitis/
chronic fatigue syndrome. Fatigue Biomed Health Behav. 2015; 3: 75-96. https://doi.org/10.1080/
21641846.2015.1023652

Fukuda K. The Chronic Fatigue Syndrome: A Comprehensive Approach to Its Definition and Study. Ann
Intern Med. 1994; 121: 953. https://doi.org/10.7326/0003-4819-121-12-199412150-00009 PMID:
7978722

Carruthers BM, Jain AK, Meirleir KLD, Peterson DL, Klimas NG, Lerner AM, et al. Myalgic Encephalo-
myelitis/Chronic Fatigue Syndrome. J Chronic Fatigue Syndr. 2003; 11: 7—115. https://doi.org/10.1300/
J092v11n01_02

PLOS ONE | https://doi.org/10.1371/journal.pone.0236148  July 21, 2020 16/20


https://doi.org/10.17226/19012
http://www.ncbi.nlm.nih.gov/pubmed/25695122
https://doi.org/10.1111/j.1365-2796.2011.02428.x
https://doi.org/10.1111/j.1365-2796.2011.02428.x
http://www.ncbi.nlm.nih.gov/pubmed/21777306
https://doi.org/10.7326/M15-0443
https://doi.org/10.7326/M15-0443
http://www.ncbi.nlm.nih.gov/pubmed/26075754
https://doi.org/10.1186/s12967-017-1263-z
http://www.ncbi.nlm.nih.gov/pubmed/28747192
https://doi.org/10.1172/jci.insight.89376
http://www.ncbi.nlm.nih.gov/pubmed/28018972
https://doi.org/10.1073/pnas.1607571113
https://doi.org/10.1073/pnas.1607571113
http://www.ncbi.nlm.nih.gov/pubmed/27573827
https://doi.org/10.1038/srep34990
https://doi.org/10.1038/srep34990
http://www.ncbi.nlm.nih.gov/pubmed/27725700
https://doi.org/10.1039/c6mb00600k
http://www.ncbi.nlm.nih.gov/pubmed/28059425
https://doi.org/10.1038/s41598-018-28477-9
http://www.ncbi.nlm.nih.gov/pubmed/29968805
https://doi.org/10.3390/metabo8040090
http://www.ncbi.nlm.nih.gov/pubmed/30563204
https://doi.org/10.1186/1471-2377-5-22
https://doi.org/10.1186/1471-2377-5-22
http://www.ncbi.nlm.nih.gov/pubmed/16321154
https://doi.org/10.1371/journal.pone.0017287
http://www.ncbi.nlm.nih.gov/pubmed/21383843
https://doi.org/10.1186/1479-5876-11-243
http://www.ncbi.nlm.nih.gov/pubmed/24088505
https://doi.org/10.1038/tp.2016.184
http://www.ncbi.nlm.nih.gov/pubmed/27676445
https://doi.org/10.1080/21641846.2015.1023652
https://doi.org/10.1080/21641846.2015.1023652
https://doi.org/10.7326/0003-4819-121-12-199412150-00009
http://www.ncbi.nlm.nih.gov/pubmed/7978722
https://doi.org/10.1300/J092v11n01_02
https://doi.org/10.1300/J092v11n01_02
https://doi.org/10.1371/journal.pone.0236148

PLOS ONE

ME/CFS plasma proteomic profiling reveals immune dysregulation

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.

Alter HJ, Mikovits JA, Switzer WM, Ruscetti FW, Lo S-C, Klimas N, et al. A Multicenter Blinded Analysis
Indicates No Association between Chronic Fatigue Syndrome/Myalgic Encephalomyelitis and either
Xenotropic Murine Leukemia Virus-Related Virus or Polytropic Murine Leukemia Virus. mBio. 2012; 3.
https://doi.org/10.1128/mBio0.00266-12 PMID: 22991430

Jason LA, Evans M, Porter N, Brown M, Brown A, Hunnell J, et al. The Development of a Revised Cana-
dian Myalgic Encephalomyelitis Chronic Fatigue Syndrome Case Definition. Am J Biochem Biotechnol.
2010; 6: 120—135. https://doi.org/10.3844/ajbbsp.2010.120.135

Buysse DJ, Reynolds CF, Monk TH, Berman SR, Kupfer DJ. The Pittsburgh sleep quality index: A new
instrument for psychiatric practice and research. Psychiatry Res. 1989; 28: 193-213. https://doi.org/10.
1016/0165-1781(89)90047-4 PMID: 2748771

Ware J, Sherbourne C. The MOS 36-Iltem Short-Form Health Survey (SF-36): |. Conceptual Framework
and Item Selection. Med Care. 1992; 30: 473—-483. PMID: 1593914

Smets EMA, Garssen B, Bonke B, De Haes JCJM. The multidimensional Fatigue Inventory (MFI) psy-
chometric qualities of an instrument to assess fatigue. J Psychosom Res. 1995; 39: 315-325. https://
doi.org/10.1016/0022-3999(94)00125-0 PMID: 7636775

Callister SJ, Barry RC, Adkins JN, Johnson ET, Qian W, Webb-Robertson B-JM, et al. Normalization
Approaches for Removing Systematic Biases Associated with Mass Spectrometry and Label-Free Pro-
teomics. J Proteome Res. 2006; 5: 277-286. https://doi.org/10.1021/pr050300! PMID: 16457593

Prentice RL, Pyke R. Logistic Disease Incidence Models and Case-Control Studies. Biometrika. 1979;
66: 403—411. https://doi.org/10.2307/2335158

Hochberg Y. A sharper Bonferroni procedure for multiple tests of significance. Biometrika. 1988; 75:
800-802. https://doi.org/10.1093/biomet/75.4.800

Nagy-Szakal D, Williams BL, Mishra N, Che X, Lee B, Bateman L, et al. Fecal metagenomic profiles in
subgroups of patients with myalgic encephalomyelitis/chronic fatigue syndrome. Microbiome. 2017; 5:
44. https://doi.org/10.1186/s40168-017-0261-y PMID: 28441964

Tibshirani R. Regression Shrinkage and Selection via the Lasso. J R Stat Soc Ser B Methodol. 1996;
58: 267-288.

Breiman L. Random Forests. Mach Learn. 2001; 45: 5-32. https://doi.org/10.1023/A:1010933404324

Chen T, Guestrin C. XGBoost: A Scalable Tree Boosting System. Proc 22nd ACM SIGKDD Int Conf
Knowl Discov Data Min—KDD 16. 2016; 785—794. https://doi.org/10.1145/2939672.2939785

Brezinschek HP, Foster SJ, Brezinschek RI, Dérner T, Domiati-Saad R, Lipsky PE. Analysis of the
human VH gene repertoire. Differential effects of selection and somatic hypermutation on human
peripheral CD5(+)/IgM+ and CD5(-)/IgM+ B cells. J Clin Invest. 1997; 99: 2488-2501. https://doi.org/
10.1172/JC1119433 PMID: 9153293

Landgren O, Albitar M, Ma W, Abbasi F, Hayes RB, Ghia P, et al. B-Cell Clones as Early Markers for
Chronic Lymphocytic Leukemia. N Engl J Med. 2009; 360: 659—-667. https://doi.org/10.1056/
NEJMoa0806122 PMID: 19213679

Bomben R, Dal-Bo M, Benedetti D, Capello D, Forconi F, Marconi D, et al. Expression of Mutated
IGHV3-23 Genes in Chronic Lymphocytic Leukemia Identifies a Disease Subset with Peculiar Clinical
and Biological Features. Clin Cancer Res. 2010; 16: 620—628. https://doi.org/10.1158/1078-0432.CCR-
09-1638 PMID: 20068100

Stanganelli C, Travella A, Bezares R, Slavutsky |. Inmunoglobulin Gene Rearrangements and Muta-
tional Status in Argentinian Patients With Chronic Lymphocytic Leukemia. Clin Lymphoma Myeloma
Leuk. 2013; 13: 447-457.e2. https://doi.org/10.1016/j.cIml.2013.02.019 PMID: 23665144

Gonzélez-Gascon y Marin |, Hernandez JA, Martin A, Alcoceba M, Sarasquete ME, Rodriguez-Vicente
A, et al. Mutation Status and Immunoglobulin Gene Rearrangements in Patients from Northwest and
Central Region of Spain with Chronic Lymphocytic Leukemia. BioMed Res Int. 2014; 2014. https://doi.
org/10.1155/2014/257517 PMID: 24790994

Hadzidimitriou A, Agathangelidis A, Darzentas N, Murray F, Delfau-Larue M-H, Pedersen LB, et al. Is
there a role for antigen selection in mantle cell ymphoma? Immunogenetic support from a series of 807
cases. Blood. 2011; 118: 3088—3095. https://doi.org/10.1182/blood-2011-03-343434 PMID: 21791422

Arcaini L, Zibellini S, Passamonti F, Rattotti S, Lucioni M, Invernizzi R, et al. Splenic marginal zone lym-
phoma: Clinical clustering of immunoglobulin heavy chain repertoires. Blood Cells Mol Dis. 2009; 42:
286—-291. https://doi.org/10.1016/j.bcmd.2009.01.004 PMID: 19250848

Bikos V, Darzentas N, Hadzidimitriou A, Davis Z, Hockley S, Traverse-Glehen A, et al. Over 30% of
patients with splenic marginal zone lymphoma express the same immunoglobulin heavy variable gene:
ontogenetic implications. Leukemia. 2012; 26: 1638—1646. https://doi.org/10.1038/leu.2012.3 PMID:
22222599

PLOS ONE | https://doi.org/10.1371/journal.pone.0236148  July 21, 2020 17/20


https://doi.org/10.1128/mBio.00266-12
http://www.ncbi.nlm.nih.gov/pubmed/22991430
https://doi.org/10.3844/ajbbsp.2010.120.135
https://doi.org/10.1016/0165-1781(89)90047-4
https://doi.org/10.1016/0165-1781(89)90047-4
http://www.ncbi.nlm.nih.gov/pubmed/2748771
http://www.ncbi.nlm.nih.gov/pubmed/1593914
https://doi.org/10.1016/0022-3999(94)00125-o
https://doi.org/10.1016/0022-3999(94)00125-o
http://www.ncbi.nlm.nih.gov/pubmed/7636775
https://doi.org/10.1021/pr050300l
http://www.ncbi.nlm.nih.gov/pubmed/16457593
https://doi.org/10.2307/2335158
https://doi.org/10.1093/biomet/75.4.800
https://doi.org/10.1186/s40168-017-0261-y
http://www.ncbi.nlm.nih.gov/pubmed/28441964
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1172/JCI119433
https://doi.org/10.1172/JCI119433
http://www.ncbi.nlm.nih.gov/pubmed/9153293
https://doi.org/10.1056/NEJMoa0806122
https://doi.org/10.1056/NEJMoa0806122
http://www.ncbi.nlm.nih.gov/pubmed/19213679
https://doi.org/10.1158/1078-0432.CCR-09-1638
https://doi.org/10.1158/1078-0432.CCR-09-1638
http://www.ncbi.nlm.nih.gov/pubmed/20068100
https://doi.org/10.1016/j.clml.2013.02.019
http://www.ncbi.nlm.nih.gov/pubmed/23665144
https://doi.org/10.1155/2014/257517
https://doi.org/10.1155/2014/257517
http://www.ncbi.nlm.nih.gov/pubmed/24790994
https://doi.org/10.1182/blood-2011-03-343434
http://www.ncbi.nlm.nih.gov/pubmed/21791422
https://doi.org/10.1016/j.bcmd.2009.01.004
http://www.ncbi.nlm.nih.gov/pubmed/19250848
https://doi.org/10.1038/leu.2012.3
http://www.ncbi.nlm.nih.gov/pubmed/22222599
https://doi.org/10.1371/journal.pone.0236148

PLOS ONE

ME/CFS plasma proteomic profiling reveals immune dysregulation

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Gachard N, Parrens M, Soubeyran |, Petit B, Marfak A, Rizzo D, et al. IGHV gene features and MYD88
L265P mutation separate the three marginal zone lymphoma entities and Waldenstrém macroglobuline-
mia/lymphoplasmacytic ymphomas. Leukemia. 2013; 27: 183—189. https://doi.org/10.1038/leu.2012.
257 PMID: 22944768

Berget E, Molven A, Lekeland T, Helgeland L, Vintermyr OK. IGHV gene usage and mutational status
in follicular ymphoma: Correlations with prognosis and patient age. Leuk Res. 2015; 39: 702—708.
https://doi.org/10.1016/j.leukres.2015.03.003 PMID: 25900812

Garcia-Alvarez M, Alonso-Alvarez S, Prieto-Conde |, Jiménez C, Sarasquete ME, Chillén MC, et al.
Immunoglobulin gene rearrangement IGHV3-48 is a predictive marker of histological transformation
into aggressive lymphoma in follicular lymphomas. Blood Cancer J. 2019; 9: 52-52. https://doi.org/10.
1038/s41408-019-0213-9 PMID: 31209206

Noy A, de Vos S, Thieblemont C, Martin P, Flowers CR, Morschhauser F, et al. Targeting Bruton tyro-
sine kinase with ibrutinib in relapsed/refractory marginal zone lymphoma. Blood. 2017; 129: 2224—
2232. https://doi.org/10.1182/blood-2016-10-747345 PMID: 28167659

Niemann CU, Wiestner A. B-cell receptor signaling as a driver of lymphoma development and evolution.
Semin Cancer Biol. 2013; 23: 410-421. https://doi.org/10.1016/j.semcancer.2013.09.001 PMID:
24060900

Allain J-S, Thonier F, Pihan M, Boulland M-L, de Guibert S, Launay V, et al. IGHV segment utilization in
immunoglobulin gene rearrangement differentiates patients with anti-myelin-associated glycoprotein
neuropathy from others immunoglobulin M-gammopathies. Haematologica. 2018; 103: e207—e210.
https://doi.org/10.3324/haematol.2017.177444 PMID: 29371323

Grunenberg A, Buske C. Monoclonal IgM Gammopathy and Waldenstrom’s Macroglobulinemia. Dtsch
Arztebl Int. 2017; 114: 745-751. https://doi.org/10.3238/arztebl.2017.0745 PMID: 29169431

Chang CM, Warren JL, Engels EA. Chronic fatigue syndrome and subsequent risk of cancer among
elderly US adults. Cancer. 2012; 118: 5929-5936. https://doi.org/10.1002/cncr.27612 PMID: 22648858

Adamson PJ, Al Kindi MA, Wang JJ, Colella AD, Chataway TK, Petrovsky N, et al. Proteomic analysis
of influenza haemagglutinin-specific antibodies following vaccination reveals convergent immunoglobu-
lin variable region signatures. Vaccine. 2017; 35: 5576-5580. https://doi.org/10.1016/j.vaccine.2017.
08.053 PMID: 28888340

McLean GR, Olsen OA, Watt IN, Rathanaswami P, Leslie KB, Babcook JS, et al. Recognition of human
cytomegalovirus by human primary immunoglobulins identifies an innate foundation to an adaptive
immune response. J Immunol Baltim Md 1950. 2005; 174: 4768—4778. https://doi.org/10.4049/
jimmunol.174.8.4768 PMID: 15814702

McLean GR, Cho C, Schrader JW. Autoreactivity of primary human immunoglobulins ancestral to
hypermutated human antibodies that neutralize HCMV. Mol Immunol. 2006; 43: 2012—2022. https://doi.
org/10.1016/j.molimm.2005.11.016 PMID: 16423397

Thomson CA, Bryson S, McLean GR, Creagh AL, Pai EF, Schrader JW. Germline V-genes sculpt the
binding site of a family of antibodies neutralizing human cytomegalovirus. EMBO J. 2008; 27: 2592—
2602. https://doi.org/10.1038/emboj.2008.179 PMID: 18772881

Thomson CA, Little KQ, Reason DC, Schrader JW. Somatic diversity in CDR3 loops allows single V-
genes to encode innate immunological memories for multiple pathogens. J Immunol Baltim Md 1950.
2011; 186: 2291-2298. https://doi.org/10.4049/jimmunol.0904092 PMID: 21228346

Bryson S, Thomson CA, Risnes LF, Dasgupta S, Smith K, Schrader JW, et al. Structures of Preferred
Human IgV Genes—Based Protective Antibodies Identify How Conserved Residues Contact Diverse
Antigens and Assign Source of Specificity to CDR3 Loop Variation. J Immunol. 2016; 196: 4723—-4730.
https://doi.org/10.4049/jimmunol.1402890 PMID: 27183571

Janda A, Bowen A, Greenspan NS, Casadevall A. Ig Constant Region Effects on Variable Region Struc-
ture and Function. Front Microbiol. 2016; 7. https://doi.org/10.3389/fmicb.2016.00022 PMID: 26870003

Klimas NG, Salvato FR, Morgan R, Fletcher MA. Immunologic abnormalities in chronic fatigue syn-
drome. J Clin Microbiol. 1990; 28: 1403—-1410. PMID: 2166084

Bradley AS, Ford B, Bansal AS. Altered functional B cell subset populations in patients with chronic
fatigue syndrome compared to healthy controls. Clin Exp Immunol. 2013; 172: 73-80. https://doi.org/
10.1111/cei. 12043 PMID: 23480187

Brenu EW, Huth TK, Hardcastle SL, Fuller K, Kaur M, Johnston S, et al. Role of adaptive and innate
immune cells in chronic fatigue syndrome/myalgic encephalomyelitis. Int Immunol. 2014; 26: 233-242.
https://doi.org/10.1093/intimm/dxt068 PMID: 24343819

Guenther S, Loebel M, Mooslechner AA, Knops M, Hanitsch LG, Grabowski P, et al. Frequent IgG sub-
class and mannose binding lectin deficiency in patients with chronic fatigue syndrome. Hum Immunol.
2015; 76: 729-735. https://doi.org/10.1016/j.humimm.2015.09.028 PMID: 26429318

PLOS ONE | https://doi.org/10.1371/journal.pone.0236148  July 21, 2020 18/20


https://doi.org/10.1038/leu.2012.257
https://doi.org/10.1038/leu.2012.257
http://www.ncbi.nlm.nih.gov/pubmed/22944768
https://doi.org/10.1016/j.leukres.2015.03.003
http://www.ncbi.nlm.nih.gov/pubmed/25900812
https://doi.org/10.1038/s41408-019-0213-9
https://doi.org/10.1038/s41408-019-0213-9
http://www.ncbi.nlm.nih.gov/pubmed/31209206
https://doi.org/10.1182/blood-2016-10-747345
http://www.ncbi.nlm.nih.gov/pubmed/28167659
https://doi.org/10.1016/j.semcancer.2013.09.001
http://www.ncbi.nlm.nih.gov/pubmed/24060900
https://doi.org/10.3324/haematol.2017.177444
http://www.ncbi.nlm.nih.gov/pubmed/29371323
https://doi.org/10.3238/arztebl.2017.0745
http://www.ncbi.nlm.nih.gov/pubmed/29169431
https://doi.org/10.1002/cncr.27612
http://www.ncbi.nlm.nih.gov/pubmed/22648858
https://doi.org/10.1016/j.vaccine.2017.08.053
https://doi.org/10.1016/j.vaccine.2017.08.053
http://www.ncbi.nlm.nih.gov/pubmed/28888340
https://doi.org/10.4049/jimmunol.174.8.4768
https://doi.org/10.4049/jimmunol.174.8.4768
http://www.ncbi.nlm.nih.gov/pubmed/15814702
https://doi.org/10.1016/j.molimm.2005.11.016
https://doi.org/10.1016/j.molimm.2005.11.016
http://www.ncbi.nlm.nih.gov/pubmed/16423397
https://doi.org/10.1038/emboj.2008.179
http://www.ncbi.nlm.nih.gov/pubmed/18772881
https://doi.org/10.4049/jimmunol.0904092
http://www.ncbi.nlm.nih.gov/pubmed/21228346
https://doi.org/10.4049/jimmunol.1402890
http://www.ncbi.nlm.nih.gov/pubmed/27183571
https://doi.org/10.3389/fmicb.2016.00022
http://www.ncbi.nlm.nih.gov/pubmed/26870003
http://www.ncbi.nlm.nih.gov/pubmed/2166084
https://doi.org/10.1111/cei.12043
https://doi.org/10.1111/cei.12043
http://www.ncbi.nlm.nih.gov/pubmed/23480187
https://doi.org/10.1093/intimm/dxt068
http://www.ncbi.nlm.nih.gov/pubmed/24343819
https://doi.org/10.1016/j.humimm.2015.09.028
http://www.ncbi.nlm.nih.gov/pubmed/26429318
https://doi.org/10.1371/journal.pone.0236148

PLOS ONE

ME/CFS plasma proteomic profiling reveals immune dysregulation

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

Xhindoli D, Pacor S, Benincasa M, Scocchi M, Gennaro R, Tossi A. The human cathelicidin LL-37—A
pore-forming antibacterial peptide and host-cell modulator. Biochim Biophys Acta BBA—Biomembr.
2016; 1858: 546-566. https://doi.org/10.1016/j.bbamem.2015.11.003 PMID: 26556394

Majewski K, Koztowska E, Zelechowska P, Brzezinska-Bfaszczyk E. Serum concentrations of antimi-
crobial peptide cathelicidin LL-37 in patients with bacterial lung infections. Cent-Eur J Immunol. 2018;
43: 453-457. https://doi.org/10.5114/ceji.2018.81355 PMID: 30799994

Mansbach JM, Hasegawa K, Ajami NJ, Petrosino JF, Piedra PA, Tierney CN, et al. Serum LL-37 Levels
Associated With Severity of Bronchiolitis and Viral Etiology. Clin Infect Dis Off Publ Infect Dis Soc Am.
2017; 65: 967-975. https://doi.org/10.1093/cid/cix483 PMID: 28541502

Kahlenberg JM, Kaplan MJ. Little peptide, big effects: the role of LL-37 in inflammation and autoimmune
disease. J Immunol Baltim Md 1950. 2013; 191. https://doi.org/10.4049/jimmunol. 1302005 PMID:
24185823

Kochi 'Y, Myouzen K, Yamada R, Suzuki A, Kurosaki T, Nakamura Y, et al. FCRL3, an Autoimmune
Susceptibility Gene, Has Inhibitory Potential on B-Cell Receptor-Mediated Signaling. J Immunol. 2009;
183: 5502-5510. https://doi.org/10.4049/jimmunol.0901982 PMID: 19843936

Li FJ, Schreeder DM, Li R, Wu J, Davis RS. FCRL3 promotes TLR9-induced B-cell activation and sup-
presses plasma cell differentiation. Eur J Immunol. 2013; 43: 2980-2992. https://doi.org/10.1002/eji.
201243068 PMID: 23857366

iTRAQ-based proteomic identification of leucine-rich a-2 glycoprotein as a novel inflammatory bio-
marker in autoimmune diseases | Annals of the Rheumatic Diseases. [cited 12 Nov 2019]. Available:
https://ard.bmj.com/content/69/4/770.long

Miyajima M, Nakajima M, Motoi Y, Moriya M, Sugano H, Ogino I, et al. Leucine-Rich a2-Glycoprotein Is
a Novel Biomarker of Neurodegenerative Disease in Human Cerebrospinal Fluid and Causes Neurode-
generation in Mouse Cerebral Cortex. PLoS ONE. 2013; 8. https://doi.org/10.1371/journal.pone.
0074453 PMID: 24058569

O’Donnell LC, Druhan LJ, Avalos BR. Molecular characterization and expression analysis of leucine-
rich a2-glycoprotein, a novel marker of granulocytic differentiation. J Leukoc Biol. 2002; 72: 478—485.
https://doi.org/10.1189/jlb.72.3.478 PMID: 12223515

Druhan LJ, Lance A, Li S, Price AE, Emerson JT, Baxter SA, et al. Leucine Rich a-2 Glycoprotein: A
Novel Neutrophil Granule Protein and Modulator of Myelopoiesis. PLoS ONE. 2017; 12. https://doi.org/
10.1371/journal.pone.0170261 PMID: 28081565

Kennedy G, Spence V, Underwood C, Belch JJF. Increased neutrophil apoptosis in chronic fatigue syn-
drome. J Clin Pathol. 2004; 57: 891-8983. https://doi.org/10.1136/jcp.2003.015511 PMID: 15280416

Brenu EW, Staines DR, Baskurt OK, Ashton KJ, Ramos SB, Christy RM, et al. Inmune and hemorheo-
logical changes in Chronic Fatigue Syndrome. J Transl Med. 2010; 8: 1. https://doi.org/10.1186/1479-
5876-8-1 PMID: 20064266

Piktel E, Levental I, Durnas B, Janmey PA, Bucki R. Plasma Gelsolin: Indicator of Inflammation and Its
Potential as a Diagnostic Tool and Therapeutic Target. Int J Mol Sci. 2018; 19. https://doi.org/10.3390/
ijms19092516 PMID: 30149613

Ito H, Kambe H, Kimura Y, Nakamura H, Hayashi E, Kishimoto T, et al. Depression of plasma gelsolin
level during acute liver injury. Gastroenterology. 1992; 102: 1686—1692. https://doi.org/10.1016/0016-
5085(92)91731-i PMID: 1314752

Wang H, Cheng B, Chen Q, Wu S, Lv C, Xie G, et al. Time course of plasma gelsolin concentrations
during severe sepsis in critically ill surgical patients. Crit Care. 2008; 12: R106. https://doi.org/10.1186/
cc6988 PMID: 18706105

Osborn TM, Verdrengh M, Stossel TP, Tarkowski A, Bokarewa M. Decreased levels of the gelsolin
plasma isoform in patients with rheumatoid arthritis. Arthritis Res Ther. 2008; 10: R117. https://doi.org/
10.1186/ar2520 PMID: 18822171

Frost RA, Lang CH. Growth factors in critical iliness: regulation and therapeutic aspects. Curr Opin Clin
Nutr Metab Care. 1998; 1: 195. https://doi.org/10.1097/00075197-199803000-00010 PMID: 10565348

Maggio M, De Vita F, Lauretani F, Butto V, Bondi G, Cattabiani C, et al. IGF-1, the Cross Road of the
Nutritional, Inflammatory and Hormonal Pathways to Frailty. Nutrients. 2013; 5: 4184—4205. https://doi.
org/10.3390/nu5104184 PMID: 24152751

Allain TJ, Beam JA, Coskeran P, Jones J, Checkley A, Butler J, et al. Changes in growth hormone, insu-
lin, insulinlike growth factors (IGFs), and IGF-binding protein-1 in chronic fatigue syndrome. Biol Psychi-
atry. 1997; 41: 567-573. https://doi.org/10.1016/s0006-3223(96)00074-1 PMID: 9046989

Maes M, Mihaylova I, De Ruyter M. Decreased dehydroepiandrosterone sulfate but normal insulin-like
growth factor in chronic fatigue syndrome (CFS): relevance for the inflammatory response in CFS.
Neuro Endocrinol Lett. 2005; 26: 487—492. PMID: 16264414

PLOS ONE | https://doi.org/10.1371/journal.pone.0236148  July 21, 2020 19/20


https://doi.org/10.1016/j.bbamem.2015.11.003
http://www.ncbi.nlm.nih.gov/pubmed/26556394
https://doi.org/10.5114/ceji.2018.81355
http://www.ncbi.nlm.nih.gov/pubmed/30799994
https://doi.org/10.1093/cid/cix483
http://www.ncbi.nlm.nih.gov/pubmed/28541502
https://doi.org/10.4049/jimmunol.1302005
http://www.ncbi.nlm.nih.gov/pubmed/24185823
https://doi.org/10.4049/jimmunol.0901982
http://www.ncbi.nlm.nih.gov/pubmed/19843936
https://doi.org/10.1002/eji.201243068
https://doi.org/10.1002/eji.201243068
http://www.ncbi.nlm.nih.gov/pubmed/23857366
https://ard.bmj.com/content/69/4/770.long
https://doi.org/10.1371/journal.pone.0074453
https://doi.org/10.1371/journal.pone.0074453
http://www.ncbi.nlm.nih.gov/pubmed/24058569
https://doi.org/10.1189/jlb.72.3.478
http://www.ncbi.nlm.nih.gov/pubmed/12223515
https://doi.org/10.1371/journal.pone.0170261
https://doi.org/10.1371/journal.pone.0170261
http://www.ncbi.nlm.nih.gov/pubmed/28081565
https://doi.org/10.1136/jcp.2003.015511
http://www.ncbi.nlm.nih.gov/pubmed/15280416
https://doi.org/10.1186/1479-5876-8-1
https://doi.org/10.1186/1479-5876-8-1
http://www.ncbi.nlm.nih.gov/pubmed/20064266
https://doi.org/10.3390/ijms19092516
https://doi.org/10.3390/ijms19092516
http://www.ncbi.nlm.nih.gov/pubmed/30149613
https://doi.org/10.1016/0016-5085(92)91731-i
https://doi.org/10.1016/0016-5085(92)91731-i
http://www.ncbi.nlm.nih.gov/pubmed/1314752
https://doi.org/10.1186/cc6988
https://doi.org/10.1186/cc6988
http://www.ncbi.nlm.nih.gov/pubmed/18706105
https://doi.org/10.1186/ar2520
https://doi.org/10.1186/ar2520
http://www.ncbi.nlm.nih.gov/pubmed/18822171
https://doi.org/10.1097/00075197-199803000-00010
http://www.ncbi.nlm.nih.gov/pubmed/10565348
https://doi.org/10.3390/nu5104184
https://doi.org/10.3390/nu5104184
http://www.ncbi.nlm.nih.gov/pubmed/24152751
https://doi.org/10.1016/s0006-3223(96)00074-1
http://www.ncbi.nlm.nih.gov/pubmed/9046989
http://www.ncbi.nlm.nih.gov/pubmed/16264414
https://doi.org/10.1371/journal.pone.0236148

PLOS ONE

ME/CFS plasma proteomic profiling reveals immune dysregulation

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

The GKH, Bleijenberg G, Meer JWM van der. The Effect of Acclydine in Chronic Fatigue Syndrome: A
Randomized Controlled Trial. PLOS Clin Trials. 2007; 2: e19. https://doi.org/10.1371/journal.pctr.
0020019 PMID: 17525791

Steck E, Braun J, Pelttari K, Kadel S, Kalbacher H, Richter W. Chondrocyte secreted CRTAC1: A glyco-
sylated extracellular matrix molecule of human articular cartilage. Matrix Biol. 2007; 26: 30—41. https://
doi.org/10.1016/j.matbio.2006.09.006 PMID: 17074475

Colman RW, Schmaier AH. Contact system: a vascular biology modulator with anticoagulant, profibri-
nolytic, antiadhesive, and proinflammatory attributes. Blood. 1997; 90: 3819-3843. https://doi.org/10.
1182/blood.v90.10.3819 PMID: 9354649

Oehmcke S, Herwald H. Contact system activation in severe infectious diseases. J Mol Med. 2010; 88:
121-126. https://doi.org/10.1007/s00109-009-0564-y PMID: 20232512

Ramirez-Tejero JA, Martinez-Lara E, Rus A, Camacho MV, Del Moral ML, Siles E. Insight into the bio-
logical pathways underlying fibromyalgia by a proteomic approach. J Proteomics. 2018; 186: 47-55.
https://doi.org/10.1016/j.jprot.2018.07.009 PMID: 30030163

Wahlén K, Ghafouri B, Ghafouri N, Gerdle B. Plasma Protein Pattern Correlates With Pain Intensity and
Psychological Distress in Women With Chronic Widespread Pain. Front Psychol. 2018; 9. https://doi.
org/10.3389/fpsyg.2018.02400 PMID: 30555396

Draganov DI, Stetson PL, Watson CE, Billecke SS, Du BNL. Rabbit Serum Paraoxonase 3 (PON3) Is a
High Density Lipoprotein-associated Lactonase and Protects Low Density Lipoprotein against Oxida-
tion. J Biol Chem. 2000; 275: 33435-33442. https://doi.org/10.1074/jbc.M004543200 PMID: 10931838

Reddy Srinivasa T., Wadleigh David J., Grijalva Victor, Ng Carey, Hama Susan, Gangopadhyay Aditya,
et al. Human Paraoxonase-3 Is an HDL-Associated Enzyme With Biological Activity Similar to Paraoxo-
nase-1 Protein but Is Not Regulated by Oxidized Lipids. Arterioscler Thromb Vasc Biol. 2001; 21: 542—
547. https://doi.org/10.1161/01.atv.21.4.542 PMID: 11304470

Memon Riaz A., Staprans llona, Noor Mustafa, Holleran Walter M, Uchida Yoshikazu, Moser Arthur H.,
et al. Infection and Inflammation Induce LDL Oxidation In Vivo. Arterioscler Thromb Vasc Biol. 2000;
20: 1536—1542. https://doi.org/10.1161/01.atv.20.6.1536 PMID: 10845869

Kennedy G, Spence VA, McLaren M, Hill A, Underwood C, Belch JJF. Oxidative stress levels are raised
in chronic fatigue syndrome and are associated with clinical symptoms. Free Radic Biol Med. 2005; 39:
584-589. https://doi.org/10.1016/j.freeradbiomed.2005.04.020 PMID: 16085177

Tomic S, Brkic S, Maric D, Mikic AN. Lipid and protein oxidation in female patients with chronic fatigue
syndrome. Arch Med Sci AMS. 2012; 8: 886—891. https://doi.org/10.5114/aoms.2012.31620 PMID:
23185200

Licastro F, Parnetti L, Morini MC, Davis LJ, Cucinotta D, Gaiti A, et al. Acute phase reactant alpha 1-
antichymotrypsin is increased in cerebrospinal fluid and serum of patients with probable Alzheimer dis-
ease. Alzheimer Dis Assoc Disord. 1995; 9: 112—118. https://doi.org/10.1097/00002093-199509020-
00009 PMID: 7662323

Wiedow O, Meyer-Hoffert U. Neutrophil serine proteases: potential key regulators of cell signalling dur-
ing inflammation. J Intern Med. 2005; 257: 319-328. https://doi.org/10.1111/].1365-2796.2005.01476.x
PMID: 15788001

Schauber J, Rieger D, Weiler F, Wehkamp J, Eck M, Fellermann K, et al. Heterogeneous expression of
human cathelicidin hCAP18/LL-37 in inflammatory bowel diseases. Eur J Gastroenterol Hepatol. 2006;
18: 615-621. https://doi.org/10.1097/00042737-200606000-00007 PMID: 16702850

Kusaka S, Nishida A, Takahashi K, Bamba S, Yasui H, Kawahara M, et al. Expression of human catheli-
cidin peptide LL-37 in inflammatory bowel disease. Clin Exp Immunol. 2018; 191: 96—106. https://doi.
org/10.1111/cei. 13047 PMID: 28872665

The Role of the Polymeric Immunoglobulin Receptor and Secretory Immunoglobulins during Mucosal
Infection and Immunity. [cited 12 Nov 2019]. Available: https://www.ncbi.nlm.nih.gov/pmc/articles/
PMC5977230/

Giloteaux L, Goodrich JK, Walters WA, Levine SM, Ley RE, Hanson MR. Reduced diversity and altered
composition of the gut microbiome in individuals with myalgic encephalomyelitis/chronic fatigue syn-
drome. Microbiome. 2016; 4: 30. https://doi.org/10.1186/s40168-016-0171-4 PMID: 27338587

Vizcaino JA, C6té RG, Csordas A, Dianes JA, Fabregat A, Foster JM, et al. The Proteomics Identifica-
tions (PRIDE) database and associated tools: status in 2013. Nucleic Acids Res. 2013; 41: D1063—
D1069. https://doi.org/10.1093/nar/gks 1262 PMID: 23203882

PLOS ONE | https://doi.org/10.1371/journal.pone.0236148  July 21, 2020 20/20


https://doi.org/10.1371/journal.pctr.0020019
https://doi.org/10.1371/journal.pctr.0020019
http://www.ncbi.nlm.nih.gov/pubmed/17525791
https://doi.org/10.1016/j.matbio.2006.09.006
https://doi.org/10.1016/j.matbio.2006.09.006
http://www.ncbi.nlm.nih.gov/pubmed/17074475
https://doi.org/10.1182/blood.v90.10.3819
https://doi.org/10.1182/blood.v90.10.3819
http://www.ncbi.nlm.nih.gov/pubmed/9354649
https://doi.org/10.1007/s00109-009-0564-y
http://www.ncbi.nlm.nih.gov/pubmed/20232512
https://doi.org/10.1016/j.jprot.2018.07.009
http://www.ncbi.nlm.nih.gov/pubmed/30030163
https://doi.org/10.3389/fpsyg.2018.02400
https://doi.org/10.3389/fpsyg.2018.02400
http://www.ncbi.nlm.nih.gov/pubmed/30555396
https://doi.org/10.1074/jbc.M004543200
http://www.ncbi.nlm.nih.gov/pubmed/10931838
https://doi.org/10.1161/01.atv.21.4.542
http://www.ncbi.nlm.nih.gov/pubmed/11304470
https://doi.org/10.1161/01.atv.20.6.1536
http://www.ncbi.nlm.nih.gov/pubmed/10845869
https://doi.org/10.1016/j.freeradbiomed.2005.04.020
http://www.ncbi.nlm.nih.gov/pubmed/16085177
https://doi.org/10.5114/aoms.2012.31620
http://www.ncbi.nlm.nih.gov/pubmed/23185200
https://doi.org/10.1097/00002093-199509020-00009
https://doi.org/10.1097/00002093-199509020-00009
http://www.ncbi.nlm.nih.gov/pubmed/7662323
https://doi.org/10.1111/j.1365-2796.2005.01476.x
http://www.ncbi.nlm.nih.gov/pubmed/15788001
https://doi.org/10.1097/00042737-200606000-00007
http://www.ncbi.nlm.nih.gov/pubmed/16702850
https://doi.org/10.1111/cei.13047
https://doi.org/10.1111/cei.13047
http://www.ncbi.nlm.nih.gov/pubmed/28872665
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5977230/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5977230/
https://doi.org/10.1186/s40168-016-0171-4
http://www.ncbi.nlm.nih.gov/pubmed/27338587
https://doi.org/10.1093/nar/gks1262
http://www.ncbi.nlm.nih.gov/pubmed/23203882
https://doi.org/10.1371/journal.pone.0236148

