
Frontiers in Immunology

OPEN ACCESS

EDITED BY

Camila Malta Romano,
University of São Paulo, Brazil

REVIEWED BY

Pawel Zalewski,
Nicolaus Copernicus University in Toruń,
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Exploring the joint potential of
inflammation, immunity, and
receptor-based biomarkers for
evaluating ME/CFS progression
Uldis Berkis1*, Simons Svirskis2, Angelika Krumina3,
Sabine Gravelsina2, Anda Vilmane2, Diana Araja2,
Zaiga Nora-Krukle2 and Modra Murovska2

1Development and Project Department, Riga Stradins University, Riga, Latvia, 2Institute of
Microbiology and Virology, Riga Stradins University, Riga, Latvia, 3Department of Infectology,
Riga Stradins University, Riga, Latvia
Background:Myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS)

is a debilitating chronic condition with no identified diagnostic biomarkers to

date. Its prevalence is as high as 0.89% according to metastudies, with a

quarter of patients bed- or home-bound, which presents a serious public

health challenge. Investigations into the inflammation–immunity axis is

encouraged by links to outbreaks and disease waves. Recently, the

research of our group revealed that antibodies to beta2-adrenergic (anti-

b2AdR) and muscarinic acetylcholine (anti-M4) receptors demonstrate

sensitivity to the progression of ME/CFS. The purpose of this study is to

investigate the joint potential of inflammatome—characterized by interferon

(IFN)-g, tumor necrosis factor (TNF)-a, interleukin (IL)-2, IL-21, Il-23, IL-6, IL-

17A, Activin-B, immunome (IgG1, IgG2, IgG3, IgG4, IgM, and IgA), and

receptor-based biomarkers (anti-M3, anti-M4, and anti-b2AdR)—for

evaluating ME/CFS progression, and to identify an optimal selection for

future validation in prospective clinical studies.

Methods: A dataset was used originating from 188 individuals, namely, 54

healthy controls, 30 patients with a “mild” condition, 73 patients with a

“moderate” condition, and 31 patients with a “severe” condition, clinically

assessed by Fukuda/CDC 1994 and international consensus criteria.

Inflammatome, immunome, and receptor-based biomarkers were

determined in blood plasma via ELISA and multiplex methods. Statistical

analysis was done via correlation analysis, principal component analysis,

linear discriminant analysis, and random forest classification; inter-group

differences were tested via nonparametric Kruskal–Wallis H test followed by

the two-stage linear step-up procedure of Benjamini, Krieger, and Yekutieli,

and via Mann–Whitney U test.

Results: The association between inflammatome and immunome markers is

broader and stronger (coupling) in the severe group. Principal component

factoring separates components associated with inflammatome,

immunome, and receptor biomarkers. Random forest modeling

demonstrates an excellent accuracy of over 90% for splitting healthy/with
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Abbreviations: AI, artificial intelligence; anti-b2AdR, auto

adrenergic receptor; anti-M3 and anti-M4, autoantibodi

acetylcholine receptors (M3 AChR and M4 AChR); CK, cre

control group; HC, healthy controls; IFN-g, interferon gamma

2; IL-6, interleukin-6; IL-17A, interleukin 17A; IL-21, inte

interleukin-23; IgG, immunoglobulin G; IgG1, immunoglob

IgG2, immunoglobulin G subclass 2; IgG3, immunoglobulin G

immunoglobulin G subclass 4; IgA, immunoglobulin A; IgM

M; KW, Kruskal–Wallis test for intergroup differences; ML,

pKW, p-value of Kruskal–Wallis H test; pMW, p-value of Man

TNF-a, tumor necrosis factor alpha.
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condition groups, and 45% for splitting healthy/severity groups. Classifiers

with the highest potential are anti-b2AdR, anti-M4, IgG4, IL-2, and IL-6.

Discussion: The association between inflammatome and immunome

markers is a candidate for controlled clinical study of ME/CFS progression

markers that could be used for treatment individualization. Thus, the

coupling effects between inflammation and immunity are potentially

beneficial for the identification of prognostic factors in the context of ME/

CFS progression mechanism studies.
KEYWORDS

Myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS), immunome,
inflammatome, artificial intelligence (AI) supported diagnosis, prognostic and
therapy assessment biomarkers
1 Introduction

Myalgic encephalomyelitis/chronic fatigue syndrome (ME/

CFS) is a debilitating chronic condition for which no diagnostic

biomarkers have been identified so far. Its prevalence is at least 0.1%

of the population (1), with metastudies reporting values as high as

0.89% (2). In addition, a quarter of patients are bed- or home-

bound (3), which highlights the strong need for diagnostic tools as

well as biomarkers for the progression and assessment of therapy

success. Serum biomarkers are generally used for evaluating disease

progression and therapy outcomes; however, validated biomarkers

specific to ME/CFS are currently lacking. Recently, several articles

have scrutinized broad panels of serum biomarkers in ME/CFS, and

with the improved availability of multiplex techniques,

simultaneous determination of a wide range of biomarkers from

the inflammation–immunity axis has become possible. As a result,

clinical practice has now easier access to multimarker panels (4–7),

with an emphasis toward inflammatome-, immunome-, or

metabolome-associated signatures. The inflammatome–

immunome aspect in ME/CFS has been reviewed in (8). In

practice, biomarker panels will require large cohorts to detect and

validate the ME/CFS-specific domain in the multidimensional

vector space for direct application of the test values; therefore,
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aggregate evaluations can be preferable, at least, from a

practicability viewpoint. Since one of the ME/CFS traits is that

individual inflammation–immunity biomarker values remain

within the normal range, a difference from healthy controls in the

multidimensional space will not necessarily be of sufficient decisive

power. Our study addresses this challenge by proposing an

aggregate type of biomarker analysis.

Recently, several serum biomarkers have been proposed as

sensitive indicators for the severity of the condition: Activin-B

(9), creatine kinase (CK), and creatinine (5, 10), as well as anti-

b2AdR and anti-M4 (11). Lower CK levels, which suggest muscular

underuse, have been observed in the severe condition group (10)

where prolonged physical inactivity correlates with symptom

severity. In turn, CK levels could be a correlate of physical

inactivity. It should be noted, however, that the interpretation of

lower serum levels of intracellular enzymes will require complex

homeostatic models, which are not yet available. Even though there

is increased interest in the homeostatic mechanisms underlying the

ME/CFS condition (12, 13), the explanatory models are not yet

equipped with behavioral variables like physical activity and

physiological determinants such as the motion range in an

ambient setup. It must be noted that earlier reports on similar

postviral fatigue syndrome have found elevated CK levels (14);

therefore, precision-medicine-based ME/CFS cohort studies will be

necessary to establish the diagnostic toolkit of reduced CK levels.

While these serum biomarkers can be useful for therapy assessment,

there is also an interest in biomarker-based assessments that are not

solely reliant on the lower bound of intracellular enzymes, which

can be challenging to establish.

Therefore, a different type of multimarker panel, where the link

to a particular symptom—as the case of reduced muscle use and CK

decrease—is not necessarily direct, is highly relevant. Combined

criteria applicable even when individual serum biomarkers are in

the normal range are essential, and for use in clinical practice, they

must be integrated into an artificial intelligence (AI)-based decision
frontiersin.org
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support system. In particular, biomarkers for the management of

mild and severe condition remain an unmet need; otherwise, panels

sensitive only to the entry into the severe condition would be used

for detection in the healthcare system. Diverse types of biomarker-

based assessments would be preferred for combination in AI

systems, with a data fusion perspective between different types

and modalities of clinical and healthcare data having the purpose of

severity classification.

The broader availability of multiplex methods allows a rapid

determination of multimarker panel values. However, these

methods also have limitations: enveloping the subsets of patients

with different degrees of ME/CFS severity in the multidimensional

vector space will require large cohorts for validation. Therefore,

aggregate indicators or AI-based algorithms would be preferred for

ME/CFS multimarker validation and implementation. AI is an

important enabler for healthcare practitioners, to use diagnostic

algorithms of high complexity.

Studies focusing on ME/CFS natural history and addressing the

transition from different severity states to recovery are rare. One

study on the subject (15) analyzes its theoretical aspect, whereas

others (16–18) address the question of reversibility and recovery.

Studies show that the basal recovery rate in ME/CFS is rather low

(19). In this context, our approach allows discussing the condition

reversibility based on biomarker panel use, thus complementing the

symptom-based reversibility measurements. There have been

several clinical trials for ME/CFS with various success rates (20),

with some falling into the domain of the inflammation–immunity

approach. Remarkably, very few studies address the dynamic

observation of patients with ME/CFS, with information on

biomarker levels obtained at fixed intervals. Therefore,

conclusions from population-based studies with determination of

different stages of ME/CFS are currently projected to the potential

clinical course of a ME/CFS patient. Remarkably, patients with a

substantial improvement in their status are prone to lose contact

with the healthcare system, which does not fully address their

expectations (21), thus becoming less available for studies.

Studies on outbreaks (22) and infection waves constitute a

strong opportunity for hints concerning external causative factors.

In contrast, in the absence of mechanistic models and consent

biomarkers, statistical interpretation remains largely intuitive. For

example, regarding the COVID-19 pandemic as a trigger for ME/

CFS, while the overall picture remains blurred (23), studies observe

the interrelation between long-COVID and ME/CFS (24) on

macroscopic symptoms as well on a biomarker level. ME/CFS is

gaining additional interest following the outcomes of the COVID-

19 pandemic, emergence of long-COVID, and the overall increase

in the chronic disease burden (25).

While there have been more extensive findings for biomarkers

for the severe condition group [(5) mentions CK, creatinine], the

lack of biomarker signature for moderate and mild conditions limits

the application of therapeutic approaches before the onset of the

severe stage. Novel research on cell-based biomarkers has the

potential to detect earlier stages of ME/CFS (26); however,

methods involving high specificity also imply complex technical

solutions (27) and are not yet implemented in clinical practice.
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Biosensors have the potential for clinical validation and monitoring

in ME/CFS.

Our study aims to investigate the potential of inflammatome—

characterized by interferon (IFN)-g, tumor necrosis factor (TNF)-a,
interleukin (IL)-2, IL-21, Il-23, IL-6, IL-17A, Activin-B, immunome

(IgG1, IgG2, IgG3, IgG4, IgM, and IgA), and highlighting

autoantibody type receptor-based biomarkers (anti-M3, anti-M4,

and anti-b2AdR)—for evaluating condition progression in patients

with ME/CFS and identifying the optimal selection to assess

prospective clinical tests for ME/CFS. Anti-M3, anti-M4, and anti-

b2AdR as receptor-based biomarkers are analyzed separately from

immunome as there is recently highlighted interest in their diagnostic

and explanatory role (11, 28).
2 Materials and methods

2.1 Patients

An observational study of a cross-section of ME/CFS severity

groups has been carried out between May 2020 and December 2022.

The Fukuda/CDC-1994/case definition criteria (29, 30) were used

to determine the initial clinical diagnosis with physicians’ clinical

evaluation of inclusionary symptoms and exclusionary illnesses in

accordance with the clinical protocol. Before inclusion in the study,

the diagnosis was verified according to the International Consensus

Criteria (31). The condition severity has been assessed by the visual

analog scale (VAS, ranging from 0 to 10) for pain, the Athens

Insomnia Scale (32), and an adapted semi-structured survey (33)

consisting of 27 questions structured in six sections: causes and

triggers of fatigue; character of fatigue; current symptoms;

comorbidities; solutions for fatigue; and its influence on work

disability and allowing multiple choice answers. Patients were

managed and health records were stored at the Rıḡa Stradiņs ̌
University (RSU) Ambulance outpatient clinic. Blood samples

were collected by a certified nurse. A total of 54 blood samples

from healthy donors from the Latvia State Blood Donor Center

were included in the study as a control group. The characteristics of

the study groups are described in Table 1.
2.2 Laboratory analysis

Plasma samples of patients and healthy controls were analyzed

for autoantibodies against muscarinic cholinergic receptors 3 (M3)

and 4 (M4) using ELISAs according to the manufacturer protocols

from CellTrend, GmbH (Luckenwalde, Germany). Samples from

patients with ME/CFS were analyzed for anti-b2AdR antibodies

using the validated human b2AdR surface quantitative ELISA kit

(BlueGene, Shanghai, China). Human plasma Activin-B

concentration was analyzed using the commercially available

ELISA kit (LifeSpan BioSciences, Seattle, WA, USA).

Detection of inflammatome members IL-2, IL-17, IL-6, IL-21,

IL-23, TNF-a, and IFN-g in plasma samples of patients with ME/

CFS and healthy controls was carried out with a Luminex 200
frontiersin.org
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instrument system using a commercially available kit (MILLIPLEX

MAP Human high sensitivity T cell panel-immunology multiplex

assay, Merck KGaA, Darmstadt, Germany) according to the

manufacturer’s protocol.

Detection of immunome members IgM, IgG1, IgG2, IgG3, IgG4,

and IgA in plasma samples of patients with ME/CFS and healthy

controls was carried out with Luminex 200 instrument system using a

commercially available kit (MILLIPLEX MAP Human

Immunoglobulin Isotyping Magnetic Bead Panel, Merck KGaA,

Darmstadt, Germany) according to the manufacturer’s protocol.
2.3 Statistics

Data analyses and graphs were performed with GraphPad

Prism 9.0 for MacOS software (GraphPad Software, San Diego,

CA, USA), JMP 16 (SAS, Cary, NC, USA), and JASP 0.18 (34).

Statistical significance was set at p < 0.05.

The issue of missing values in the analyzed dataset was

managed with JMP Pro 17.0 using multivariate Robust Principal

Component Analysis (RPCA) imputation algorithm, which

replaces missing values using a low-rank matrix factorization

with singular value decomposition (SVD) as a postcompression

procedure. Statistical modeling was performed using JMP, JASP,

and R. Principal component factoring was used to identify the

underlying structure of the data, with scree plot compared with

values from parallel analysis used for determination of the number

of components.

Normality of numerical data was determined using the

D’Agostino and Pearson and Shapiro–Wilk normality tests,

homogeneity of variances was checked by Brown–Forsythe and

Bartlett’s tests, and since a predominantly logarithmic distribution

of the data was observed, comparative concentrations of serum

biomarkers in healthy controls and patients with varying degrees

of ME/CFS severity were analyzed using the nonparametric

Mann–Whitney (MW) U-test or Kruskal–Wallis (KW) H-test
Frontiers in Immunology 04
with Benjamini, Krieger, and Yekutieli’s two-stage step-up

procedure as a post-hoc test. To characterize the magnitude of

differences found, the effect size of variable pairs was determined

using Cohen’s d for Student’s t-test and matched rank biserial

correlation for Wilcoxon signed-rank test (35).

In the case of the Gaussian distribution, a nomogram (36) was

used to calculate sample size and power for normally distributed

variables (36). The median with IQR was used to characterize the

central tendency and dispersion of the variables. The numbers

represent exact p-values and p-values <0.05 were assumed to

be significant.

The direction and strength of associations between studied

variables in healthy controls and patients with ME/CFS with

different condition severity were analyzed using Spearman’s r;
correlation network plots of associations between studied

variables in healthy controls and patients with ME/CFS with

different condition severity were also created. To compare the

proportions of respective cases in a categorical classification

between the groups, the Chi-square (c2) test was applied.
The random forest analysis for classification problems to

severity classes based on combined inflammatome–immunome

and for a separation of healthy controls from patients with ME/

CFS was performed, and a decision tree plot was created. Number

of trees was set at 5,000: using the test set allows avoiding the

overfitting problem; in addition, this allows a coherent

comparison with the outcomes in (28) for a similar composition

of variables assessed in both studies. Otherwise, we have used

default/internally optimized values via the calculation package.
2.4 Ethics approval

The study design was approved by the Ethical Committee

of Rıḡa Stradiņs ̌ University (code Nr.6-1/05/33; date of approval:

30 April 2020) and written consent was obtained from

all participants.
TABLE 1 Study group characteristics.

Healthy controls
(0)

Mild
(1)

Moderate
(2)

Severe
(3)

p-value

Number of cases 54 30 73 31

Sex
Female/Male 13/41 24/6 47/26 21/10 pc

2 < 0.001
0 vs. 1
0 vs. 2
0 vs. 3

Age
median (IQR) 26 (20–33) 55 (42–64) 50 (38–61) 39 (34–53) pKW < 0.001

0 vs. 1
0 vs. 2
0 vs. 3
p < 0.05
1 vs. 2
1 vs. 3
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3 Results

3.1 Differences between ME/CFS and
healthy controls

Among the candidate autoantibodies, anti-M4 showed significant

(pKW = 0.0043, H = 13.17) differences between the healthy controls

and patients with different severity degrees of ME/CFS [Healthy

controls (Ctrl) vs. Mild, p = 0.0081; Ctrl vs. Moderate, p = 0.0104; Ctrl

vs. Severe, p = 0.0072; Figure 1B]. However, the anti-M4 intragroup

median does not monotonically increase with increasing severity of

the disease. Compared to the control group, the increase in the level

of anti-b2AdR was also statistically significant, but more pronounced

(pKW < 0.0001, H = 74.69; Figure 1C) and for all intergroup

comparison with Ctrl p < 0.0001, that is in line with our earlier

research (11) and findings of other authors (28). Finally, anti-M3 did

not show differences between the groups (pKW = 0.5489, H =

2.12; Figure 1A).

Significant intergroup differences have also been observed for

IL-2 (pKW = 0.0005, H = 17.66), IL-21, (pKW = 0.0005, H = 17.56),

and IL-6 (pKW = 0.0026, H = 14.26) (Figure 4). For IL-17A (pKW =

0.0320,H = 8.81; Figure 4G) and Activin-B (pKW = 0.0151,H = 9.86;

Figure 4H), only some of the differences were significant (IL-17A,

Ctrl vs. Moderate, p = 0.0255; Activin B, Ctrl vs. Moderate, p =

0.0160, Ctrl vs. Severe, p = 0.0160).

Next, for the immune biomarkers we found that IgG4 levels

decrease with increasing severity — medians for Mild, Moderate,

and Severe groups were 10.24, 1.63, and 0.65 mg/ml respectively

(pKW = 0.0019, H = 14.90; Figure 2D). A less pronounced (pKW =

0.0152,H = 10.43) effect was observed in the case of IgA, and only in

the Severe group was the IgA median level significantly (p = 0.0184)

lower than Ctrl (1.55 vs. 4.02; Figure 2F). Our study revealed that

the level of IgM increased in comparison to control (5.1) toward the

mild (11.59) and moderate (5.86) stages but significantly fell sharply

(0.91) in the severe stage (pMW = 0.0283; Figure 2E). A similar effect

was observed in the case of IgG3 [Ctrl (6.15) vs. Severe (1.28),

pMW = 0.0319; Figure 2C] and IgG1 [Ctrl (19.33) vs. Severe (3.30),
Frontiers in Immunology 05
pMW = 0.0274; Figure 2A]. The respective median values of the IgG2

level in Ctrl, Mild, Moderate, and Severe groups were 0.84, 0.12,

0.40, and 1.44 mg/ml (Figure 2B).
3.2 Analysis of associations

According to the correlogram in Figure 3B, in the severe

condition group, a large cluster is established corresponding to

the coupled appearance of immunome- and inflammatome-related

biomarkers. A large number of links in Figure 3A corresponding to

mild condition reflects the initial state when the condition starts to

establish (triggering). However, two clusters are still recognized,

namely, healthy controls and the moderate state of the condition. In

the severe ME/CFS group, those subclusters fuse to form a large

cluster of positive-feedback biomarkers, and the interaction of

inflammatome with immunome is observed: a correlated fused

cluster of variables IFN-g, IL-17A, IL-2, IL-21, IL-23, TNF-a,
anti-M4, IgM, IgG1, IgG3, IgG4, and IgA. Remarkably, for

healthy controls, inflammatome and immunome demonstrate

well-separated clusters of correlation. Correlation analysis of

healthy controls vs. patients with ME/CFS (without extraction

of severity group) demonstrates the changes in the network of

significant associations (Figure 5). For healthy controls, the

associations are centered around immunome and inflammatome

with a limited number of interactions. In the ME/CFS group, there

is a dense network of crosstalk between the immunome and

inflammatome. Activin-B is not significantly linked to either

cluster in healthy controls, whereas significant links emerge for

the condition group. Thus, Activin-B could indicate involvement in

the triggering mechanism of ME/CFS.

Correlation networks more profoundly demonstrate the relative

separation of immunome and inflammatome for healthy controls

and earlier stages of ME/CFS and their coupling for the severe

condition group (Figure 6). Activin-B acts as a candidate for a

trigger-associated biomarker at the beginning of the condition, then
B CA

FIGURE 1

Comparative concentration of studied autoantibodies anti-M3, anti-M4, and anti-b2AdR (A–C) in healthy controls and patients with ME/CFS
depending on condition severity. Numbers represent exact p-values [Kruskal–Wallis (KW) with two-stage linear step-up procedure of Benjamini,
Krieger, and Yekutieli as post-hoc test]. KW value represents the overall test outcome, whereas the post-hoc intergroup comparisons are shown
above, with statistically significant differences represented in red.
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bridging immunome and inflammatome, and exiting the game for

the severe established condition.
3.3 Linear discriminant classification

Linear discriminant classification (37) was employed to assess

the separation between healthy controls and ME/CFS cases, as well

as among different severity groups (Figure 7). While the

discrimination between controls and cases was highly efficient,

the distinction of the different severity groups via the linear

method was not achieved, as shown by the two separated bubbles.

Therefore, additional methods will be employed in the data analysis

to better capture the structure of severity classes.
3.4 Principal component analysis

Exploratory principal component factoring was conducted to

identify the underlying structure of the biomarker data (Figure 8).
Frontiers in Immunology 06
Based on the scree plot and parallel analysis, a number of

components for further factor rotation have been selected (38)

On the scree plot, the eigenvalue where the line becomes horizontal

is the third one. The corresponding eigenvalue is also slightly over

the simulated eigenvalue from the parallel analysis (38, 39).

Principal component factoring over data containing all groups

rotated to separation between inflammatome, immunome, and

receptor biomarkers. The promax oblique method was used for

rotation, as oblique conformation was expected there, due to the

interdependence of inflammation and immunity-dependent

processes and resources. The first factor (RC1) was associated

with the inflammatome, the second factor (RC2) was associated

with the immunome (specifically Ig classes), and the third factor

was characterized by anti-M4 and anti-b2AdR biomarkers, which

have been previously shown to be significant in group distinctions.

Anti-M4 played a bridging role between the inflammatome and

immunome. The presence of negative IgG2 and IL-6 coefficients can

be associated with exhaustion and depletion [see, for instance, (40)].

Finally, the high uniqueness of Activin-B suggests that it can be

attributed to its association with early events after ME/CFS onset.
B C

D E F

A

FIGURE 2

Comparative concentration of immunome represented via immunoglobulins IgG1, IgG2, IgG3, IgG4, IgM, and IgA (A–F) in healthy controls and
patients with ME/CFS with different condition severity. Numbers represent exact p-values [Kruskal–Wallis (KW) test with two-stage linear step-up
procedure of Benjamini, Krieger, and Yekutieli as post-hoc test]. KW value represents the overall test outcome, whereas the post-hoc intergroup
comparisons are shown above, with statistically significant differences represented in red.
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3.5 Random forest classification

Variable importance plots reveal that anti-b2AdR is the most

relevant marker for accuracy and purity in both healthy controls

and patients with ME/CFS (Figures 9A, B), consistent with our

previous research (11). Anti-M4 also shows a high score on both

plots. The high scores of IgG4 and IL-2 may indicate the presence of

an autoimmune process underlying the ME/CFS onset. In addition,

the relatively high score of Activin-B is in line with the findings

from the principal component factoring analysis. The plot of
Frontiers in Immunology 07
number of trees vs. OOB accuracy indicates that the oscillation of

OOB no longer occurs at the selected tree number.
4 Discussion

Intergroup comparison of inflammation biomarkers in our

study reveals several statistically significant differences. These

results were compared with a previous study (4) that relied on

ME/CFS duration since onset as a continuous severity measure and
frontiersin.or
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FIGURE 3

Comparison of associations between studied variables in healthy controls and patients with ME/CFS with different condition severity. (A) Partial
correlation diagrams showing direction and strength of significant associations (reflecting Spearman’s r with p < 0.05); (B) correlation clusters that
show grouped variables with similar interactions.
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regression of cytokine levels on severity as the analysis method, and

another one (7) where severity was projected to short- and long-

term condition duration and t-test was used. In comparison, IL-2

and IL-6 demonstrated an increasing tendency in the study (4)

although not significant. In contrast, IL-6 shows significant

differences in the study (7), with the highest levels in the short

disease duration group. IL-17F from the IL-17 family measured in

(4) shows a significant difference, while IL-17A shows a strong

significance in (7). IL-21, IL-23, and Activin-B were not measured.

TNF-a difference was not significant in (4) but was significant in

(7). The only case where the upward trend is significant in both

studies, although the KW test in our study is not (Figure 4A), will be

IFN-g; remarkably, in a different study (40), IFN-g shows no

intergroup significant difference. Activin-B has produced varying

results in earlier studies (9, 42).

For immune biomarkers, in a previous study (43), IgG3 or IgG4

deficiency has been described in ME/CFS, which corresponds to our

finding for IgG4. Additionally, this study reports the elevation of

IgM and IgG2 levels, which are not statistically significant in

our study.

A positively correlated inflammatome–immunome cluster for

the severe ailment group is indicative of a possible positive feedback

mechanism that is yet unknown. This feedback is consistent with

the hypothesis of a homeostatic suboptimal state when the

condition has developed in a protracted time span after the initial

triggering event. It also underpins the observed aggravated

symptoms caused by inflammation, where fatigue fits in and is

observed well in studies on immune and rheumatic diseases. It can
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be hypothesized that in the mild and moderate states, the not yet

established feedback allows for keeping substantial autonomous

functioning capabilities for the patient. Activin-B serves as an

indicator of an evolving condition.

The causality underlying the research is of utmost importance

for basic research, and correlation alone will not answer this

challenge. However, for the progression and recovery monitoring,

any pathological-process-related biomarker is of great importance,

as is the case for the positive feedback signature. To quantify this

effect, we can require four or more inflammatome elements to have

a substantial correlation with four or more elements of the

immunome. Such an index could be prospectively validated in

ongoing ME/CFS studies.

The separation between the inflammatome and immunome in

principal component factoring strengthens the assumption about

different partial mechanisms underlying the progression of ME/

CFS. If this is one process, it must be substantially non-linear,

triggering and cascading various stages of the condition.

Understanding of the potential circuit of interaction would

facilitate the development of therapies able to break the

unfavorable circuit. Separation of components justifies analysis of

corresponding correlation patterns among severity groups.

The multi-marker environment with complex interlinks

requires an AI-based toolkit for decision support. The resulting

outcomes when stacking various AI-based decision machines have

yet to be determined in the case of ME/CFS [see (44) for a novel

stacking approach]. Clearly, the inflammatome–immunome

interaction is a criterion that complements machine-learning-
B C D
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FIGURE 4

Comparative intergroup concentration of inflammatome cytokines interferon (IFN)-g, tumor necrosis (TNF)-a, interleukin (IL)-2, IL-21, IL23, IL-6, IL-
17A, and Activin-B (A–H) in healthy controls and patients with ME/CFS with different condition severity. Numbers represent exact p-values [Kruskal–
Wallis (KW) with two-stage linear step-up procedure of Benjamini, Krieger, and Yekutieli as post-hoc test]. KW value represents the overall test
outcome, whereas the post-hoc intergroup comparisons are shown above, with statistically significant differences represented in red.
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based AI systems as described in (45). Coherence with Activin-B

having high variable importance indicates robust variable

importance in an intergroup AI-based classification (9, 45). Our

study uses a comparatively large dataset, thus contributing to robust

and stable variable selection resulting from machine learning.

However, the lack of studies on ME/CFS pathogenetic dynamics

severely limits widening the AI solutions with patient-centered

measures, as opposed to studying cross-sectional snapshots from

populations usually at the primary diagnostic event. At the same

time, dynamical observation of patients is not burdensome, and

biomarker measurements can be performed at regular intervals.

Thus, the availability of prognostic factors that are able to predict

disease progression will facilitate the use of therapies and allow the

timely monitoring of the outcomes of therapeutic approaches.

The differences between biomarker validation results observed

in various studies for progression biomarkers are affected by

different case definitions as well as different outcomes to be

measured. Whereas a self-reported severity measure is commonly

used, other quantifiable biomedical assessment methods have been

proposed (9, 46). Furthermore, a controlled clinical trial would be

preferable for diagnostic and progression biomarkers in order to

standardize inclusion/exclusion and assessment methods; however,

this can be complicated since the endpoint is not easily associated

with a measurable biomarker for ME/CFS. Here, the solution could

be a personal digital assistant capturing the information related to
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severity stage transition, probably paired with a pertinent biosensor

and wearables.

If validated in further studies, the inflammatome–immunome

interaction will further justify ME/CFS as a systemic complex

disease following a triggering event, with inflammation and

immune response aberration, instead of defining it as a mood

disorder or mental ailment.

In random forest analysis, the highest placement of anti-b2AdR
is consistent with statistical analysis, as is also the case for anti-M4.

The appearance of IgG4 on the highest position of node purity for

severity group classification indicates that receptor-indicated

processes are associated with immunome-based indicators for a

longer-lasting condition.

The strength of the current study is a relatively large dataset

obtained during the investigation, and also the care organization in

Latvia, where the RSU outpatient clinic is a single specialized center

for ME/CFS. This secures representativity of cases for ME/CFS in

the population. The study is based on primary data, obtained for the

study by the same staff and using the same certified laboratory

equipment for respective measurements. One limitation of the

study is that the study outcome is still a severity group, and not a

continuous severity index, which could make more informative

regression models attainable. With the advent of biosensors, activity

trackers and digital assistant collection of objective continuous data

become achievable. The second half of the study period started to
FIGURE 5

Correlation matrix and network plot of associations between studied variables in healthy controls and patients with ME/CFS (all severity groups
joined). Significant associations reflect Spearman’s r significance test with p < 0.05.
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overlap with the first arrival of long-COVID cases, but we remained

very strict with our inclusion/exclusion criteria. However, future

ME/CFS studies will be greatly affected by the impact of long-

COVID appearance, which may be advantageous, but also

disadvantageous in an environment of strong informative noise.

We did not include pediatric cases, nor were there cases in Latvia

available with a very (extremely) severe ME/CFS. Furthermore, our

study does not cover a complete set of inflammation–immunity-

related biomarkers, e.g., the IL-10 family is not included;
Frontiers in Immunology 10
nevertheless, the conclusions are not affected by the non-inclusion

of additional biomarker sets.
5 Conclusions

Mid- and long-term observation of ME/CFS courses is needed

to reveal relationships about the transition between severity groups

and to associate them with relevant biomarkers. A participatory
FIGURE 6

Correlation network plots of associations between studied variables in healthy controls and patients with ME/CFS with regard to different condition
severity. Significant associations reflect Spearman’s r with p < 0.05.
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FIGURE 7

Linear discriminant classification analysis.
B

C

A

FIGURE 8

Principal component analysis: (A) path diagram of principal component factoring; (B) scree plot of component number determination; (C) component
loadings from principal component factoring.
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design is required because the varying incidence of clinical

symptoms, combined with AI, will be valuable for progress and

therapy evaluation. A meaningful combination with biomarker

measurements and with increasing datasets finally has the

perspective of forming a basis for clinical trials for diagnosis and

therapy. ME/CFS research needs longer tailored projects compared

to the usual 3-year duration practice prevailing in Europe to create

representable datasets about condition dynamics in cohorts.

Our study reveals a specific correlative relationship between

collections of inflammatory, immune, and receptor-based

biomarkers unequivocally characterizing the severe condition

group. Further investigations via principal component analysis

and random forest classification underpin the observed

correlation as an established feature of ME/CFS, with a

perspective to develop a diagnostic test in a clinical trial.

The immunome–inflammatome association as a diagnostic test

would make sense also from a technology assessment viewpoint.

The broader availability of multiplex systems makes multimarker

tests more available in routine laboratory services. The highest

classification power from data analysis is attributed to anti-b2AdR,
anti-M4, and IgG4, as well as IL-2 (an autoimmune processes

marker) and IL-6—the marker for innate immunity. From the

viewpoint of monotonicity, a composite index will be needed to

reflect the disease “progression”, as anti-b2AdR and anti-M4 show

an up and down behavior among severity groups.

The progression measurement supported by an aggregate

marker will be relevant for integration into the healthcare system

—family doctors/GPs require the availability of simple diagnostic

algorithms and AI tools with few parameters. Combining the

classical biomarker panel method with aggregate progression
Frontiers in Immunology 12
assessment via a correlation matrix provides a new approach to

ME/CFS diagnostics.
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