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Abstract

Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS) is a debilitating multi-system
illness with heterogeneity that complicates identifying the pathophysiology, biomarkers, and
therapeutic targets. Evidence indicates the importance of immune dysregulation, including the
complement system, in ME/CFS. This study investigates the contribution of genetic drivers to
potential dysregulation of the complement pathway in ME/CFS. We used protein quantitative trait
loci (pQTL) analyses, adjusted for covariates using linear and logistic regression, to identify genetic
variants significantly associated with plasma complement protein levels in a study sample identified
from the general population (50 ME/CFS and 121 non-fatigued). ME/CFES patients carrying certain
pQTLs exhibited dysregulation of the alternative complement pathway, which defined an
inflammatory subgroup with a high C3/low Bb profile and established a genetic link to dysregulation
of the alternative complement pathway. Six of the significant pQTLs were also found associated with
fatigue-related phenotypes in the UK biobank, 4 of which were complement-associated, providing
some validation in an independent population. Our findings highlight a mechanism by which risk
alleles contribute to ME/CFES heterogeneity, providing evidence of a genetic basis for complement
dysregulation in a subgroup. This approach could identify pathway-focused subgroups in ME/CFS
and similar illnesses to inform personalized approaches to diagnosis and treatments.

Keywords: ME/CFS; complement system; pQTLs; myalgic encephalomyelitis/chronic fatigue
syndrome; heterogeneity

1. Introduction

Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/CES) is a debilitating multi-system
illness characterized by substantial functional impairment accompanied by profound fatigue, post-
exertional malaise, unrefreshing sleep, cognitive dysfunction, orthostatic intolerance, and a wide
litany of additional symptoms that significantly reduce quality of life [1]. Its etiology remains elusive,
with substantial heterogeneity complicating efforts to identify reliable biomarkers and therapeutic
targets [2]; however, understanding the molecular basis for genotype/phenotype associations can
greatly enhance our ability to tailor diagnostic and treatment strategies. While this approach is
considered useful, it has yet to be investigated for many complex and heterogeneous diseases,
including ME/CFS. Recently, we and others have tested whole genome or pathway focused genetic
markers for their association with ME/CFS [3-14]. Many results from these earlier genetic association
studies have not been replicated, possibly due to small sample size, lack of consistency in case
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ascertainment, heterogeneity at the level of genetics, disease time-course, co-morbid illnesses, and
their combinatorial interaction with environment, diet, medications, and microbial environments.

There has been growing interest in exploring the relationship between disease-associated genetic
variants and the levels of RNA and proteins, known as expression/protein quantitative trait loci
(eQTLs/pQTLs) respectively. These intermediate phenotypes bridge the gap between genotype and
clinical presentation, offering a powerful framework for understanding complex diseases and
informing biomarker and therapeutic target discovery. While pQTL studies have been applied to
cardiovascular disease, a variety of autoimmune disorders, and proteins in the human liver [15-17],
their application to ME/CFS remains limited.

Our group previously identified several genetic variants within the complement pathway that
associated with ME/CFS using a focused analysis of immune and inflammation-related genes [3]. The
complement system is a critical component of innate immunity, consisting of plasma proteins that
defend against infection and mediate inflammation through three activation pathways — classical,
alternative, and lectin — all converging at C3 cleavage and tightly regulated to prevent chronic
inflammation and immune-mediated damage [18,19]. Notably, our prior study identified two non-
synonymous single nucleotide polymorphisms (SNPs) in complement-related genes associated with
ME/CEFS: rs4151667 in Complement Factor B (CFB) and rs1061170 in Complement Factor H (CFH), both
of which regulate the alternative pathway of complement activation. The SNP rs4151667 in CFB
results in a leucine-to-histidine substitution at position 9 (L9H) and is in strong linkage
disequilibrium (LD) with rs9332739 in C2. Similarly, rs1061170 in CFH causes a tyrosine-to-histidine
substitution at position 404 (Y402H) and is in high LD with three other SNPs in CFH (rs1061147,
rs7529589, and rs1080155). Both rs9332739 and rs4151667, located in the paralogous C2 and CFB
genes, were significantly associated with ME/CFS in allele and haplotype analyses. Likewise, the
major alleles of all four SNPs in CFH were associated with ME/CFS, further implicating the
complement pathway in disease susceptibility. Interestingly, previous studies have reported
complement dysregulation in ME/CFS - including elevated C4a responses, unique correlations
between C3 levels and other circulating inflammatory proteins, and altered lectin and classical
pathway components in plasma, cerebrospinal fluid, and extracellular vesicles [20-26]. Integrating
genetic and proteomic data has the potential to better understand disease susceptibility,
heterogeneity, and progression.

It should be noted that CFH and CFB have opposing roles in the alternative complement
pathway, with CFB promoting and CFH inhibiting the decay of C3 convertase [27]. Based on this
observation, we hypothesize that alternative pathway components, consisting of precursor proteins
(C3 and Factor B), their breakdown products (C3a, C5a, Bb), negative regulator (Factor H), and
marker of terminal pathway of complement activation (SC5b-9), would be associated with ME/CES,
and that this association may be driven by the observed genetic variation in the complement proteins.
Interestingly, ME/CFS-associated missense variants in these genes are also linked to age-related
macular degeneration (AMD) but with inverted risk alleles [28,29]. As these alleles associate with
reduced complement activation and protection in AMD [30-32], we hypothesize that reduced
complement activity contributes to disease risk in ME/CFS. These risk alleles could enable
identification of a subgroup of ME/CFS with complement dysregulation.

To extend our prior work, we investigate the association of plasma concentrations of
complement proteins and related activation products with ME/CFS by identifying pQTLs among the
9146 SNPs that passed Affymetrix Human Immune and Inflammation Chip quality control [3]. We
also identify correlations of complement proteins with measures of function, fatigue, and symptoms.
Finally, we integrate these findings with the previously reported genetic variants associated with
ME/CEFS illness to identify a genetic subgroup of ME/CFS with complement dysregulation. In
addition, we sought to validate our identified complement and disease associated pQTLs with the
UK biobank’s publicly available datasets for post-viral and fatigue-related phenotypes. This
integrative approach has the potential to identify biologically distinct subgroups within the
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heterogeneous ME/CFES population and should be helpful in studies of other chronic complex
illnesses.

2. Results

2.1. Complement System Dynamics and Associations with Demographics and Disease Status

This study included 50 ME/CFS and 121 non-fatigued control Caucasian participants. While the
two groups were comparable in age, significant differences were noted in sex distribution and body
mass index (BMI) (Figure 1A). Among participants with ME/CFS, the median time since onset of
fatigue was 8.97 years (range: 0.39 — 40.2 years), with 82.2% reporting a gradual illness onset [3].
Compared to the non-fatigued subjects, ME/CFS subjects had worse fatigue (higher scores) in all 5
domains of Multidimensional Fatigue Inventory (MFI-20, Figure 1B), greater symptom burdens in
CDC symptom inventory (CDC-SI), and worse functional impairments (lower scores) in all 8
subscales of Short Form Health Survey (SF-36v2, Figure 1C).
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Figure 1. Demographics and complement protein levels in ME/CFS compared to non-fatigued control subjects
(A) Demographic comparisons of sex, age (p=0.96), and BMI (p=0.007) between non-fatigued controls (NF = red)
and ME/CFS (blue) subjects (n = 171 total; 50 ME/CFS, 121 NF). Statistical comparisons for age and BMI were
performed using a Wilcoxon rank-sum test. (B) Radar plot showing mean scores on Multidimensional Fatigue
Inventory (MFI-20) subscales between NF and ME/CFS subjects, where lower MFI-20 scores indicate better
health scores.: GF = general fatigue, PF = physical fatigue, RA = reduced activity, RM = reduced motivation, MF
= mental fatigue. (C) Radar plot showing mean T-scores on Short Form 36 survey (SF-36) subscales between NF
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and ME/CFS subjects, where a T-score of 50 refers to the norm of the US general population and lower SF-36 T
scores signify a worse functional score: PF = physical functioning, RP = role: physical, BP = bodily pain, V =
vitality, GH = general health, RE = role: emotional, SF = social functioning, MH = mental health. (D) Pearson
correlation dot plots depicting the extent of correlation of log2-transformed Factor H with (left to right): CRP
(p=6.1E-12), C3 (p=9.9E-28), C3a (p=4.3E-9), Factor B (p=1.4E-20), and Factor D (p=6.9E-4) in all subjects (NF =red,
ME/CFS = blue). Linear regression lines with 95% confidence intervals are overlaid. (E) Schematic of the
complement system and associated components, depicting the three activation pathways (color coded yellow —
classical, orange —lectin, brown — alternative, and maroon — C3 and subsequent products). The same color coding
is used in other figures to facilitate linkage back to the complement pathway. (F-L) Log2-transformed plasma
levels of: (F) CRP (mg/L; pin=0.15, pig=0.14), (G) C3 (mg/ml; piin=0.002, piog=0.002), (H) Bb (mg/ml; piin=0.78,
pi0g=0.77), (I) Bb/C3 (piin=0.038, p1og=0.038), (J) Factor B (ug/ml; pin=0.71, p1g=0.69), (K) Factor D (ug/ml; pin=0.16,
pg=0.14), and (L) Factor H (ug/ml; pin=0.07, piog=0.07) compared between NF and ME/CFS. Boxplots display the
five-number summary: minimum, first quartile, median, third quartile, and maximum. The central rectangle
spans from the first quartile to the third quartile (the interquartile range (IQR)), a segment inside the rectangle
shows the median, the diamond shows the mean, the vertical lines (sometimes referred to as whiskers 1.5xIQR)
are extended to the extrema of the distribution in the data set, and the outliers are values outside the whisker
range. Statistical comparisons of circulating complement protein levels were performed using a covariate-

adjusted (Table 1) linear (pin) and logistic (pug) regression analyses. *p < 0.05, **p < 0.01.

Associations of the plasma concentrations of eight complement-related analytes spanning both
core proteins and activation products of the alternative pathway — CRP, C3, Bb, C3a, C5a, Factor B,
Factor D, Factor H, and SC5b-9 — with demographic covariates in all subjects, including age, sex, and
BMI, are shown in Table 1 and Figure S1A-K. BMI was the most consistent covariate, showing
moderate yet significant positive associations with 7 of the 9 measured proteins: CRP, C3, C3a, C5a,
Factor B, Factor D, and Factor H (all p < 0.0001), strongest (R?) with C3. In contrast Bb and SC5b-9
were not significantly associated with BMI, though the ratio of Bb to C3 was inversely associated. Sex
was significantly associated with CRP and Factor B (Table 1, Figure S1I and J), with lower levels
observed in males. Only Factor D levels were associated with age (Figure S1K). The demographic
factors listed in Table 1 were considered as covariates in downstream analyses of the associated
proteins.

Table 1. Association of demographic factors with plasma complement proteins and activation products (log2

transformed).
Plasma

component or Covariate | Coefficient | Std Error | Adjusted R? | F Statistic | p-value

fragment
CRP 0.169 0.024 0.230 47.47 1.3E-10
C3 0.033 0.004 0.269 63.11 2.7E-13
C3a 0.036 0.008 0.102 20.28 1.2E-05
C5a 0.025 0.005 0.106 21.06 8.7E-06
Factor B BMI 0.026 0.005 0.142 28.32 3.3E-07
Factor D 0.020 0.004 0.113 22.62 4.2E-06
Factor H 0.023 0.004 0.181 38.47 4.2E-09
Bb/C3 -0.027 0.008 0.066 12.92 4.3E-04
CRP 0.645 0.318 0.019 4.10 4.5E-02
Factor B oex 0.159 0.061 0.034 6.84 9.8E-03
Factor D Age 0.011 0.002 0.117 23.44 2.9E-06

*No association of Bb and Sc5b-9 with any of the demographic factors tested in this study.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.1773.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 December 2025 d0i:10.20944/preprints202512.1773.v1

5 of 25

We calculated correlations among all measured complement proteins across all subjects to
evaluate protein interactions. Those with Factor H (Figure 1D) demonstrated the broadest pattern of
correlation, including moderate relationships with CRP, C3, C3a, Factor B, and Factor D. The
correlation of Factor H was much stronger with C3 and Factor B, and weaker with Bb (r=0.11, p =
0.12). Given that the alternative complement cascade consists of multiple interdependent and tightly
regulated components (Figure 1E), the majority of the pairwise comparisons showed significant
positive associations.

To evaluate illness-associated differences in complement protein levels, we performed both
linear and logistic regression analyses comparing protein concentrations between illness groups
while adjusting for covariates. Linear regression assessed differences in protein concentrations as
continuous outcomes, while logistic regression modeled the odds of ME/CFS as a function of protein
levels. Box plots of log2 transformed values stratified by disease status are shown in Figure 1F-L and
Figure S1L-N. Despite several proteins having higher median values by at least 5% in ME/CFS
compared to NF, only C3 and Bb/C3 ratio were significantly associated with ME/CFS in both models.
The linear model indicates that C3 levels differ significantly between the two groups and the logistic
model shows that higher C3 levels are associated with increased odds of ME/CFS.

2.2. Associations Between Complement System Components and Functional Health Scores

Results of the covariate-adjusted linear regression modeling between each analyte and the
measures of function (SF-36), fatigue (MFI-20), and symptoms (CDC-SI) are shown as a heatmap
Figure 2A and in correlation plots, Figure S2A-D. C3 shows the most consistent pattern among the
tested complement proteins, with higher plasma levels associated with greater symptom burden,
increased fatigue, and lower functioning scores (Figure S2B). CRP exhibited the largest beta
coefficients across several MFI-20 and SF-36 domains, indicating that small increases in severity or
functional impairment were associated with relatively large shifts in CRP levels; however, the
corresponding R? values remained low (Figure S2C; R? ~ 0.32), suggesting that despite strong
directional effects, the symptom scores explained only a modest proportion of the overall variance in
participants” CRP levels. Factor D and the Bb-to-C3 ratio also showed significant associations with
some MFI and SF-36 metrics. In contrast, Bb, C3a, C5a, Factor B, Factor H, and SC5b-9 showed no
significant associations with any individual scores.
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Figure 2. Association of circulating complement protein levels with participants” function and symptoms scores.
Heatmap depicting covariate-adjusted associations between plasma complement protein levels and scores from

three questionnaires: Symptom Inventory (CDC-SI, top), Multidimensional Fatigue Inventory (MFI-20, middle),
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and Short Form 36 survey (SF-36 T scores, bottom). Lower SF-36 T scores signify a worse functional score, while
lower MFI-20 and CDC-SI scores indicate better health scores. Rows represent individual domains or subscales
for each instrument, and columns represent complement-related proteins. Color represents the coefficient, or
magnitude, of each association, with blue indicating a positive association, while red/maroon indicates a
negative association. Statistical comparisons were performed using covariate-adjusted linear regression analysis.
*p < 0.05, **p < 0.01, **p < 0.001. (SI score= CDC Symptom Inventory; MFI: MF = mental fatigue, RM = reduced
motivation, RA = reduced activity, PF = physical fatigue, GF = general fatigue; SF-36: MH = mental health, SF =
social functioning, RE = role: emotional, GH = general health, V = vitality, BP = bodily pain, RP = role: physical,
PF = physical functioning). NOTE: Complement protein labels are color coded to match components of

complement system illustrated in Figure 1E.

2.3. Identification of Genetic Variants Impacting Plasma Levels of Complement Proteins

To investigate if genetic variants influence circulating complement protein levels, we performed
a quantitative trait locus (pQTL) analysis using all 9,146 SNPs previously analyzed in this population
[3], identifying 3,192 SNPs significantly associated with at least one complement protein (p<0.05).
Data on the SNPs associated with each protein is presented in the supplement (Table 51-10). To distill
meaningful biologic themes from this large data set, the 776 SNPs with p < 0.01, representing 359
genes, were categorized into one of seven curated functional groups [(1) direct association with the
complement system (20 genes), (2) cytokines, chemokines, and their receptors (69 genes), (3) immune-
associated transcription factors and intracellular immunomodulators (57 genes), (4) immune cell
surface markers and activators (82 genes), (5) metabolic markers (50 genes), (6) apoptosis and other
intracellular signaling molecules involved in non-canonical immune pathways (70 genes), and (7) cell
structure and adhesion markers (11 genes); Table S11]. The distribution of the 776 significant SNP
and 359 genes by functional group is shown graphically in Figure 3A.

This framework enabled analysis of functional group enrichment scores for each complement
protein association (C3 in Figure 3B, and all other proteins in Figure S3A-I). For C3, we observed
over-representation in the functional groups immune cell surface markers and activators, apoptosis,
and cell structure and adhesion. Statistical parameters for each protein’s most significant associations
are found in Supplemental Tables S1-510. Two SNPs, rs800292 in CFH and rs17759529 in DPP4, linked
to Bb and C3 levels are among the most significant in this pQTL screen. Genotypes of rs800292/CFH,
previously implicated in complement regulation, showed a stepwise decrease in Bb levels with the T
allele (Figure 3C). Interestingly, rs800292 shows a similar decrease in Bb/C3 ratios (Figure S4A), with
an inverse trend seen in genotype-stratified C3 levels (Figure 3D). The G allele of rs17759529 in DPP4,
a top-ranked pQTL for CRP and C3 in the over-represented immune cell surface markers functional
group, had higher C3 levels in homozygous carriers (Figure 3E). Notably, DPP4 is a multifunctional
protease expressed on immune cells and endothelium that has been implicated in SARS-CoV-2 [33].
Additionally, the rs17611 SNP in C5 was among our top-ranked pQTLs for Cb5a in this population
(Figure 54B) in agreement with previous reports in independent cohorts [34,35]. The major allele T in
rs1061170 (CFH) was associated with lower Bb levels (Figure 3F). Bb levels were similarly
significantly lower in individuals carrying minor C allele rs9332739 (C2) and T allele rs4151667 (CFB),
two SNPs in linkage disequilibrium (LD) (Figure 3G). The box plots in Figures 3C-3G also show the
skewed distribution of ME/CFS cases by genotype of these complement pQTLs, suggesting an
interaction between complement pQTLs and ME/CFS risk.
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Figure 3. Functional group distribution of complement protein-associated SNPs/genes and complement protein
levels by genotype and illness status. (A) Donut plot summarizing the distribution across 7 functional groups of
single-nucleotide polymorphisms (SNPs - dark grey outer ring) and corresponding genes (light grey inner ring)
associated with complement proteins (p < 0.01 after covariate-adjustment). Functional group assignments were
based on annotated gene functions for gene and associated SNPs (Tables S1-11). (B) Lollipop plot showing
functional group enrichment among SNPs and genes significantly associated with C3 plasma levels. Dot size
reflects the proportion of significant functional group genes (light grey) and SNPs (dark grey). Enrichment score
> 1 (dotted red line) indicates overrepresentation. (C-G) Boxplots of plasma protein levels (log2, mg/ml) by
genotype. Dot color indicates disease status (NF = red; ME/CFS = blue); x-axis = percentage of ME/CFS subjects
within each genotype group. (C) Bb for rs800292/CFH genotypes (p=0.003); (D) C3 for rs800292/CFH genotypes
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(p=0.61); (E) C3 for rs17759529/DPP4 genotypes (p=0.0002); (F) = Bb for rs1061170/CFH genotypes (p=0.025); (G)
left: Bb for rs4151667/CFB genotypes (p=0.002), right: Bb for rs9332739/C2 genotypes (p=0.002). (H) Overlay
boxplots of Bb (brown, primary y-axis, log2, mg/ml) and C3 (maroon, secondary y-axis, log2, mg/ml) by
genotype combinations of rs9332739/C2 and rs1061170/CFH (NF = empty dot, ME/CEFS = filled dot). Boxplots
represent the median + 25t and 75% quartiles. Whiskers represent 1.5x the interquartile ranges. Outliers are

values outside the whisker range.

2.4. Identification of Genetic Variants Impacting Both Plasma Levels of Complement Proteins and Disease
Status

We identified 16 SNPs found in both the 3,192 protein-associated SNPs and the 48 previously
reported ME/CFS-associated SNPs [3], 11 of which act in the complement cascade (Table 2). The
additional immune and inflammatory pathways represented indicate genetic risk for ME/CFS
beyond the complement system.

Among the 16 SNP associations, four were predicted to act in cis (defined as variants located
within 1IMb of the transcription start site of the impacted protein’s associated gene), such as variants
located in C2, CFB, or CFH impacting levels of Bb, Factor B, or Factor H, respectively. The remaining
12 variants were predicted to be trans-pQTLs, acting elsewhere in the genome (e.g. SERPINA5
impacting C3, GRK4 impacting C3, and PDE4D impacting C3a and C5a). Of note, rs3020729 (CD8A,
miRNA binding) was significantly associated with higher levels of CRP and C3 levels, and rs2277680
(CXCL16, missense) impacted Factor H and Factor B levels (Table 2). By contrast, rs9550987
(TNFRSF19, missense) was associated with decreased levels of C3 and Factor H (Table 2).

Table 2. Genetic variants impacting both disease status and plasma levels of measured complement proteins

and activation factors.

Impacted
Pathway Chromosome | SNP | ME/CEFS risk Variant Compler.nent B+SE  |p-value
#: Gene name | rsID allele (nt) consequence protein
(cis/trans)
Mi Bb/C3 -0.49 + 0.13 | 1.9E-04
6:C2  [rs9332739- Minor (C) (é;izr;e Bb (cis) |-0.36+0.12 | 0.002
Factor B (cis) |-0.23+0.08 | 0.007
Bb/C3 -0.49 + 0.13 | 1.9E-04
rs4151667~ Minor (T) | Missense (L9H) Bb (cis) -0.36 +0.12 | 0.002
Factor B (cis) |-0.23+0.08 | 0.007
6: CFB .
Factor B (cis) | 0.24+0.07 | 0.001
rs641153 | Major (C) |Missense (R32L) Bb/C3 -0.24 £0.10 | 0.021
[Factor D (trans)| -0.11 £ 0.05 | 0.046
. . Factor H (cis) | 0.06 +0.03 | 0.020
rs7529589% Major (G) Intronic
Bb (trans) 0.10+0.05 | 0.036
Complement
Codon-
cascade
) synonymous
1061147* M G Bb (t 0.12+0.05 | 0.015
s aor (G) 1 A307); splicing (trans) *
1: CFH regulation
. . Bb (trans) [-0.19+0.06 | 0.003
rs800292 | Minor (T) | Missense (V62I)
Bb/C3 -0.21+0.07 | 0.003
Mi
rs1061170  Major (T) sense Bb (trans) | 0.11+0.05 | 0.025
(H402Y)
rs10801555 Major (G) Intronic Bb (trans) 0.12+0.05 | 0.014
. . Bb/C3 -0.24 +0.08 | 0.003
3: MASP1  |rs3774268| Minor (T) [Missense (5445R)
Bb (trans) |-0.17+0.07 | 0.026
14: SERPINA5| rs6115 Minor (G) |Missense (S64N) Bb/C3 -0.11+0.05 | 0.047
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. UTR-3; miRNA
rs6108 Minor (A) L C3 (trans) 0.07£0.03 | 0.026
binding
T cell UTR-3; miRNA | CRP (t -0.67 £ 0.25 | 0.008
e 2:CDSA  |rs3020729| Major (T) o (trans)
signaling binding C3 (trans) |-0.10+0.05| 0.028

Missense (I1142T; [Factor H (trans)| -0.06 £ 0.03 | 0.024
A200V) Factor B (trans)|-0.08 + 0.04 | 0.031
C3a (trans) |-0.13+0.06| 0.036

Chemokine | 17: CXCL16 |rs2277680| Major (G)

G-protein 5:PDE4D  |rs2014012| Major (A) Intronic
Cba (trans) |-0.09 £0.04 | 0.038
coupled ;
Missense
receptor . .
sionalin 4: GRK4 rs1801058 | Major (C) |((V486A); splicing| C3 (trans) |-0.07+0.03 | 0.034
& 8 regulation
TNF super Missense (S31T);| C3 (trans) 0.09+£0.03 | 0.011
family 13: TNFRSF19 |rs9550987 | Minor (T) splicing
. . . [Factor H (trans)| 0.07 £ 0.03 | 0.027
signaling regulation

SNP IDs underlined indicate pQTLs that have not been previously reported (no match in the QTL database:
http://www.mulinlab.org/qtlbase).~ and * indicate SNPs that are in LD

As shown in Figure 3F, the ME/CEFES risk-associated major allele T in rs1061170 (CFH) was
associated with lower Bb levels. Bb levels were similarly lower in individuals carrying the ME/CFS
risk alleles at cis-acting rs9332739 (C2) and rs4151667 (CFB), two SNPs in linkage disequilibrium (LD)
(Figure 3G). The inverse trends in genotype-stratified C3 levels and Bb/C3 ratio values for rs800292
(CFH) shown in Figure 3C, are also seen with the rs9332739 (C2) risk allele (Figure S4C and D). The
five genotype combinations for these C2 and CFH variants (Figure 3H) show decreasing Bb and
increasing C3 levels with increasing risk alleles, with the double risk genotype (GC-TT) exhibiting
the lowest Bb and highest C3 levels as well as the highest percentage of ME/CFS in the genotype
combination. The correlation analysis of disease-associated SNP beta values and disease odds ratios
(Figure S4E and F) agrees with this pattern; variants increasing C3 expression aligned with increased
ME/CEFS risk (Figure S4E, R? = 0.78), while those associated with higher Bb showed inverse trends
(Figure S4F, R2=-0.26).

2.5. Use Of Genotype-Defined Complement pQTLs to Identify ME/CFS Subgroups

As the levels of complement proteins are associated with ME/CFS, we assessed their
performance as predictive markers using an ROC analysis of all 171 subjects (50 ME/CES, 121 NF
controls, Figure S5A). CRP, Factor B, and C3 had the highest predictive power, with AUCs of 0.75,
0.75, and 0.69, respectively (Figure S5A); only C3 was statistically significant. To incorporate the
impact of complement-associated pQTLs, we conducted ROC analyses for complement proteins with
ME/CFS as the outcome, stratified by genotype subgroups for single SNPs, selected based on
significant associations with complement proteins or disease status (Table 2 and Table S1-10) and
restricted to those within the complement system functional group. Results were filtered for AUC
>(.75, p<0.05, and sufficient group size (n=15) and are summarized in Table 3. Heterozygotes for two
SNPs, rs9332739 in C2 and rs800292 in CFH, previously examined in Figure 3, showed a high AUC
(Table 3). This SNP genotype combination was selected for subgroup analysis.

Table 3. Summary of ROC analysis stratified by genotype-defined pQTLs for identifying ME/CFS subgroups

with predictive complement protein markers.

Test 17 # of
Variant | Gene Genoty variabl Covariat | of | of subject AUC 95% CI P
pe es CF|N SE value

e s | F s

Single marker analysis
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1s933273 | C2/CF Factor 0.89 +
9 B CG H BMI 10 | 7 17 0.09 071-1 0.05
C3 0(')8; 6i 067944_ 0.001
Fact BMI 20 |41 61 0 %8 N 0'7
actor 78 + 7 -
rs800292 CT H 0.06 0.94 0.007
0.84 +
CRP | Sex, BMI | 17 |40 57 0.05 072-1 0.04
rs106117 Factor 0.81 + 0.7 -
0 CFH TT B Sex, BMI | 27 | 40 67 0.06 0.92 0.03
rs108015 Factor 0.81 + 0.7 -
55 GG B Sex, BMI | 26 | 38 64 0.06 0.92 0.03
Factor 0.83 + 0.73 -
1rs395544 CC B Sex, BMI | 20 | 36 56 0.05 0.94 0.03
15106548 0.75 + 0.64 -
9 GG C3 BMI 27 | 61 88 0.06 0.86 0.02
rs713597 0.76 + 0.6 -
5 CIR AG C3 BMI 16 | 43 59 0.08 0.92 0.01
15725706 0.78 + 0.65 -
5 CC C3 BMI 20 | 43 63 0.06 0,91 0.006
rs224139 0.81 + 0.69 -
3 C3 CC C3 BMI 18 | 38 56 0.06 0.93 0.003
15224139 0.78 + 0.65 -
5 CC C3 BMI 19 | 43 62 0.07 0,91 0.006
0.82 + 0.72 -
C3 0.005
rs703767 C5 CT BMI 16 | 45 61 0.05 0.93
3 Bb/C3 0.81 + 0.69 - 0.006
0.06 0.93 ’
0.78 + 0.69 -
1261753 C9 CC CRP | Sex, BMI| 31 |76 107 0.05 0.87 0.04
1198615 | opg CT C3 Bvi |11 (23| 34 | 9% | 065-1 | 0.009
8 0.09
2-marker analysis
0.85 + 0.76 -
033273 CRP | Sex, BMI | 23 |43 66 0.05 0.94 0.046
IS
9 & CZIQCF CG/CT | 3 00'804; 067944_ 0.0004
rs800292 BMI 26 | 45 71 - -
Factor 0.78 + 0.67 - 0.003
H 0.06 0.89 )

For single marker and 2-marker analyses, test variables with AUC >0.75 and p < 0.05 are listed.

Subjects were stratified into four groups based on heterozygosity at rs9332739 in C2 and rs800292
in CFH. ME/CFS participants with heterozygous genotypes at one or both SNPs were assigned to
CEShet (n = 26, Group A), while the remaining ME/CFES cases were designated as CFSrem (n = 24,
Group B). Non-fatigued controls were similarly divided into NFhets (n =45, Group C) and NFrem (n
= 76, Group D), with the distribution and subgroup demographics shown in Figure 4A. Because
subgrouping was defined by heterozygosity, two individuals with the double risk genotype for
rs800292 but no risk allele at rs9332739 were assigned to the CFSrem and NFrem groups. The CFShet
group contained no male participants, and BMI was significantly different between the CFShet group
and the other three groups. CRP and C3 exhibited improved AUCs in the heterozygous-defined
CFShets vs. NFhets comparison, with AUC values of 0.85 and 0.84, respectively (Table 3, Figure 4B),
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while Factor H and C3a also had enhanced predictive power (0.78 and 0,74 AUC, respectively) over
the non-stratified model (Figure S5A).

B ROC Curve for rs9332739 & rs800292 heterozygotes

W W W
171 subjects

see  cee
) 44 b § 4
50 ME/CFS 121 NF
o o z
N N = 05
A: 26 CFShet C: 45 NFhet @
[}
. . »n Protein (AUC, p-value)
- a CRP (0.85, 0.047)
B: 24 CFSrem D: 76 NFrem C3 (0.84, 0.0004)
Factor H (0.78, 0.003)
m— C3a (0.74, 0.031)
A (n=26) ' B(n=24) C (n=45) p-value
Age 50.1 45.4 48.4 48.7 NS 0 o .
Sex (MFF) 0/26 420 1436 [29/47 Specificity
BMI 29.88 27.71 26.77 26.71 0.04
C Mean E
N
Minimum Maximum
*
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. 2
- -
o
-2

CRP) *

actor B) *
actor D

Factor H) *
SC5b-9

*

o)

*

oINNRNRNNNE
o INNRNRNERE
o11HRNRND

M

*

@

)@
b

CFShet CFSrem NFhet
* | ikelihood ratio test p-value < 0.05

* Multinomial logisitic regression (reference = NFhet)
p-value < 0.05 H |

z
=
@
3

Factor H
o]
w

g
o

* Pairwise linear regression comparisons

Figure 4. Stratification of ME/CFS and non-fatigued control subjects using complement protein-associated pQTL
genotypes. (A) Subgroup distribution and demographics (age, sex, BMI) based on genotype status of rs9332739
(C2) and rs800292 (CFH). Group A (CFShet, dark blue) = ME/CFS heterozygous at one or both loci; Group B
(CFSrem, light blue) = Remainder of ME/CFS subjects; Group C (NFhet, dark red) = NF controls heterozygous at
one or both loci; Group D (NFrem, pink) = remainder of NF controls. (B) Complement protein ROC curves for
ME/CEFS, restricted to heterozygous groups (Group A (CFS het) and Group C (NFhet). (C) Heatmap based on
the log2-transformed mean range for each complement protein, low (blue) to high (yellow). Mean values for

genotype-defined subgroups (CFShet, CFSrem, NFhet, NFrem) are shown. Asterisks indicate statistical
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significance, adjusted for covariates (grey = likelihood ratio test with p <0.05, red = subgroup-specific
multinomial logistic regression with reference = NFhet and p < 0.05). (D-I) Boxplots showing distributions for
plasma levels of complement protein (log2, mg/ml) by genotype group, CFShet = dark blue, CFSrem = light blue,
NFhet = dark red, NFrem = pink. (D) Bb (NFhet vs. NFrem p=0.002), (E) Bb/ C3 (CFShet vs. NFrem p=0.003; NFhet
vs. NFrem p=0.03), (F) C3 (CFShet vs. NFhet p=0.005, CEShet vs. NFrem p=0.02), (G) C3a, (H) CRP, and (I) Factor
H (CFShet vs. NFhet p=0.05). Boxplots display the five-number summary: minimum, first quartile, median, third
quartile, and maximum. The central rectangle spans from the first quartile to the third quartile (the interquartile
range (IQR)), a segment inside the rectangle shows the median, the diamond shows the mean, the vertical lines
(sometimes referred to as whiskers 1.5xIQR) are extended to the extrema of the distribution in the data set, and
the outliers are values outside the whisker range. Statistical comparisons of circulating complement protein
levels (black asterisk) were performed using a covariate-adjusted (Table 1) pairwise linear regression analysis.
*p <0.05, **p <0.01, **p < 0.001.

To assess complement protein differences across genotype-stratified illness groups, we applied
three statistical approaches: a likelihood ratio test to evaluate overall model fit, a multinomial logistic
regression to identify proteins associated with subgroup assignment (using NFhet as the reference),
and pairwise covariate adjusted linear regressions to examine direct groupwise differences. The
likelihood ratio test identified seven proteins — Bb, Bb/C3, C3, C3a, CRP, Factor B, and Factor H — that
significantly improved the model, indicating that these proteins contribute meaningfully to group
classification (Figure 4C). Multinomial regression revealed that C3, C3a, CRP, and Factor H levels
were significantly associated with increased odds of belonging to the CFShet group relative to NFhet
(Figure 4C), suggesting potential utility as subgroup classifiers. Pairwise linear regression
comparisons confirmed several between-group differences (Figure 4D-I), including lower Bb and
Bb/C3 in NFhet compared to NFrem, and lower Bb/C3 in CFShet compared to NFrem. The CFShet
group also demonstrated higher C3 and Factor H levels relative to NFhet, with CEShet C3 levels
significantly higher than NFrem as well. Collectively, these complementary analyses support a robust
association between circulating complement proteins and genotype-defined subgroups — even after
adjust adjusting for covariates — highlighting their potential role in distinguishing biologically
meaningful ME/CFS subgroups.

We examined the covariate-adjusted association between complement protein levels and scores
of symptoms and function for the heterozygous subgroups (CFShet and NFhet, Figure 5A, Figure
S5B-D). The covariate-adjusted regression models in this reduced population (n = 71) revealed
multiple significant associations between complement protein levels and scores in CDC-SI, MFI-20,
and SF-36. In the total study sample population (Figure 2), only four complement-related
measurements (Bb/C3, C3, CRP, and Factor D) had significant associations compared to the seven
complement proteins with significant associations across at least one of the three survey domains in
the genotype-restricted groups (Figure 5A). These included newly significant relationships for C3a,
Factor H, and SC5b-9 (Figure 5A, Figure S5B-D). For the total and genotype-restricted samples, the
correlations followed the same direction. While exploratory, this expanded set of associations suggest
that complement dysregulation may be more tightly linked to reported functional impairments in
genetically defined subgroups, reinforcing the relevance of host genotypes in shaping disease
heterogeneity in ME/CEFS.
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Figure 5. Associations between complement protein levels and symptom/function scores for genotype-restricted
subgroup (CFShet, NFhet, n = 71). Heatmap of covariate-adjusted associations between complement protein
levels and scores: Symptom Inventory (SI, top), Multidimensional Fatigue Inventory (MFI, middle), and Short
Form 36 survey (SF-36 T scores, bottom). Rows represent individual domains or subscales for each survey, and
columns represent complement-related proteins. Color represents the coefficient, or magnitude, of each
association, with blue indicating a positive association, while red indicates a negative association. Statistical
comparisons were performed using coviariate-adjusted linear regression analysis. *p < 0.05, **p < 0.01, ***p <
0.001. (SI = CDC Symptom Inventory; MFI: MF = mental fatigue, RM = reduced motivation, RA = reduced
activity, PF = physical fatigue, GF = general fatigue; SF-36: MH = mental health, SF = social functioning, RE = role:
emotional, GH = general health, V = vitality, BP = bodily pain, RP = role: physical, PF = physical functioning).

2.6. Comparison of Significant SNPs Between Our Population and Fatique-Related Phenotypes in the UK
Biobank

To evaluate the consistency and broader applicability of a pQTL-based approach for identifying
genetic contributors to ME/CFS, we compared SNPs associated with each circulating complement
protein (Table S1-10, top 50 SNPs from each table with the lowest p-values) identified in our
population to SNPs associated with fatigue traits in the publicly available UK biobank GWAS data
for chronic fatigue syndrome, post viral fatigue syndrome, a broader fatigue and malaise population,
and Ever CFS (individuals reporting recovery from ME/CES). Six SNPs across 5 genes overlapped
between our pQTL dataset and the UK biobank fatigue-related traits (Table 4), mapping to
complement-related genes CFB, CFH, and C2, as well as MMP10 (involved in the breakdown of
extracellular matrix) and PIK3R5 (which plays roles in cell growth, proliferation, differentiation,
motility, survival, and intracellular trafficking). Four of the 6 SNPS (3 genes) were among those we
identified as both pQTLs and ME/CFS-associated (rs641153, rs800292, rs9332739 and rs4151667).
Interestingly, rs394811 in PIK3R5 was the only SNP to overlap with the UK biobank’s designated CFS
group. In contrast, SNPs in CFB, CFH, and C2 appeared in the broader fatigue and malaise and post
viral fatigue phenotypes. Moreover, the direction of effect for each overlapping SNP - including risk
allele identity and odds ratio — was consistent between the UK biobank phenotypes and our
population, providing some replication of the biological relevance of these shared associations.
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Table 4. Overlapping SNP associations between circulating complement proteins and UK biobank fatigue-

related phenotypes.
SNP -
UK
SNP- |. .
UK bioban | SNP - SNP —
Variant UK bioban k UK Impacted
UK Biobank Chr #: biobank: | '* phenot | bioban pacte
. . consequence k Comple
fatigue-related Gene |Variant cases / ype k
(reference nt - phenot ment
phenotype name . healthy odds |[phenot .
variant nt) ype . protein
controls ratio ype
odds . p-value
. |confide|p-value
ratio
nce
interval
Chronic Fatigue 17: |rs39481| Synonymous | 2047 / 0.847 0.75 - 0.007 0.002
Syndrome PIK3R5 1 (G-A) 307792 ] 0.96 ] (C3)
rs64115| Missense (G- | 4363/ 0.38 - 0.001
6: CFB 0.571 0.005
Post Viral Fatigue 3 A) 216118 0.86 (CFB)
Syndrome 11:  |rs17293| Missense (C- | 4360/ 0.920 0.86 - 0.009 0.004
MMP10| 607 T) 216027 0.98 (Cbha)
41202/R53 rs80029 | Missense (G- | 2132/ 0.61 - 0.003
1: CFH 754 .01
Fatigue & Malaise c 2 A) 283735 075 0.94 0.010 (Bb)
rs93327| Missense (G- | 2547/ 1.05 - 0.002
6: C2 1.186 0.008
Ever CFS 39 O 121864 1.34 (Bb)
ver
6: CFB rs41516 | Missense (T- | 2547/ 1185 1.05 - 0.009 0.002
' 67 A) 121863 ' 1.34 ' (Bb)

3. Discussion

This study devised a novel pQTL-based approach to address clinical heterogeneity in ME/CFS
using genotype and pathway-focused stratification. Our analysis focused on complement pQTLs and
yielded several noteworthy findings. First, we observed significantly higher levels of C3 in ME/CFS
compared to NF controls, alongside a decrease in the ratio of Bb to C3, suggesting altered alternative
pathway activation in this disease. Second, we identified multiple complement pQTLs that were also
associated with disease status. These pQTLs included polymorphisms in C2/CFB (rs9332739 and
rs4151667 in LD) and CFH (rs800292). The ability of complement protein levels to distinguish between
ME/CFS and NF controls was improved when limiting the analysis to the genotype-restricted
subgroup. Cases and controls in this subgroup not only differed in C3 and Factor H levels but also
showed distinct patterns across multiple analyses that improved the model’s ability to distinguish
between the four subgroups and improved the odds of subgroup assignment, with proteins in the
genotype-restricted group also exhibiting more extensive associations with functional impairment
and patient health scores. Additionally, several pQTLs that we identified in our population with
functional consequences (non-synonymous SNPs: rs4151667, rs9332739, rs641153, rs800292, rs394811
and rs17293607) were found to overlap with SNPs that were significantly associated with fatigue-
related phenotypes listed in the UK biobank, demonstrating how integrating approaches may help
resolve inconsistencies across genetic studies of this heterogeneous disease. These findings stress a
link between complement system genetics, complement protein dysregulation, and ME/CFS
pathophysiology, while also providing an approach for the much-needed subgrouping of
heterogenous diseases such as ME/CFS.

Our association results reinforce the need to adjust data for covariates, such as age, sex, or BMI
when evaluating differences in complement components between ME/CFS and healthy controls;
adjustments likely important for other protein associations as well. Our findings of the influence of
age, sex, and BMI on the level of these proteins are largely in agreement with recently published
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results [36-38], requiring them to be used as covariates in the analysis of complement proteins using
genetic or non-genetic models. The complement dysregulation identified in our study of ME/CFS
persisted after covariate adjustment, highlighting its disease-specific nature rather than demographic
artifact. While age is known to influence certain classical complement components, such as declining
Clq levels in older adults [39,40], we only included age as a covariate in models where it was
empirically significant for our specific population, such as for Factor D. In contrast, BMI emerged as
a consistent covariate across multiple complement proteins — most notably C3 — likely reflecting
adipose-driven complement protein production [41-44]. This is particularly relevant for ME/CEFS,
where symptom severity and metabolic shifts may influence body composition. Of note, earlier
studies that did not control for BMI reported no differences in C3 between ME/CFS and controls
[20,45]. Sex was also considered when statistically warranted (Factor B and CRP) and adjustment
ensured complement differences were not driven by the unbalanced sex ratio observed in ME/CFES
[46]. Sex hormones and x-linked immune genes shape distinct immunologic profiles [47], and women
generally exhibit lower baseline complement levels [48,49]. Notably, the CFShet subgroup contained
no male participants, suggesting potential sex-dependent genotype effects that warrant future
stratified analyses, in line with other recent suggestions of ME/CFS immune subtyping by sex [50,51].

C3 is the central protein in the complement cascade regulated by three major pathways (classical,
lectin and alternate pathways) leading to a pathway-dependent C3 convertase converting C3 to C3b
and C3a. The classical/lectin pathways generate C3 convertase by combining C4bC2b, whereas the
alternative pathway contributes to C3 convertase (C3bBb) by binding of C3b to Bb (Bb results from
cleavage of Factor B by Factor D). An increase in plasma Bb is considered as a marker of complement
activation, whereas a decrease in Bb indicates complement inhibition resulting from the inhibitory
functions of Factor H [18]. High C3 and C3a, along with high CRP (previously reported in other
ME/CEFS populations [52,53]) hint at ongoing innate immune activation; however, concurrent high
Factor H (an alternative pathway inhibitor) and low Bb suggest increased complement inhibition in
our ME/CFS subjects. This could reflect a compensatory response or genetically driven dampening
of the alternative pathway in ME/CFS, especially in variant-carrying subgroups. Of note, a recent
plasma proteomic analysis in ME/CFS suggests a similar hypotheses of attenuated complement
activity, reflecting a compensatory mechanism and subsequent exhausted immune state in ME/CFES
[54]. Integrating genetic variant data, we found subjects carrying the risk allele in C2/CFB and CFH
(rs9332739 and rs1061170) had lower levels of Bb in plasma, and that Bb levels could be impacted by
the pQTL rs800292 in CFH, although this latter trans-pQTL was not directly associated with illness
(Armitage P=0.09). Notwithstanding, heterozygotes for rs9332739 in C2 and rs800292 in CFH resulted
in the highest AUC for prediction of illness status. Both rs9332739 (E318D) in C2 and rs800292 (V62I)
in CFH are missense pQTLs for Bb and both are reported to be protective for AMD [27-32,55].

There is limited information on the functional role of these pQTLs in the alternate pathway.
Other studies have documented their association with diseases that have seemingly unrelated clinical
presentations and pathologies. For example, studies of AMD and atypical hemolytic uremic
syndrome (aHUS), clinically different illnesses but both having overactivity of the alternative
pathway, identified defective regulation of the alternative pathway [56,57]. This differs from our
finding that at least a subset of ME/CFES subjects show inhibition of the alternative pathway through
what appears to be a genetically determined low level of Bb. Moreover, when C2 and CFH variants
were considered together, Bb and C3 levels showed stepwise opposing trends across the five
genotype combinations, most stark in the genotype group with the highest ME/CFS proportion.
These reciprocal trends point to a genetically encoded imbalance between complement precursor
(C3) and activation product (Bb), potentially reflecting dysregulated convertase activity in ME/CFS.
Correlation analyses between C3 or Bb protein levels and disease odds ratios revealed consistent
directional concordance across diverse genetic associations, reinforcing a model in which ME/CFS
genetic risk is linked to elevated upstream complement activity skewed toward C3 and away from
Bb.
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Higher complement inhibition and thus reduced Bb, as we see in this study, is also in agreement
with reported inhibition of the alternate pathway by the minor allele of rs800292 in CFH, due to the
strong binding of the variant to C3b [58,59]. Factor H and C3 protein were highly correlated, perhaps
resulting from increased inhibition of alternate pathway by Factor H [60], and both were present in
high levels in ME/CFS. Understanding these biological relationships is essential for interpreting
circulating levels of complement proteins in ME/CFS, as disease-associated changes may reflect both
direct dysregulation and broader shifts in pathway dynamics. For example, rs800292 in CFH is
reported as a potent regulator of matrix metalloproteinase-8 (MMP-8), a proinflammatory enzyme
conferring risk for cardiovascular diseases, and carriers of the rs800292 minor allele were found to
have decreased levels of serum MMP-8 [61]. CFH belongs to a family of 7 genes, denoted as
Regulators of Complement Activation (RCA), spanning a region of 360 kbp in chromosome 1 [59].
Mutations seen in RCA can act as both activators and inhibitors, offering the opportunity to regulate
their role in different diseases [62]. Notably, we identified one cis-acting pQTL for Factor H,
negatively regulating rs1065489 in CFH. This study also identified four disease-associated pQTLs for
C3 (rs6108 in SERPINAS5, rs3020729 in CD8A, rs1801058 in GRK4, rs9550987 in TNFRSF19). Although
C3 levels were significantly different between illness groups, we did not identify any co-localized cis-
QTL impacting both illness status and C3 level; however, circulating C3 levels were decreased by the
minor alleles of three cis acting intronic pQTLs (rs7257062, rs2241393, rs2241392), all of which
performed as strong predictors of illness status, with AUC > 0.78 and p-values below 0.006. Subjects
homozygous for major alleles of these three variants had higher levels of C3, but for unclear reasons
were not associated with ME/CFS. Of particular interest among pQTLs not associated with ME/CFS
are several pQTLs (rs17611, rs7037673, rs1468673, rs992670, rs7040319, rs4837805, rs17220750,
rs2416810, rs2300939, rs7026551) in the TRAF1/C5 region in chromosome 9 that impact circulating
Cba levels. Interestingly, QTLbase home database (www.mulinlab.org) lists rs7037673 as a pQTL for
C5 expression in the prefrontal cortex, supporting further investigation into complement-mediated
neuroinflammation in ME/CFS pathogenesis [63]. This variant also lies near TRAF1, a key component
of the TNF signaling cascade that promotes inflammatory cytokine expression, suggesting a potential
link between complement activity and neuroimmune signaling in ME/CFS. Overall, this approach
highlights the potential of complement-associated pQTLs to delineate biologically meaningful
markers and targets within ME/CFS.

Dysregulated complement activity in ME/CFS mirrors persistent complement activation,
impaired metabolic and immune responses, and altered inflammatory cytokine profiles, consistent
with chronic inflammation and incomplete post-infection resolution illnesses [64-73] reported in
other infection-associated chronic conditions and illnesses (IACCIs). Understanding the nuanced
differences in complement profiles across IACCIs may help explain why some individuals recover
while others develop chronic sequelae. Related but mechanistically distinct complement system
patterns are observed in other chronic immune or neurological conditions: in lupus, low CRP with
C3/C4 consumption impairs nuclear antigen clearance, whereas in ME/CFS, elevated CRP alongside
high Factor H and reduced Bb suggests suppressed clearance and unresolved inflammation driven
by host genetics [74-76]. In multiple sclerosis (MS), complement activation contributes to
demyelination, with high Factor H observed in some patients, despite a clear complement locus yet
to be identified— consistent with predominantly environmental/secondary involvement [79,80]. In
Alzheimer’s disease, complement-associated variants and insufficient control of complement-
mediated synaptic pruning implicate complement in neurodegeneration [81], pertinent given the
cognitive impairments seen in many ME/CFS patients. Notably, our identification of a trans-pQTL
for Factor H in TNFRSF19- a gene expressed in the central nervous system — suggests a link between
peripheral complement regulation and neuroimmune signaling in ME/CFS. Ultimately, these
findings position complement dysregulation not as an isolated feature but as a potential hallmark of
chronic immunoinflammatory disease, offering a framework for therapeutic targeting and for
refining biological subgroups across heterogeneous conditions.
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In summary, our study gives an example of a pQTL-based approach integrating genotype with
protein biomarker data that can uncover immune subtypes within a heterogenous disease, offering a
path forward for more personalized treatment strategies and mechanistic investigation. In addition,
our study identifies inflammation driven by high C3 — likely resulting from increased inhibition of
the alternative pathway — as a central feature in a genetically defined subgroup of ME/CFS. This
subgroup, identifiable by complement pQTLs, may benefit from targeted therapies such as C3-
lowering agents [82]. The complement abnormalities we observe mirror those in other IACClIs, where
imbalanced complement activity — whether genetically inherited or acquired — contributes to chronic
inflammation and tissue damage. Our findings add to this landscape by highlighting the genetic
variants in complement as a heritable contributor to ME/CFS susceptibility, where low basal
alternative pathway activity may predispose individuals to persistent inflammation following an
infectious or environmental insult. Complement also intersects with metabolic, endothelial, and
coagulation pathways, linking dysregulation to hallmark ME/CFS symptoms like fatigue and
bioenergetic stress [83].

The strengths of this study include use of participants from the population classified using a
standardized approach and employing a novel pQTL analysis. Limitations include the relatively
small number of ME/CFS patients, lack of racial diversity and cross-sectional data. Further study is
required to evaluate the generalizability of our findings. Future studies should expand this approach
genome- and proteome- wide and leverage resources like DecodeME or SearchMECES biorepository
to explore stratification strategies across diverse populations. In parallel, tracking complement
dynamics longitudinally — especially in patients with high-risk genotypes or post-infection — could
clarify disease trajectories and inform therapeutic targeting.

4. Materials and Methods

4.1. Subject Recruitment and Characteristics

This study included the 50 ME/CFS and 121 non-fatigued (NF) controls subjects from the
previously published genetic analysis focusing on inflammatory and immune-related pathways [3].
Briefly, participants were identified in the follow-up phase of the longitudinal study of ME/CFS in
Georgia. ME/CFS cases were identified with the operationalized 1994 international research case
definition [84]. Sample characteristics such as age, sex, body mass index (BMI), illness duration and
onset, and symptom and functioning scores across fatigue (multidimensional fatigue inventory, MFI-
20), functional status (SF-36), CDC symptom inventory (CDC-SI), and routine clinical tests results
(including hs-CRP) were recorded for every participant [3]. The source study was approved by the
Institutional Review Board of the Centers for Disease Control and Prevention and Abt Associates
(now Abt Global). All subjects gave written informed consent for participating in the study and for
anonymous testing and storage of biologic samples.

4.2. Plasma Protein and Complement Component Assays

Whole blood from each subject was collected in ethylenediaminetetraacetic acid (EDTA) tubes
and processed for plasma within 30 minutes to minimize ex-vivo activation of complements. Plasma
was separated, aliquoted, and stored at -70°C. A frozen plasma aliquot for each subject was shipped
to the CLIA-certified Complement Laboratory at the National Jewish Health, Denver, Colorado for
analysis of complement proteins/activation products using their validated clinical assays. Basic assay
methods included measuring levels of C3a, C5a, Bb, SC5b-9 and Factor D by ELISA, C3 by
nephelometry, and Factor B and Factor H by radial immunodiffusion. Results of hs-CRP testing were
retrieved from the study database.
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4.3. Statistical Analyses

4.3.1. Data Transformation

Statistical and genetic analyses were performed on log2-transformed values of the measured
proteins involved in the complement system (C3a, C5a, C3, Bb, SC5b-9, Factor D, Factor B, Factor H,
and CRP). This data transformation was based on the observed variance and distribution of protein
levels across all participants, performed using RStudio.

4.3.2. Data analyses and visualizations for group phenotypes and complement protein levels

A Wilcoxon rank-sum test was used to test for significant differences in age and BMI between
ME/CEFS and NF control subjects. Radar plots made in Microsoft Excel were used to display the mean
values for MFI-20 and SF-36 T-scores for both groups. A Pearson correlation test was performed to
assess the association of complement factor levels with each other.

4.3.3. Identification of Confounding Factors

A linear regression analysis was used to determine the bivariate association of circulating
complement protein levels with demographic features (or variables) recognized to be associated with
ME/CFS, such as age, sex, and BMI. Covariate adjustments specific to each circulating complement
protein based on these associations and those supported by the literature were included in
downstream analyses.

4.3.4. Analysis of Circulating Complement Proteins Between ME/CFS and NF Subjects

Either binary or multinomial logistic regression analyses were performed to test whether
individual complement proteins were significantly associated with group classification, maintaining
covariate considerations. In the 2-group analysis, ME/CFS cases status (Y = 1) vs. NF controls (Y=0)
was modeled as the binary outcome:

logit(P(Subject = Total NF)) = By, + B,(log,(Protein levels)) + B,(Covariate) ...+ ¢

In the 4-group multinomial model, subgroup assignment (Y = one of the four groups) was used
as the categorical outcome, with NFhet set as the reference category:

PGroup =K __ o\ 5 (logy(Protein levels)) + B,(Covariate) ..+
gP(Group=NFhet)_ Bo + P1(log,(Protein levels) B.(Covariate) ...+ ¢

For k € {CFShet,CFSrem, NFrem}
Likelihood ratio tests (LRTs) were performed to assess the overall contribution of each

complement protein to the model. For each protein, we compared the full model (including the
protein of interest as a predictor) against a reduced model (excluding the protein) using the following:

LRT statistic = —2 x (log likelihood of reduced model
— log likelihood of full model)

Where the full model is: Group ~ log,(Protein levels) + Covariates

And the null model is: Group ~ Covariates

Pairwise linear regression analyses were performed to directly compare log2-transfored protein
concentrations between groups while adjusting for covariates. These were applied to both the 2-
group and 4-group comparisons:

log,(Protein levels) = By + B1(Group) + B,(Covariate) ...+ ¢

Group was treated as a binary or categorical variable, and pairwise p-values were extracted
using estimated marginal means and post hoc contrasts to highlight specific group differences.
Boxplots and dot graphs were created using the R package ggPlot2 to visualize protein distributions
across groups.
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4.3.5. Analysis of Participant Survey Data with Circulating Complement Proteins

Linear regression modeling with previously noted covariate adjustments was performed to
assess complement protein levels with participant survey data. Specifically, log2-transformed plasma
protein levels were modeled as a function of continuous survey metrics (CDC-SI, MFI-20, and SF-36),
using the formula:

log,(Protein level)
= By + Bi(functional/health score)
+ B,(Covariate) ...+ ¢

RStudio was used to create a heatmap to display the regression (1 coefficient and the p-values
for each association. To illustrate specific trends, representative correlation dot plots with
corresponding R2 values were created for analytes with significant associations, capturing the
distribution of case- and control-level survey responses.

4.3.6. Analysis of SNP Associations with Circulating Complement Proteins

A genotypic logistic regression using an additive model was previously applied to assess 9,146
SNPs that passed Affymetrix Human Immune and Inflammation Chip quality control and their
associations with ME/CFS [3]. To investigate genetic variants for associations with complement
components, we performed covariate-adjusted linear regression analyses in RStudio comparing full
and reduced models for each SNP-protein pair. This analysis was conducted across all subjects,
without stratification by illness group, to assess genetic regulation of complement protein expression.
For each SNP-protein pair, a full linear model including the SNP genotype and relevant covariates
was compared to a reduced model excluding the genotype.

) Full model:
log,(Protein level)
= By + B1(SNP genotype coded additively)
+ B,(Covariate) ...+ ¢
Reduced model:
log,(Protein level) = B, + B,(Covariate) ...+ €

An F-statistic was calculated to compare the full and reduced models for each SNP-protein pair,
testing whether the inclusion of genotype significantly improved model fit. The p-value from the full-
versus-reduced (FvR) comparison was used to define significance. Additionally, Bonferroni
correction was applied to account for multiple testing across all models, and these results are reported
in Supplementary Tables 1-10. Allele frequencies, including the identification of major and minor
alleles for the genetic analyses, were determined using data from this study population.

4.3.7. Pathway Enrichment Analysis to Annotate SNP Associations with Circulating Complement
Protein Levels

The linear regression analysis identified 3,192 SNPs significantly associated with circulating
complement proteins (Full vs. Reduced Linear regression model, p <0.05). The 3,192 SNPs associated
with circulating complement protein levels were further filtered to identify top associations (Full vs.
Reduced Linear regression model, p < 0.01) for each measured complement protein. This analysis
resulted in 776 significant SNPs linked to complement protein plasma levels, representing a total of
359 unique genes. To investigate the distribution of significant SNPs across functional groups for each
protein, data was extracted from Metascape, Golden Helix SVS software, and the literature to create
a list of all genes with SNPs significantly associated with each complement protein and their function,
allowing assignment of to one of seven functional groups (Table S11). For each complement protein,
the number of significant genes and SNPs associated with each functional group was calculated.
Enrichment scores were computed by dividing the observed proportion of genes/SNPs in a functional
group within each complement factor’s “top hits” list by the expected proportion of genes/SNPs in
each functional group based on the overall distribution of significant genes/SNPs across all functional
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groups and complement factor “top hits” lists. The overall distribution of significant genes/SNPs
across all functional groups regardless of complement factor association was visualized by creating
a donut plot using Microsoft Excel. Lollipop plots were generated using R to visualize these
enrichment scores for each circulating complement protein measured, with the y-axis containing
functional groups and overrepresentation in a group indicated by an enrichment score > 1.

4.3.8. Analysis of SNP Associations with Circulating Complement Protein Levels and Disease Status

The 3,192 SNPs significantly associated with circulating complement proteins were compared
against the previously published 32 functional SNPs, 10 proxy SNPs, and 6 additional pyro
sequenced complement-linked SNPs significantly associated with ME/CFS (with sex and BMI
covariate adjustments) [3], identifying 16 SNPs in common with both analyses and therefore
associated with both disease status and circulating complement protein levels. These pQTLs were
also assessed for whether they were cis or trans-acting using the QTLbase home database
(www.mulinlab.org).

4.3.9. Analysis of the Directionality of Genetic Variant Traits with Disease Risk

To investigate the broader pattern of disease-associated SNPs with complement protein levels,
we assessed the relationship between the odds ratios (ORs) of significant genetic variants for ME/CFS
risk and beta coefficients for circulating complement protein levels. ORs were derived from
previously published SNP-disease associations (32 SNPs assessed against C3 beta values, and 27
SNPs assessed against Bb beta values) [3], and beta coefficients were generated from our circulating
complement protein-level QTL analyses using the log2-transformed plasma concentrations of each
complement protein. All SNPs previously reported as significantly associated with ME/CFS in the
prior study [3] were included in this analysis, regardless of functional consequence. Specifically, we
plotted ORs on the x-axis and corresponding beta values for C3 or Bb on the y-axis, with each point
representing a single SNP significantly associated with ME/CEFS status.

4.3.10. Genotype-Stratified Analysis to Identify ME/CFS Subgroup Related to Complement System
Dysregulation

The pQTLs identified in this study were evaluated for their ability to discriminate the illness
status and subgrouping of the subjects in the study. This was done by first prioritizing pQTLs with
high power for prediction of illness status by conducting a series of ROC analyses that split the
subjects based on genotypes of QTLs, with log2-transformed plasma complement protein levels as
the test variable. Specifically, participants were grouped by genotype at each SNP of interest, and
logistic regression models were used to calculate predicted probabilities for ME/CFS status. These
probabilities were then used to compute ROC curves and AUC values. Genotypes that resulted in
better discrimination of subjects” illness status as indicated by high Area Under the Curve (AUC
>0.75) were selected for combined analysis of markers to further improve the AUC for predicting
illness status. An example of grouping subjects based on two markers rs9332739 and rs800292 was
visualized to evaluate the discriminatory capacity of complement-associated pQTLs for potential
subgroup identification within the study population. This combined marker analysis conducted
using 1s9332739 and rs800292 considered ME/CFS participants with heterozygous genotypes at either
SNP as Subgroup A (CFShet), and the remainder (those without heterozygosity at either loci) were
assigned to Subgroup B (CFSrem). Similarly, NF controls with heterozygous genotypes at either
marker were assigned to Subgroup C (NFhet), and all remaining controls were assigned to Subgroup
D (NFrem). Of note, no individuals carried the homozygous risk genotype for rs9332739 (C/C), while
five individuals carried the homozygous risk genotype for rs800292 (T//T). Because subgrouping was
based on genotypes with the strongest predictive value and sufficiently robust sample sizes, two
individuals (one ME/CEFS case and one NF control) who were homozygous for the rs800292 risk allele
were included in the broader CFSrem or NFrem groups, rather than in the heterozygous subgroup.
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This four-group classification was applied to assess refined stratification of disease status and to
characterize potential genotype-informed subgroups. Logistic models were rerun using these
stratified groups to evaluate differences in complement protein levels, as described in 4.3.4., and ROC
performance across identified subgroups.

4.3.11. Comparison of Significant SNPs Between Our Population and the UK Biobank

To assess overlap between our top genetic variant associations and previously reported
ME/CFS-related SNPs, we compared the top 50 SNP associations for each of the nine measured
complement proteins with publicly available genome-wide association data from the UK biobank
[85,86]. Specifically, we extracted SNPs significantly associated with ME/CFS-related phenotypes —
including the groups Chronic Fatigue Syndrome, Post Viral Fatigue Syndrome, the broader R53
Fatigue and Malaise category, and Ever CFS (recovered ME/CFS subjects) — from the UK Biobank’s
large population-based prospective study. We then evaluated whether any of the top complement
protein-associated SNPs in our dataset overlapped with those reported for these fatigue-related
phenotypes in the UK biobank, and compared variant details, p-values, and odds ratios for common
SNPs.
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