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Abstract

Background Proteins and RNA circulate in plasma and can offer insights into human
physiology. Yet, despite their clinical importance, direct comparisons between these
analytes remain unexplored.
Methods: Here, we measure and compare plasma cell-free RNA (cfRNA) and protein levels
for 263 children diagnosedwith inflammatory diseases, specifically either Kawasaki disease
(KD) or Multisystem Inflammatory Syndrome in Children (MIS-C), by RNA sequencing
(n = 108 KD and n = 47 MIS-C, mean age=4.2 years) and SomaScan proteomics (n = 70 KD
and n = 101 MIS-C, mean age=6.8 years).
Results Here we show that cell-free RNA and protein levels are largely uncorrelated across
samples (feature-by-sample correlation coefficient 0.052; median feature-level correlation
coefficient 0.009). Nonetheless, machine learning models based on either modality
distinguish KD fromMIS-C with similar high accuracy (median area under the curve greater
than 0.93). Analysis of KD subtypes reveals distinct cell-free RNA and protein signatures,
with one group showing molecular similarity to MIS-C.
Conclusions These findings underscore the complementary nature of cell-free RNA and
protein profiling and highlight the utility of integrating multiple plasma analytes to improve
disease classification and deepen our understanding of complex inflammatory conditions.

Blood-borne bio-analytes such as cfRNA and proteins in plasma are
increasingly used in diagnostic medicine and therapeutic development.
Protein biomarkers are frequently used in translational research and clinical
practice due to their biological origin, their direct or indirect roles as
therapeutic targets, and their accessibility in plasma. Recent advances in
high-throughput proteomics, including mass spectrometry and affinity-
based assays, have expanded the quantifiable proteome to thousands of
distinct proteins1. Despite this promise, high-throughput proteomics
assays still face challenges. Mass spectrometry often requires extensive
pre-fractionation and complicated sample preparation, which can limit
throughput, increase costs, and introduce variability in large-scale
analyses1,2. Affinity-based assays, including Olink and SomaScan, cir-
cumvent some of these issues but are constrained by antibody or aptamer
specificity and remain expensive, limiting their widespread use in routine

diagnostics and drug screening1. Recent comparisons of SomaScan and
Olink have shown limited agreement3 (median rho = 0.26), drawing into
question the best platform for plasma-based proteomics. Moreover, the
large dynamic range of protein concentrations in plasma adds further
complexity for detection and quantification irrespective of the assay
platform4.

cfRNA is an emerging circulating bio-analyte thatmay address someof
these challenges. cfRNA can bemeasured by RNA sequencing, which tends
to be highly reproducible and benefits from a continued reduction in cost5.
Its origins in both cell death and damage and active excretionmake it highly
dynamic and responsive to immune, infectious, and inflammatory
disease6–8. However, cfRNA suffers from low biomass and is susceptible to
preanalytical factors that impact reproducibility. It is also relatively new to
clinical research and thus has not yet been implemented extensively at the
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Plain language summary

Proteins and cell-free RNA are molecules in
the blood that can be measured in plasma,
but it is unknown whether they contain over-
lappingor non-overlapping information about
disease. We compared these two plasma
analytes in children with Kawasaki disease
and MIS-C, two serious pediatric inflamma-
tory illnesses. We collected plasma samples
and used laboratory tests to measure thou-
sands of proteins and cell-free RNA and
applied statistical and machine-learning
methods to compare them. We found that
protein and cell-free RNA levels were weakly
related, but both can be used to differentiate
Kawasaki Disease and MIS-C with high
accuracy. These results suggest that com-
bining several blood analytes may improve
diagnosis and deepen understanding of
inflammatory diseases.

Communications Medicine |           (2026) 6:252 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-026-01489-7&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-026-01489-7&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-026-01489-7&domain=pdf
http://orcid.org/0009-0008-1811-3878
http://orcid.org/0009-0008-1811-3878
http://orcid.org/0009-0008-1811-3878
http://orcid.org/0009-0008-1811-3878
http://orcid.org/0009-0008-1811-3878
http://orcid.org/0000-0002-3149-2699
http://orcid.org/0000-0002-3149-2699
http://orcid.org/0000-0002-3149-2699
http://orcid.org/0000-0002-3149-2699
http://orcid.org/0000-0002-3149-2699
http://orcid.org/0000-0001-5679-1217
http://orcid.org/0000-0001-5679-1217
http://orcid.org/0000-0001-5679-1217
http://orcid.org/0000-0001-5679-1217
http://orcid.org/0000-0001-5679-1217
http://orcid.org/0000-0001-6085-7311
http://orcid.org/0000-0001-6085-7311
http://orcid.org/0000-0001-6085-7311
http://orcid.org/0000-0001-6085-7311
http://orcid.org/0000-0001-6085-7311
mailto:vlaminck@cornell.edu
www.nature.com/commsmed


point of care9. Further evaluation is therefore needed to confirm its diag-
nostic performance relative to more established proteomic approaches.

To address these gaps, we investigated the agreement and diagnostic
performance of high-throughput analysis of protein and RNA in plasma.
Previous studies have compared protein and RNA profiles in other
tissues10,11, but nodirect comparisons of cfRNAandprotein levels in plasma,
where these analytes have high clinical relevance, have been performed.We
used cfRNA sequencing and proteomics profiling by SomaScan for two
overlapping pediatric inflammatory syndromes—KDandMIS-C.Our aims
were i) to compare the abundance and correlation of cfRNA and proteins
measured inmatchedplasma samples, ii) to identify bothunique and shared
molecular signatures associated with each condition and its subtypes, and
iii) to evaluate the performance of cfRNA- and protein-based models in
classifying KD and MIS-C.

We find that cell-free RNA and protein levels measured by RNA
sequencing and SomaLogic proteomics are largely uncorrelated across these
samples. Nonetheless, despite this lack of correlation, we find that highly
accurate classifiers can nonetheless be developed to elucidate disease
pathogenesis and heterogeneity based on both modalities. This study
underscores the potential utility of differing molecular assays to refine
diagnostic and therapeutic strategies.

Methods
Ethics Statement
The Cornell University IRB for Human Participants (2012010003), New
York, NY, approved the protocols for this study. All samples and patient
information were deidentified for analysis and shared with collaborating
institutions. At UCSD, the IRB reviewed and approved collection and
sharing of samples and data (IRB #140220). Signed consent and assent as
appropriate were provided by the parent(s) and pediatric patient,
respectively.

Clinical cohort. We examined a cohort of 263 pediatric patients diag-
nosedwithKDorMIS-C at RadyChildren’sHospital–SanDiego between
2006 and 2021. Two experienced KD clinicians (AHT and JCB) con-
firmed each diagnosis in accordance with American Heart Association
criteria for both complete and incomplete KD12, and clinical data were
prospectively recorded at the time of diagnosis. Among these patients,
plasma samples for 155 (n = 108 KD and n = 47MIS-C) were analyzed by
cfRNA sequencing. In a previous study13, KD cases were further cate-
gorized into four subgroups (n = 26 Subgroup 1, n = 26 Subgroup 2,
n = 26 Subgroup 3, n = 23 Subgroup 4). Additionally, we performed
SomaScan proteomic analysis on samples from 171 patients (n = 70 KD
and n = 101 MIS-C), which included 54 KD patients who had been
categorized by subgroups (n = 9 Subgroup 1, n = 13 Subgroup 2, n = 17
Subgroup 3, n = 15 Subgroup 4). A total of 63 patient samples were
included in both the cfRNA and proteomic analysis.

Sample collection and cell-free RNA sequencing. Plasma samples
were collected at UCSD in lavender-top EDTA tubes prior to treatment.
Samples were centrifuged at 2,000 g for 10 min and stored at−80 °Cprior
to shipping. cfRNA was extracted and cDNA libraries were prepared for
sequencing. Sequencing data was analyzed as previously described
in ref. 6.

Sample Quality Control. Quality control was performed using the
sequencing data by assessingDNAcontamination, rRNAcontamination,
total counts, and RNA degradation. DNA contamination was estimated
based on the intron-to-exon read mapping ratio, while rRNA con-
tamination was measured with SAMtools (v1.14). Total counts were
computed using featureCounts30 (v2.0.0), and degradation was esti-
mated by calculating the 5′-to-3′ read alignment bias with Qualimap31
(v2.2.1). Samples were excluded if the intron-to-exon ratio exceeded 3, if
total counts were below 75,000, or if the 5′-to-3′ bias exceeded 2.

SomaScan analysis. Plasma samples from the same collection used for
cfRNA were sent to SomaLogic for proteomic profiling using the
SomaScan 7 K assay. Raw and ANML SMP normalized data using a
pediatric normalization reference were provided by SomaLogic.

Differential abundance analysis. We assessed transcript abundance
using a negative binomial model and applied variance stabilizing trans-
formation (VST) via the DESeq2 R package14.

Machine learning. The data were split into training and test sets at a
70:30 ratio over 250 iterations to minimize random seed variability. This
splitting was performed for each sample subset (all data, matched sam-
ples, matched features, and both matched) for a total of 1000 iterations
across all subsets. Class proportion was preserved across splits in all
subsets tominimize the effects of class imbalance. Differential abundance
analysis was then performed on the training data, filters by adjusted P-
value < 0.05, basemean abundance > 50, and an absolute log2 fold change
> 1. The test set was excluded from threshold determination to prevent
overfitting.

Raw counts for the training, validation, and test sets were each
normalized via variance-stabilizing transformation (VST), and transcript
subsets were formed based on the selected features. Variance stabilization
was performed using DESeq2, with the dispersion function from the
training set applied to transform the validation and test sets. Model
training incorporated fivefold cross-validation and grid search hyper-
parameter tuning using GLMNET with Lasso regularization15, selected
for its previous high performance with RNA6, which reduced irrelevant
feature coefficients to zero and selecting only the most informative
transcripts, a critical feature in establishing an accessible clinical
diagnostic tool.

For each model, classification score thresholds were established using
Youden’s index on the training data. The trainedmodels were subsequently
used to predict labels in the validation set, and performance was measured
by the area under the ROC-AUC. Predictions on the test set employed the
same Youden’s index threshold derived from the training set.

To quantify model stability, classification performance using 5-fold
cross-validation was computed. Pooled 95% confidence interval across
seeds (computed as the 2.5th and 97.5th percentiles of the 250 seed-level
mean accuracies), mean seed-level confidence interval bounds, and dis-
tribution of confidence interval widths for cross-validation are shown in
Supplementary Table 3.

Cell type enrichment analysis. Cell enrichment analysis was performed
via single sample gene set enrichment analysis (ssGSEA) using the GSVA
package in R16 (ssgsea.norm = FALSE, tau = 0.75, parallel.sz=10,
min.sz=10), instead using Tabula Sapiens v2 as the reference gene set to
annotate enrichments to cells rather than pathways. We performed
pathway and network analysis using Ingenuity Pathway Analysis17 (IPA,
QIAGEN).

Ingenuity pathway analysis. We performed pathway and network
analysis using Ingenuity PathwayAnalysis (IPA, QIAGEN) separately on
cfRNA and protein expression datasets. The top five enriched pathways
were determined by successive removal of pathways sharing greater than
75% of annotated features with the top enriched pathway. Pathways
annotated as cancer-specific were excluded from the results to avoid
overrepresentation.

Statistical analyses. All statistical analyses were conducted using R
(v4.1.0). We determined statistical significance with two-sidedWilcoxon
signed-rank tests, two-sided Mann-Whitney U tests, and Welch two-
sample t tests. In boxplots, the box edges represent the 25th and 75th
percentiles, the central line indicates the median, and whiskers extend to
1.5 times the interquartile range beyond the hinge.
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Results
Clinical cohort
We enrolled and analyzed plasma samples from 263 pediatric patients
diagnosed with Kawasaki Disease (KD) or Multisystem Inflammatory
Syndrome in Children (MIS-C) at Rady Children’s Hospital San Diego
(RCHSD) / University of California San Diego (UCSD). Of these,
155 samples were profiled by cfRNA sequencing (108 KD, 47 MIS-C) and
171 were analyzed using the SOMALogic SomaScan platform (70 KD, 101
MIS-C), with 63 samples profiled by both methods (24 KD, 39 MIS-C)
(Fig. 1A). KD caseswere further stratified into clinical subtypes according to
classification criteria defined by Wang et al.13. All samples were collected
during the acute phase of illness and prior to treatment with intravenous
immunoglobulin (IVIG).

Lack of correlation of cfRNA and protein levels
To assess how plasma cfRNA and proteins compare as potential diagnostic
biomarkers, we first compare the biomolecular features captured by each
assay. We conduct untargeted cfRNA profiling by RNA sequencing and
assign the reads to a total of 59,428 annotated features. For proteomics, we
use the SOMALogic SomaScan affinity-based platform, which contains
7,310 targeted aptamers to 6,397 unique proteins3. Of these, 6,292 overlap
with the cfRNA features (Fig. 1B). We evaluate global similarities by mea-
suring the correlation of all molecules in paired samples. We observe no
overall correlation (Pearson r = 0.052, Spearman rho = 0.131) when com-
paring counts permillion (cfRNA) to adaptive normalization bymaximum
likelihood relativefluorescence units (ANMLRFUs, protein, Fig. 1C).At the
individual feature level, protein and RNA levels are uncorrelated (median
Pearson r =−0.008), suggesting that cfRNA and protein capture largely
distinct plasma biomolecular landscapes. Randomly shuffling sample
identifiers and feature labels produces similar distributions centered around
zero correlation (Fig. 1D).

Differentially abundant features and pathways
Given the observed lack of correlation between cfRNA and proteins in
plasma, we asked how each analyte distinguishes betweenKDandMIS-C—
two clinically overlapping yet pathologically distinct pediatric inflammatory
conditions18. We perform differential abundance and pathway analyses for
both cfRNAand proteins and compare their significant features (Methods).
Overall, we identify 439 differentially abundant cfRNA transcripts and 63
differentially abundant proteins (BH adjusted p-value < 0.05 and |log2 fold
change | > 1, Fig. 2A).

While cfRNA and proteins show similar ranges of fold changes (log2:
cfRNA = [−2.71, 1.68], protein = [−1.75, 2.75]), 68 cfRNA features—ver-
sus only one protein—exhibit a log2 fold change greater than 2 (Fig. 2A).We
observe more differentially abundant proteins upregulated in KD than
cfRNA (protein n = 40, RNA n = 27, log fold change > 0), with only two
features, COL10A1 and CCL5, upregulated across both datasets. The dif-
ferences between cfRNA and protein become more pronounced in MIS-C,
where 412 features were upregulated in cfRNA but only 23 in protein
(Fig. 2B). Among these, 5 (IL1R1, LAP3, CXCL10, CNDP1, VSIG4) are
upregulated in both analytes. Several of these (IL1R1, CXCL10, VSIG4) are
known to contribute to immune activation and response19–21, suggesting that
despite limited overall overlap at the molecule level, cfRNA and proteins
may converge on immune-related features.

To contextualize the differentially abundant cfRNA and proteins
within larger-scale cellular functions, we perform pathway analyses using
Ingenuity Pathway Analysis (IPA) (Methods, Fig. 2C). In KD, the top-
enriched pathways in cfRNA highlight active immune and inflammatory
responses, most notably hematoma resolution and cellular effects of
Sildenafil22, suggesting transcriptional regulation of acute vascular pathol-
ogy. In contrast, protein-based pathways in KD include IL-4 signaling,
myelination signaling, and collagen chain trimerization, which reflect
downstream effects on inflammation, cellular function, and tissue

Fig. 1 | Overview of study analytes and samples.
A cfRNA sequencing and SomaScan from plasma
sample composition by condition and analyte.
B Sample and feature overlap across cfRNA and
protein assays. C Correlation of feature expression
in 63 matched samples. D Distributions of indivi-
dual feature correlations compared to correlations
of randomized samples and features.
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remodeling. In MIS-C, cfRNA analysis reveals disruptions in neuronal and
intracellular signaling pathways (e.g., phagosome formation and synapto-
genesis). Conversely, protein analysis points to inflammatory andmetabolic
dysregulation, such as p38MAPKsignaling, natural killer cell signaling, and
IL-10 signaling, highlighting active immune processes not captured at the
transcript level. These findings suggest that cfRNA and protein analyses
provide complementary insight, with cfRNAcapturingupstream regulatory
processes and protein revealing downstream functionality. This analysis
reinforces the complementary nature of both analytes to gain a more
complete understanding of pathophysiology.

Both cfRNA and protein can classify KD and MIS-C
Because no molecular tests currently exist for KD or MIS-C, we evaluate
whether plasma cfRNA, proteins, or both can be used to develop diagnostic
signatures. To do so, we train machine learning classifiers using repeated
cross-validation (Methods). Specifically, we train a generalized linearmodel
with LASSO regression (GLMNETLasso) to optimize biomarker panel size
via regularization.Across 250 iterations,we observe similar performance for
models trained on cfRNA and protein profiles, with a median test AUC

across iterations of 0.940 for cfRNA and 0.937 for protein (p = 0.8602,
Fig. 3C). While performance is similar for both analytes, the cfRNA clas-
sifiers achieve this high performance using fewer features (Fig. 3D). To
dissectwhether theseoutcomesare influencedby sample compositionor the
number of available features, we repeat the cross-validation analysis for
three scenarios: matched samples (n = 63), matched features (n = 6,292),
and matched samples and features (Fig. 3E). Matching samples reduces
performance for both cfRNA (median AUC = 0.896) and protein (median
AUC= 0.870), highlighting the impact of sample size on classification
accuracy (p = 6.528e-06). When only features are matched, proteomics
(median AUC = 0.933) outperforms cfRNA (median AUC= 0.877,
p = 2.2e-16), suggesting that the broader biomarker repertoire of cfRNA is a
key driver of its classification power. With both samples and features
matched, cfRNA (median AUC= 0.883) and protein (median AUC=
0.857) perform similarly with a slight improvement in cfRNA (p = 3.148e-
4), again indicating comparable performance in distinguishing KD from
MIS-C. Finally, we examine which biomarkers were most frequently
selected across the full dataset and target space. Six gene transcripts
(RN7SL752P, TCF7, CA1, IFIT2, GBP5, MAP3K7CL) appear in more than
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50% of cfRNA-based models, while seven proteins (COL10A1, PLA2GA,
DEFB4A,CCL17,PI3, LAP3,PDIA5) are selected in themajorityofprotein-
basedmodels. Figure 3F)Notably, LAP3 is one of themost frequent features
selected in both analytes, which suggests a more ubiquitous expression
across RNA and protein that is relevant to KD.

KD subtyping based on cfRNA and protein profiles
A recent study demonstrated that KD patients can be stratified into four
subtypes based on 14 clinical variables, each associated with distinct clinical
outcomes and molecular profiles13. These subtypes align with specific
hallmark features: subtype 1 is linked to elevated liver involvement, subtype
2 to increased band neutrophil activity, subtype 3 to pronounced lympha-
denopathy, and subtype 4 to a lower average age of onset of disease. Given
the different molecular perspectives offered by cfRNA and protein, we
examine whether these more granular phenotypic differences are more
clearly captured by one analyte compared to the other, and whether the

three clinical variables present in the data (ALT, GGT, and CRP) are dif-
ferentially expressed in any subtype for each analyte, and if they correlate
with the measured clinical lab values. We perform differential abundance
analyses of cfRNA and proteins for each KD subtype relative to MIS-C. All
KD subtypes exhibit both differentially abundant cfRNA transcripts and
proteins, except subtype 2, in which only one protein, CCL17, is differen-
tially abundant when compared to MIS-C (Fig. 4A). This suggests that
subtype 2 may share greater molecular similarity with MIS-C than with
other KD subtypes. Consistent with these findings, repeated cross-
validation analyses reveal comparably high accuracy for cfRNA- and
protein-basedmodels in distinguishing the other KD subtypes fromMIS-C;
however, classification accuracy for subtype 2 is notably lower in the
protein-based models at only 52%, suggesting the model is incapable of
distinguishing subtype 2 from MIS-C (Fig. 4B). Together, these results
support an elevatedmolecular similarity between subtype 2 andMIS-C that
may influence clinical presentation.
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Analysis of the clinical biomarkers partially recapitulates the
known features of each KD subtype: in cfRNA, CRP expression is sig-
nificantly elevated in subtypes 1 (padj = 0.01), 3 (padj = 5.79e-04), and 4
(padj = 5.09e-08), consistent with the cardiac-associated phenotype of
subtype 4, which shows the greatest fold change (|log FC | = 4.06).
cfRNA for neither CRP (r = 0.032) nor ALT (r =−0.043) is well corre-
lated with the respective clinical lab value, suggesting a unique mea-
surement captured in cfRNA. In the protein data, ALT is the only
significantly differentially expressed marker, elevated only in the liver-
associated subtype 1 (padj = 7.54e-06), and while CRP (r = 0.121) is not
well correlated with the clinical lab value, ALT is (r = 0.722). These
results highlight that cfRNA and protein data capture different aspects
of subtype-specific biology, each reflecting distinct dimensions of
proximity to the underlying clinical phenotype. Notably, ALT is the only
marker that showed a strong correlation with its clinical counterpart,
consistent with its role as a liver-derived enzyme whose protein abun-
dance more directly reflects hepatocellular injury and leakage into
circulation.

To further explore subtype-specific differences, we perform single-
sample gene set enrichment analysis (ssGSEA) using the Tabula Sapiens cell
type reference (Methods, Fig. 4C). The top-enriched cell type differs across
KD subtypes and often diverges between cfRNA and protein data. For
instance, subtype 1—known for liver-enriched pathophysiology—exhibits
increased liver-associated transcripts in cfRNA, yet a similar pattern is not
seen in the protein data despite hepatocytes being the most enriched cell
type in the protein data. In contrast, immune cell types—particularly
granulocytes in subtype 2 and CD4-positive helper T cells in subtype 4—
display more consistent enrichment patterns across both cfRNA and pro-
tein, underscoring a shared underlying immune activation. These results
suggest that cfRNA may better capture the subtype-specific clinical phe-
notypes, but better concordance between cfRNA and protein may be in
detecting immune-related molecular features and pathways.

Discussion
We compared two high-throughput platforms for plasma bio-analyte
analysis, RNA sequencing of cell-free RNA (cfRNA) and SomaScan
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proteomics of circulating proteins, to evaluate both their concordance and
their utility in disease classification. Previous studies of mRNA–protein
relationships in tissues and whole blood have reported only modest
correlations10,11 (0.3–0.6), reflecting themultiple biologicalmechanisms that
decouple transcript and protein levels. Post-transcriptional regulation,
protein turnover, and dynamic transitions from transcription to
translation23–26mayall contribute to this discordance in addition to technical
differences in the measurement platforms. Future studies incorporating
additional independent cohortswill be essential to assess the generalizability
of these findings and establish the biological mechanisms underlying
cfRNA–protein discordance.

Here, we found that cfRNA transcripts and proteins are essentially
uncorrelated on a feature-by-feature basis, suggesting that each platform
captures a distinct aspect of underlying biology. Indeed, the correlations
between plasma RNA and proteins observed here are considerably weaker
than the correlations reported in tissues and whole blood, indicating that
additional factors such as release mechanisms, stability, and clearance may
further disrupt any residual tissue-level concordance. The greater abun-
dance and dynamic range of plasma proteins also may contribute to
increased difficulty in detecting differential protein expression compared to
RNA4. Notably, in MIS-C, there were substantially more differentially
abundant transcripts than proteins, which could reflect increased cfRNA
release triggered by tissue damage during systemic inflammation. Thus, it is
likely that these differences arise from biological processes rather than
technical artifacts. Despite minimal overlap at the individual molecular
level, both cfRNA and protein converged on immune pathways, with
cfRNA often revealing upstream regulators (e.g., interferon-inducible
genes) and protein data highlighting downstream effectors (e.g., inflam-
matorymediators). Together, these findings suggest that combining cfRNA
and protein measurements can lead to a more comprehensive perspective
on pathophysiological processes.

Previous work has established the ability of cfRNA to correctly classify
KD andMIS-C6.Whenwe usedmachine-learningmodels to classify KDvs.
MIS-C in both cfRNA and protein, both classifiers achieved high accuracy
but selected different sets of diagnostic features. The cfRNA models
emphasized immune-related transcripts (e.g., TCF7, which regulates the
development of immune cells and inflammation27, IFIT2, which regulates
interferon expression28, GBP5, which contributes to inflammasome
assembly and is induced by interferon29, andMAP3K7CL, which has been
implicated in pediatric sepsis30. Of note, the models all included
RN7SL752P, a pseudogene, suggesting additional diagnostic information
containedwithin non-protein-coding transcripts. Proteinmodels also chose
immune-related features (e.g., DEFB4A, a defensin that can be and found in
vascular endothelial cells31, COL10A1 and COL1A1, involved in immune
cells recruitment32,33, PI3, an antimicrobial peptide34, and LAP3, a metal-
lopeptidase implicated in T cell depletion35. CCL17, a cytokine implicated in
immune processes including arthritic disease and skin inflammation36,37,
was themost differentially abundant protein we observed inKD, suggesting
a possible connection between its expression and the clinical presentation of
skin inflammation seen in KD patients.

Our targeted evaluation of clinical biomarkers previously used to
establish subtypes of KD13 showed that cfRNA CRP and protein ALT
measurements exhibited subtype-specific differences that partiallymirrored
known clinical patterns, yet these did not uniformly translate into parallel
shifts across both analytes in accordance with serum marker expression.
Together, these observations suggest that a biomarker’s position along the
transcriptional and translational pathway does not straightforwardly
determine its concordance with clinical measurements and phenotypes,
allowing cfRNA, proteins, and standard laboratory values to diverge while
still offering complementary views of the same disease process.

Further analysis of KD subtypes revealed that subtype 2 proved the
most challenging to distinguish from MIS-C, with few or no differentially
abundant proteins identified. This may stem from an infectious trigger
common to both conditions, as suggested by ahigher incidenceofKD shock
syndrome (KDSS) in subtype 2. Afinal point of interest was the discrepancy

in liver-derived signals for KD subtype 1: cfRNA revealed elevated liver
transcripts, yet proteomic data did not mirror this trend, even though
classical protein-based liver function tests alignwith clinical pathology. This
highlights the ability of cfRNA to capture dynamic changes that manifest
clinically on a finer scale. These findings illustrate how clinical assays,
affinity-based proteomics, and cfRNA profiling each capture unique facets
of disease.

High-throughput proteomics platforms continue to evolve, with
debate ongoing over their optimal role in large-scale research and clinical
settings. While mass spectrometry has been a gold standard for protein
discovery, affinity-based methods such as SomaScan and Olink can profile
thousands of targets fromminimal volumes but are susceptible to platform
biases and remain expensive ($750-1000). Proteomic platforms have shown
a lack of interplatform agreement, coverage, and reproducibility1, under-
scoring the importance of platform choice in interpreting results38. Emer-
ging lower-cost approaches, including magnetic bead–based enrichment
workflows39 (e.g., MagNet) and paramagnetic bead–based kits40 (e.g.,
ENRICH-iST), have demonstrated the ability to identify thousands of
plasma proteins with high reproducibility, automation, and tissue-enriched
coverage, representing promising directions for scalable plasmaproteomics.
In contrast, cfRNA profiling offers a real-time snapshot of gene expression
at comparatively lower costs (~$150 per sample) and the option to convert
detection of cfRNA to a quantitative PCR platform. However, widespread
clinical implementation of cfRNA assays will require new protocols,
workflows, and infrastructure.

Taken together, our results underscore the complementary nature of
cfRNA and protein as blood-based biomarkers. Ultimately, integrating
cfRNA and protein analyses together could enhance molecular character-
ization, improve disease classification, and guide more targeted therapeutic
approaches.

Data availability
De-identified RNA-seq count matrices and have been deposited in the
NCBI Gene Expression Omnibus (GEO) database (GSE255555). All figure
source data has been uploaded to GitHub. The source data for Figs. 1–4 are
available in the corresponding figure source data files (Fig. 1A, Fig. 1B, Fig.
2A, etc.) within the same GitHub repository. (https://github.com/adb258/
cfRNA_proteins_manuscript.git).

Code availability
All associated code and has been uploaded to GitHub (https://github.com/
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