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Advances in next-generation sequencing technology have identified
many genes responsible for inborn errors of immunity (IEl). However,
there is still room for improvement in the efficiency of genetic diag-
nosis. Recently, RNA sequencing and proteomics using peripheral
blood mononuclear cells (PBMCs) have gained attention, but only
some studies have integrated these analyses in IEl. Moreover, pre-
vious proteomic studies for PBMCs have achieved limited coverage
(approximately 3000 proteins). More comprehensive data are needed
to gain valuable insights into the molecular mechanisms underlying
IEI. Here, we propose a state-of-the-art method for diagnosing IEI
using PBMCs proteomics integrated with targeted RNA sequencing
(T-RNA-seq), providing unique insights into the pathogenesis of IEI.
This study analyzed 70 IEI patients whose genetic etiology had not
been identified by genetic analysis. In-depth proteomics identified
6498 proteins, which covered 63% of 527 genes identified in T-RNA-
seq, allowing us to examine the molecular cause of IEI and immune
cell defects. This integrated analysis identified the disease-causing
genes in four cases undiagnosed in previous genetic studies. Three
of them could be diagnosed by T-RNA-seq, while the other could
only be diagnosed by proteomics. Moreover, this integrated analy-
sis showed high protein-mRNA correlations in B- and T-cell-specific
genes, and their expression profiles identified patients with immune
cell dysfunction. These results indicate that integrated analysis im-
proves the efficiency of genetic diagnosis and provides a deep un-
derstanding of the immune cell dysfunction underlying the etiology
of IEL. Our novel approach demonstrates the complementary role of
proteogenomic analysis in the genetic diagnosis and characteriza-
tion of IEIL

Proteomics | Inborn errors of immunity | Targeted RNA sequencing |

Genetic diagnosis

Patients with inborn errors of immunity (IEI), previ-
ously known as primary immunodeficiency disorders,
demonstrate increased susceptibility to infectious diseases,
autoimmunity, autoinflammatory diseases, allergies, and
malignancies(1). These conditions are generally caused by
monogenic germline defects resulting in the dysfunction of
encoded proteins. The latest classification of IEI from the
International Union of Immunological Societies (IUIS) Ex-
pert Committee includes 485 genes as genetic etiologies of
IEI, representing an increase of 55 genes since the 2019 IUIS
update(2). This breakthrough occurred predominantly due

to the application of next-generation sequencing (NGS) tech-
nologies, such as targeted gene panel NGS (T-NGS), whole-
exome sequencing (WES), or whole-genome sequencing(3-5).
Genetic diagnosis plays a pivotal role in the clinical manage-
ment in IEI patients because elucidating the molecular eti-
ology paves the way for fundamental therapies; 34% of ge-
netically diagnosed cases have distinct therapeutic options(5).
However, the diagnostic yield of NGS for IEI is still low and
is estimated to be approximately 30 to 40%(5-9). WES and
T-NGS have several inherent limitations, explaining these
undiagnosed cases. The most challenging of those limita-
tions is the difficulty of interpreting variants of unknown
significance(10, 11). Other drawbacks are the inability to de-
tect variants in noncoding regions(12).

RNA sequencing (RNA-seq) has been well employed as one
of the most valuable tools to study Mendelian disorders(10,
13), because it provides complementary information about the
downstream consequences of genomic variants, such as varia-
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tions in RNA abundance, allele-specific expression (ASE) and
alternative splicing isoforms(13, 14). Especially the use of tar-
geted RNA-seq (T-RNA-seq) is a well-established approach
for investigating low-abundance transcripts or low-input RNA
samples(15, 16) and is advantageous in studying IEI, in which
the expression of disease-causing genes is often suppressed.
Indeed, many studies on IEI have confirmed the effective-
ness of RNA-seq or T-RNA-seq(17-21). However, the diag-
nostic yield of TEI remains in the 7.5-36% range for patients
for whom T-NGS or WES is uninformative(10, 22, 23). One
of the most significant current discussions regarding RNA-
seq is the discordance of RNA and protein expression lev-
els. The controversy about the relationship between protein
abundance and its coding mRNA abundance has continued
unabated due to the development of high-throughput tech-
nologies that simultaneously interrogate the global abundance
of protein and mRNA (24-26).

More recently, researchers have shown an increasing in-
terest in proteomics due to technological advances in mass
spectrometry (MS)-based protein identification(27, 28). To
date, more than 90% of the proteins corresponding to
known protein-coding genes have been detected by MS-based
proteomics(29). A recent literature review concluded that
MS-based proteomics contributed substantially to our under-
standing of innate immunity(30). This review also pointed out
that overcoming problems associated with low abundance of
cellular fractions and high abundance of degradative proteases
will be required to obtain an unbiased and comprehensive pro-
tein profile. Since hematopoietic cells form the basis of the
pathogenesis of IEI, expression analysis of peripheral blood
mononuclear cells (PBMCs) is useful to determine the molec-
ular pathogenesis. However, previous PBMC proteomics stud-
ies using data-independent acquisition (DIA)-MS, which pro-
vides higher sensitivity, higher protein coverage, and greater
reproducibility than classic data-dependent acquisition, have
identified only approximately 3000 proteins(31-33). Consid-
ering that patients with IEI have a variety of immune cell de-
fects and disease-causing protein defects, more comprehensive
proteomic data are needed to gain rational insights into the
molecular mechanisms underlying aberrant immune systems.
A few studies have applied proteomics to the genetic diagnosis
of IEI(34, 35). However, the current study is the first to ex-
amine the utility of in-depth proteomics in integrated analysis
in combination with T-RNA-seq.

Here, we propose a state-of-the-art method for diagnos-
ing IEI, providing notable insights into the pathogenesis
of IEIL. Our single-shot DIA-MS approach, which was high-
throughput and cost-effective, enabled proteomic analysis of
PBMCs at greater depth. Furthermore, this improved analyt-
ical depth achieved protein coverage nearly equivalent to the
depth of transcriptome analysis by RNA-seq and allowed inte-
grated analysis with T-RNA-seq. This study aims to highlight
the complementary role of integrated analysis of proteomics
and T-RNA-seq to canonical genomic analysis in determining
the molecular pathogenesis of IEI.

Results

In-depth proteomic data from PBMCs covered many IEl-re-
lated genes. The current study encompassed a cohort of 70
patients diagnosed with IEI but without a known genetic eti-
ology. Of these, 48 patients underwent WES, and the re-

2 | www.pnas.org/cgi/doi/10.1073/pnas. XXXXXXXXXX

maining 22 underwent T-NGS of a 400 IEI gene panel. Prior
genetic analysis was conducted based on criteria established
by the American College of Medical Genetics and Genomics
(ACMG), along with the patients’ phenotypes and the dis-
ease’s inheritance mode. However, no pathogenic variants
were identified that satisfied these criteria. (SI Appendiz, Ta-
ble S1). The first set of analyses examined the eligibility of
the proteomic data. The initial processing of the proteomic
data identified 8857 proteins; after data optimization, 6498
(73% of detected proteins) proteins from 63 IEI patients and
six healthy controls (HCs) (91% of all participants) were re-
tained for downstream analysis (Fig 14, SI Appendiz, Dataset
S1). T-RNA-seq provided data for 527 IEI-related genes, al-
most all of which were highly enriched, in 63 cases (Fig 14,
SI Appendiz, Fig S1A and Dataset S2). We then removed
the genes with total read counts of less than 1000, leaving
T-RNA-seq data for 499 genes in 63 cases (Fig 1B). Surpris-
ingly, the refined proteomic data, which excluded nontarget
proteins such as plasma and RBCs, identified 8641 proteins
from PBMCs, covering 80% of the genes in T-RNA-seq (399
out of 496 genes; three noncoding genes were removed) (Fig
1C). Although filtering the data to remove proteins with high
missing values (MVs) reduced that coverage to 63% (314 out
of 496 genes) (Fig 1D), our proteomic data still maintained
high coverage. Overall, these results show that our proteomic
analysis covered many known IEI genes and allowed us to
perform integrated mRNA—protein analysis.

Detailed interpretation of proteomic data enabled optimiza-
tion of initial processing. We next performed data interpreta-
tion to ensure the validity and reproducibility of the proteomic
data. We excluded seven samples with a higher proportion
of MVs from this study (E1 to E7) based on the PCA for
raw data (Fig 1F). Regarding the assessment of MVs with
linear regression, the refined protein abundance and the pro-
portion of MVs showed a negative correlation, with an R-
squared value of 0.61 (Fig 1F), which was markedly higher
than that of the total protein abundance including nontar-
get proteins. Moreover, the distribution of mean expression
levels was biased toward lower levels for proteins with MVs
compared to those without MVs (Fig 1G). These results indi-
cated that MVs were abundance-dependent and left-censored.
Another significant aspect of this result is that the difference
in R-squared values between total proteins and targeted pro-
teins indicates that the dominance of nontarget proteins over-
whelmed the abundance of the proteins of interest and in-
creased the number of MVs (Fig 1F). Regarding MVs being
left-censored data, we adopted small-value imputation meth-
ods separately for exploratory and diagnostic analyses. Con-
sidering that the MVs were below the detection limit, the
zero-value method was adapted for the diagnostic analysis.
Meanwhile, the minimum deterministic method was selected
for the exploratory analysis because distance-based clustering,
such as the k-means method, is not sensitive to zero value, es-
pecially in cases with a small k value. Then, based on the
results of the NormalyzerDE comparison, we normalized the
imputed data with quantile normalization and robust linear
regression normalization (SI Appendiz, Fig S1B). Similarly,
we normalized the T-RNA-seq data with the variance sta-
bilizing transformation method (SI Appendiz, Fig S1C). In
summary, our data interpretation approach revealed the na-
ture of the MVs and allowed data optimization (SI Appendiz,
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Dataset S1).

Diagnostic analysis identifies disease-causing protein. Our
study allows direct comparison of protein and mRNA expres-
sion profiles because the data were generated from the same
specimens. Therefore, we examined the utility of proteomic
analysis in genetic diagnosis by comparing the protein and
mRNA expression levels of 314 overlapping genes (SI Ap-
pendiz, Dataset S3). We identified four cases where a pro-
teomic analysis unveiled the disease-causing protein (Table
S1). Bruton tyrosine kinase (BTK) deficiency (B1_P21) and
X-linked inhibitor of apoptosis (XIAP) deficiency (B1_P22)
exhibited impressive reductions in protein (z-scores; -6.7 and
-8.1, respectively) and mRNA (z-scores; -5.3 and -7.8, respec-
tively) (Fig 24 and B), despite a lack of significant findings in
the initial genomic analysis. In contrast, adenosine deaminase
2 (ADA2) deficiency (B1_P29) and LPS-responsive beige-like
anchor protein (LRBA) deficiency (B2 P35) presented no re-
duction in mRNA expression (z-scores; -0.8 and -0.6, respec-
tively) but a considerable reduction in protein expression (z-
scores; -5.2 and -6.3, respectively) (Fig 2C and D). In these
cases, only monoallelic variants were identified in genome anal-
ysis, and no genetic diagnosis was made. Proteomic analysis
thus provided unique information directly related to a defini-
tive diagnosis in these two cases. In addition, the protein
expression profiles of these four cases were compared to HCs
as a means of making a diagnosis in a single case. Each
disease-causing protein was highly expressed in HCs, while
its expression was markedly decreased with log2-fold change
<-5 in each patient, indicating a decrease of more than 1/32
from the average expression (Fig 2E, F, G, and H, Dataset
S3).

Validation analysis links the results of the diagnostic analy-
sis to the clinical diagnosis. Since genetic diagnosis is based
on genomic variants, we performed further analysis to vali-
date the results of our diagnostic analysis. The results are
summarized in Table 1. In a BTK-deficient case, the intronic
variant of c.-196+1G>T was detected by follow-up genomic
analysis. This 5’-UTR was not only a splice site but also con-
tained a number of transcriptional regulators that may have
explained the results of the diagnostic analysis (SI Appendiz,
Fig. S2), but detailed pathogenicity is currently under anal-
ysis. In an XTAP-deficient case, Western blotting and RT—
PCR also showed decreased protein and mRNA expression
levels. In addition, targeted sequencing covering the entire
XIAP region identified a large deletion containing a noncod-
ing exon with promoter activity. These results were previously
reported by Shihi et al., and “patient 2” corresponded to this
case(36). In an ADA2-deficient case, decreased ADA2 activity
was observed in the patient and was a supportive laboratory
finding. Some results have already been reported by Nihira
et al., and “patient 2” corresponded to this case(37). T-RNA-
seq revealed aberrant splicing in this case (SI Appendiz, Fig
S3A). The results of LeafCutter show that the aberrant junc-
tion is specific to this case (SI Appendiz, Fig S3A). Moreover,
variant calling on T-RNA-seq revealed the intronic variant of
¢.9724-102T>G@G, which generated an abnormal splicing profile,
and the known missense variant led to ASE, with unequal ex-
pression between the wild-type and mutant alleles (20% and
80%, respectively) (SI Appendiz, Fig S3B). Given that aligned
reads harbored missense and intronic variants separately, com-
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pound heterozygous variants in ADA2 were the cause of the
disease. In LRBA deficiency cases, the results of the diag-
nostic analysis are under verification. However, the patient
showed various autoimmune abnormalities consistent with the
phenotype of LRBA deficiency. In addition, we observed sup-
portive laboratory findings of decreased CTLA4 expression
in Tregs and decreased LRBA expression, as determined by
Western blotting. These results suggest that our diagnostic
analysis can contribute to clinical diagnosis. In summary, al-
though genetic diagnosis was possible in three patients by T-
RNA-seq alone, integrated analysis with proteomics enabled
genetic diagnosis in one additional patient, increasing the ef-
ficiency of genetic diagnosis by 6% in patients who could not
be diagnosed by genetic analysis (Table 2).

The protein and mRNA expression leveis of B- and T-cel-
I-specific genes show strong correlations. Considering that
a discrepancy between protein and mRNA expression of the
disease-causing gene was noted in two cases in our diagnostic
analysis, we systematically analyzed the correlation between
protein and mRNA levels. We first calculated Spearman’s
correlation coefficients for 314 genes identified by both pro-
teomics and T-RNA-seq among our 63 patients (Fig 3A and
SI Appendiz, Dataset S4) and found that the median correla-
tion was 0.29 (interquartile range of 0.07 to 0.52). Further-
more, the distribution of correlation coefficients indicates that
more than half of the genes have an absolute correlation co-
efficient of less than 0.4, that is, weak or no correlation (Fig
3B). These results indicate a discrepancy between protein and
mRNA expression levels. Because the genes targeted in T-
RNA-seq included the immune-cell-specific genes used as cell
markers, we also compared protein—-mRNA correlations of B-,
T-, and NK-cell-specific genes. We identified 10 B-cell- and
13 T-cell-specific genes among the 314 genes but no NK-cell-
specific genes. Interestingly, the correlation coefficients for
B-cell-specific and T-cell-specific genes were 0.84 and 0.74, re-
spectively, showing a strong correlation (Fig 3C).

Exploratory analysis of B-cell-specific proteins enables the
identification of B-cell-deficient cases. Based on the strong
correlation of proteomic and T-RNA-seq data in B and T
cells detected in the current study, we investigated whether
proteomic analysis could discriminate the population with im-
mune cell defects, which play a pivotal role in the pathogen-
esis of IEI. We thus analyzed proteomic data with k-means
clustering based on immune cell-specific protein profiles (SI
Appendiz, Dataset S5). First, we extracted 18 B-cell-specific
proteins (based on public databases) from our proteomic data
(Fig 4A) and selected three according to the criteria described
in the Methods (see “Exploratory analysis of B- and T-cell de-
ficiency”). We then segregated 12 cases into B-cell-deficient
cluster by k-means clustering (Fig 4B). Interestingly, eight
out of 12 cases categorized as B-cell-deficient cluster were
classified in IUIS category 3 as “predominantly antibody defi-
ciencies”, and five of them showed apparent B-cell defects in
flow cytometry (FCM) analysis (SI Appendiz, Table S2). To
validate the clustering results, we performed GO analysis of
significantly downregulated genes (log-fold-change <-1.5 and
p-value <0.05) in a two-group comparison (B-cell-deficient
clusters vs. others). The results showed that many genes
involved in B-cell function were strongly downregulated in
the B-cell-deficient group, even in the total protein profile,
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suggesting that the clustering results were valid (Fig 4C and
D). For further validation of the proteomics results, we com-
pared the results with those of T-RNA-seq (SI Appendiz, Fig
S4A). The 14 B-cell-deficient cases identified by T-RNA-seq
included all 12 B-cell-deficient cases in the proteomics, indi-
cating the strong protein-mRNA correlation of B-cell-specific
genes (Fig 4F, SI Appendiz, Table S3). In summary, PBMC
proteomics enabled the identification of cases with B-cell dys-
function based on their quantitative changes.

Comprehensive protein analysis reveals T-cell dysfunction in
diverse disease types, and T-RNA-seq reveals diversity in the
expression profiles of T-cell-specific genes. Next, we exam-
ined T-cell dysfunction, which provides a helpful benchmark
for the validity of our study because T-cell function is di-
verse, and its dysfunction is implicated in the pathogenesis
of various forms of IEI. Our proteomic analysis identified 32
T-cell-specific proteins (Fig 5A and SI Appendiz, Dataset S5),
and clustering analysis identified 23 cases of T-cell deficiency
(Fig 5B). The Results show that half of the T-cell-deficient
cluster are either combined immunodeficiency or IUIS cate-
gory 4 as “diseases of immune dysregulation”; in which T-cell
dysfunction is the predominant pathological feature (SI Ap-
pendiz, Table S4). Most of the remaining cases were suggested
to be common variable immune deficiency (CVID), but only
three of them were also classified as B-cell deficient. On the
other hand, a case of X-linked agammaglobulinemia, which
presents as a pure B-cell defect, was not included in the T-
cell-deficient cluster, indicating the heterogeneous nature of
CVID. GO analysis of the proteins downregulated in the T-
cell-deficient cluster vs. others showed that terms involved
in ribosome biogenesis and ribosomal RNA were highly en-
riched (Fig 5C'), and the protein expression of those involved
in T-cell function was also suppressed to the same extent (Fig
5D). In contrast to the analysis of B-cell deficiency, only 17
T-cell-deficient cases in T-RNA-seq matched the cluster in
the proteomic analysis (Fig 5E, and SI Appendiz, Table S5).
This is an unexpected result but is attributed to the fact that
clustering based on T-cell-specific genes was highly variable
(SI Appendiz, Fig S4B), and the elbow point, which indicates
the optimal number of clusters, was uniquely greater than a
value of two in T-cell analysis of T-RNA-seq (SI Appendiz,
Fig S5A and B). These results suggest that T-cell function
in IEI is more complex than B-cell function, and in particu-
lar, the mRNA expression of T-cell-specific genes exhibits a
diverse profile.

Discussion

This study analyzed 63 patients with IEI through in-depth
proteomic analysis of PBMCs, identifying 6498 proteins that
covered 63% of the genes covered by the T-RNA-seq. The
improved comprehensiveness and mRNA coverage allowed an
integrated analysis of protein and mRNA and revealed the
discrepancies between protein and mRNA expression levels.
These findings demonstrate the importance of proteomic anal-
ysis and its role as a complement to RNA-seq for TEI. The
most important clinically relevant result was that these gene
expression analyses enabled genetic diagnosis in four cases,
two of which could be diagnosed only by proteomic analysis.
In addition, an integrated study with T-RNA-seq elucidated
the genomic basis of the disease in one case. Another signifi-
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cant finding was that proteomic data allowed us to classify the
cases of immune cell defects based on protein profiles specific
to those cells. Exploratory analysis then revealed immune
cell dysfunction in terms of comprehensive molecular interac-
tions. These findings suggest that an integrated analysis of
proteomics and T-RNA-seq facilitates the understanding of
the pathogenesis and underlying immune cell defects in TEI
cases.

One fascinating finding was that diagnostic analysis re-
vealed the disease-underlying protein in four cases. Among
them, BTK- and XIAP-deficient cases demonstrated a notice-
able reduction in both protein and mRNA expression. Fur-
ther analysis proved that these results were due to genomic
variants in the promoter region. In contrast, ADA2- and
LRBA-deficient cases exhibited discordance between protein
and mRNA expression, where decreased expression was ob-
served only at the protein level. In these cases, the iden-
tification of the lack of ADA2 activity and reduced LRBA
expression in western blotting aided in the clinical diagnosis.
Proteomic analysis thus provides essential information that
contributes to clinical diagnosis. Moreover, T-RNA-seq for
ADA2 deficiency showed ASE in genomic locations bearing
missense variants which may trigger nonsense-mediated decay
(NMD). This finding is consistent with previous findings by
Rivas et al., who demonstrated that variants generating pre-
mature stop codons and predicted to trigger NMD were prone
to demonstrate ASE(38). Nevertheless, NMD occurring in
the allele of the intronic variant in ADA2 did not significantly
affect the mRNA expression levels, and its pathological sig-
nificance was identified via the decrease in protein expression
levels. These findings are consistent with those of Jiang et al.,
who showed that protein information could explain genetic
disease phenotypes that could not be explained by transcript
information alone(39). Additionally, reduced expression of
disease-causing proteins can be identified through comparison
with healthy controls, and the discovery of down-regulated
proteins does not necessarily require a cohort. These findings
suggest that they can be applied in the clinical setting for
diagnosing a single patient.

Another important finding was that target enrichment of
RNA-seq allowed us to identify the genomic basis of an ADA2-
deficient case. The expression levels of aberrant transcript
was very low due to mRNA instability; Leafcutter results show
that the number of aberrant splicing reads is only 0.008% of
the cluster. However, target enrichment increased the read
depth and revealed the aberrant splicing with intronic variant.
These results reflect those of Gildea et al. who also found that
target RNA-seq method increased the efficiency of identifica-
tion of rare splice isoforms, which was difficult with standard
RNA-seq(40). Given that the guidelines from ACMG state
that a null variant in a gene where loss of function (LOF)
is a known mechanism of pathogenicity is the strongest evi-
dence of pathogenesis(41), integrated analysis of T-RNA-seq
and proteomics provides significant support for genetic diag-
nosis by detecting an aberrant splicing and reduced protein
levels. In addition, integrated analysis can be a useful tool
for the diagnosis of IEI because more than 75% of the known
IEI variants show autosomal recessive or X-linked recessive
inheritance and are considered LOF(2). Taken together, this
study contributes to the clinical management of IEI by provid-
ing a rationale for essential specific treatment options, such as
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TNF inhibitors for ADA2 deficiency(42), abatacept for LRBA
deficiency(43), and HSCT for XIAP deficiency.

As mentioned in the literature review, lymphocyte subset
analysis, which provides the initial evidence of immune sys-
tem insufficiency, is a fundamental diagnostic approach for
IEI, along with genetic testing(44). We classified all cases into
two groups based on the profiles of three proteins specific to
B- and T cells and performed DEA to explore immune cell
defects. The results of GO analysis for B cells are reason-
able, with many proteins involved in B-cell function showing
decreased expression. Interestingly, patient B1_P17, clini-
cally diagnosed with late-onset combined immunodeficiency,
was assigned to the B-cell-deficient cluster, even though the
CD19(+)-B-cell abundance in the peripheral blood was 13.1%
and no reduction was observed by FCM. These results further
support the suitability of proteomics for IEI diagnosis, as its
unbiased comprehensiveness provides a quantitative and func-
tional information regarding immune cell status. However,
the B-cell-deficient cluster of T-RNA-seq showed no decreased
expression in AICDA. This rather contradictory result may be
due to inadequate target enrichment of AICDA; in fact, some
cases showed missing values. In contrast to B-cell analysis, T-
cell analysis showed that the proteins involved in ribosome bio-
genesis and ribosomal RNA processing were downregulated
to the same extent as those involved in T-cell function. How-
ever, paradoxically, these results coincide with those of well-
regarded studies indicating that T-cell activation via T-cell
receptor signaling enhances ribosome biosynthesis(45, 46); in
other words, T-cell dysfunction inhibits ribosome biogenesis.
Overall, these findings suggest that comprehensive proteomics
provides insight into not only quantitative abnormalities of
immune cells but also the functional aspects of immune cells
based on quantitative changes in the molecules involved in
their cellular function.

Even though the data processing yielded optimized pro-
teome data, the presence of nonnegligible numbers of MVs
remains the major limitation of this study. Seven ineligible
cases, which were PCA outliers, were excluded to ensure pro-
tein coverage of the data, but 2143 proteins (27% of the total)
were excluded due to the large number of samples containing
MVs for that protein. Moreover, these proteins included 85
genes covered in the T-RNA-seq (decreasing the total from
399 to 314 genes), which may have caused some bias in the re-
sults of correlation analysis. Additionally, analyzing only at a
one-time point may underestimate the correlation as proteins
and mRNAs have different temporal contexts(47, 48). In part,
this is why it is important to analyze protein and mRNA in an
integrated manner. Another potential weakness of this study
is that proteomic analysis cannot be directly linked to genetic
diagnosis when disease-causing proteins show no quantitative
changes. In such cases, the changes in the molecules asso-
ciated with the pathogenic protein could provide the initial
clues to the pathogenesis of the disease. However, we did not
find such results in the current study. Despite these limita-
tions, this study indicates that integrated analysis of PBMCs
is a novel and valuable diagnostic tool for IEI to identify im-
mune cell dysfunction that reflects disease pathogenesis and,
in several cases, disease-causing proteins. Further improve-
ments in proteomics data analysis and measurement sensitiv-
ity, in combination with its use in multilayered expression
analysis with RNA-seq, will contribute to increases in diag-
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nostic yield and a deeper understanding of IEI.
Materials and Methods

Clinical samples. Seventy IEI patients were recruited from five in-
stitutions in three cohorts, with 34, 28, and 8 patients, respectively.
In addition, six HCs participated in another period. Throughout
this paper, we refer to the cohorts as Batchl (B1), Batch2 (B2),
Batch3 (B3), or Ctrl (C), and patients are identified by group and a
unique ID, for example, B1_P1, B2_ P35, or B3_ P63. Clinical in-
formation, such as classification from IUIS, presumptive diagnosis,
and candidate genes, was obtained from clinicians. The primary
inclusion criterion for IEI patients was the lack of genetic diagnosis
via a canonical diagnostic approach such as WES or T-NGS; that is,
patients without pathogenic variants in genes consistent with their
clinical features and mode of inheritance, and the interpretation of
"pathogenic" was according to the ACMG criteria(41). Therefore,
when we identified no pathogenic variants, we designated them as
"no candidate." On the other hand, when we identified variants that
matched the clinical characteristics but did not meet the ACMG
criteria or the mode of inheritance, we designated the gene as a
"candidate gene."

The local ethics boards approved this study of Hiroshima Uni-
versity, Tokyo Medical and Dental University, National Defense
Medical College, Gifu University, and Kyoto University.

Sample preparation. Methods for sample preparation are described
in “SI methods”.

Proteomics and targeted RNA sequencing. Methods for Mass
spectrometry-based proteomics and T-RNA-seq are described in
“SI methods”.

Integrated proteomics and targeted RNA sequencing analysis. To un-
derstand the etiology and pathogenesis of IEI, we carried out three
different approaches using R v4.1 and Bioconductor v3.14 packages.

Comparison of proteomics and targeted RNA sequencing in genetic
diagnosis for inborn errors of immunity. First, to assess whether pro-
teomic data could contribute to the genetic diagnosis, we examined
changes in the abundance of proteins encoded by candidate genes
in individual cases and compared these results with those of T-
RNA-seq. It was impossible to investigate the DEA by comparing
individual cases and HC because statistical significance is not a
logical criterion in a single-case situation. Therefore, we analyzed
the distribution of the protein abundance and the quantitative dif-
ferences were calculated using z-scores. The absolute value of the
z-score greater than two was defined as significant change. The
absolute value of the z-score greater than or equal to 2 was defined
as significant change. We also analyzed the quantitative differ-
ences between each case and the HCs to obtain further information
about the biological significance. We calculated the log fold-change
(LFC) and mean expression values using limma(49) and visualized
the data using ggplot2 (R package). We also used Integrative Ge-
nomics Viewer (IGV) v2.8.7(50) to visualize aligned reads to detect
sequence variants and allele-specific expression in T-RNA-seq.

Correlation analysis of proteomics and targeted RNA sequencing.
Second, we examined the discrepancy between protein and mRNA
expression levels. Based on the gene profiles identified by both
proteomics and T-RNA-seq in 63 of the cases analyzed, the pro-
tein-mRNA correlation for each gene was analyzed using Spear-
man’s correlation coefficient. In addition, the correlation coeffi-
cients of genes specific to B, T, and NK cells were compared for
later exploratory analysis. Cell-specific proteins were obtained from
the database of Immune Cells(51) in The Human Protein Atlas(52).
The degree of correlation was set as follows based on the absolute
value of the correlation coefficient: 0.7 or higher is strong, 0.4 to 0.7
is moderate, 0.2 to 0.4 is weak, and 0.2 or lower is no correlation.

Exploratory analysis of B- and T-cell deficiency. Finally, we con-
ducted an exploratory process to identify B-cell- or T-cell-deficient
populations. In proteomic analysis, three cell-specific proteins were
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selected according to the following criteria: (i) proteins with higher
specificity and (ii) proteins without MVs or with fewer MVs. In
T-RNA-seq, on the other hand, the analysis was based on gene
profiles selected based on the criteria described in (i), since T-
RNA-seq data are already target-enriched and contain no MVs. We
then normalized the data with the z score using Genefilter(53),
and performed a heatmap analysis of k-means clustering using
ComplexHeatmaps(54). The k value was set to two to discriminate
the data points into cell deficiency clusters and others, and the re-
sults of proteomics and T-RNA-seq were compared. The validity
of the k-value was examined by PCA and the elbow method, which
determines the optimal number of clusters. We performed differ-
ential expression analysis (DEA) on the comprehensive proteomic
data to further validate the clustering results. DEA was compared
in the cell-deficient cluster vs. others and was performed using
DEP(55), which borrows its statistical models from limma(49). In
the DEP results, P values of <0.05 and LFC of <-1.5 were set as
the thresholds for significant differential expression. We then per-
formed Gene Ontology (GO) enrichment analysis of significantly
suppressed proteins using ClusterProfiler(56). GO terms related to
biological processes were selected, and those with adjusted P values
below 0.01 were considered significant.
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Table 1. Summary of the results of the diagnostic analysis and its validation analysis

Patient Pathogenic ~ Variants detected in Results of Genomic variants detected  Supportive
ID gene prior genetic analysis diagnostic analysis in follow-up analysis laboratory findings
B1_P21  BTK No pathogenic variants ~ Decreased protein and mRNA  ¢.-196+1G>T B-cell defects via flow cytometry
expression levels (variant in splice-site and (0.1% of total lymphocytes)
cis-regulatory region)
B1_P22  XIAP No pathogenic variants ~ Decreased protein and mMRNA  Large deletion in promoter Decreased XIAP expression
expression levels region(36) in RT-PCR and WB(36)
B1_P29  ADA2 €.982G>A:p.Glu328Lys  Decreased expression only e Aberrant splicing Decreased ADA2 activity(37)
(heterozygous) at the protein level with intoronic variant of
€.972+102T>G
o Allele specific expression
B2 P35 LRBA c.1219_1220del: Decreased expression only Being analyzed e Decreased CTLA4 expression in Tregs
p.Leu408Valfs*7 at the protein level e Decreased LRBA expression via WB
(heterozygous)

8

RT-PCR, reverse transcription PCR; WB, Western blotting; CTLA4, cytotoxic T-lymphocyte associated protein 4; Tregs, regulatory T cells

Table 2. Diagnostic efficiency in undiagnosed patients using WES or T-NGS

Method Number of The increase in Notes
diagnosed patients  diagnostic efficiency
T-RNA-seq 3 4% ADAZ2 deficiency could possibly be diagnosed
(BTK deficiency, via T-RNA-seq alone by identifying aberrant splicing
XIAP deficiency,
ADA2 deficiency)
Proteomics 1 2% e Proteomics was the only diagnostic evidence
(LRBA deficiency) of LRBA deficiency
e Proteomics provided supportive findings at the
protein level in BTK, XIAP, and ADA2 deficiency
T-RNA-seq + Proteomics 4 6%

| www.pnas.org/cgi/doi/10.1073/pnas. XXXXXXXXXX
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Fig. 1. Overview of the initial processing of proteomics and RNA-seq data. (A) Schematic diagram of proteomic analysis. DIA-MS yielded 8857 proteins from 70 IEI patients
and six healthy donors. Interpretation for MVs was performed with raw data. MVs filtering was performed on 8641 protein data points among 69 patients, resulting in a
filtered dataset of 6498 proteins. Downstream analysis was performed using two methods, each with optimal MVs imputation and normalization. (B) Schematic diagram of
targeted RNA-seq (T-RNA-seq). No RNA-seq data from healthy controls were available. Quality control was performed with data from 527 target-enriched genes, yielding
filtered data for 499 genes among 63 cases. (C) Venn diagrams of genes identified by proteomics and T-RNA-seq (8641 vs. 524). The blue circle reflects the proteomics

data excluding RBC and plasma proteins, and the red circle reflects the targeted genes. Among the 527 targeted genes in T-RNA-seq, four noncoding RNAs were excluded.
D, Venn diagram for filtered data (6498 vs. 496). Three noncoding RNAs were excluded from 499 genes. (E) PCA of raw proteomic data showing the eligibility of the data.

Batches are indicated by shape and color. The x-axis shows the first principal component (PC1), and the y-axis shows the second principal component (PC2). Only excluded
samples are labeled (E1 to E7). (F) Correlation of total protein abundance and MVs proportion. Protein intensity excluding RBCs and plasma proteins (targeted protein) is
shown in the top figure, and the raw protein abundance is shown in the bottom figure. The linear regression, its formula, and R-squared values are shown in the figure. The
shape and color coding are the same as in Figure E. (G) Density plot represents the distribution of protein abundance with or without MVs. The blue area contains proteins
with MVs, and the red area contains proteins without MVs.
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Supporting Information Text
Methods

Sample preparation. PBMCs were isolated from EDTA-coated fresh peripheral blood using density-gradient centrifugation,
and red blood cells (RBCs) were lysed with an erythrocyte lysis reagent. The cells were washed in PBS and centrifuged at
300 xg three times. Then the cells were resuspended with TRIzol reagent (Invitrogen, Carlsbad, CA, USA) and stored at -80
°C for further analysis.

Mass spectrometry-based proteomic. Proteins and RNAs were isolated from samples containing TRIzol according to a pre-
viously described method(1). The protein fraction was washed twice with 0.8 mL of acetonitrile and then dissolved in 0.5%
sodium dodecanoate and 100 mM Tris-HCI, pH 8.5, using a water bath-type sonicator (Bioruptor II, Cosmo Bio, Tokyo,
Japan). Pretreatment for shotgun proteomic analysis was performed as previously reported(2). For LC separation, mobile
phases consisted of 0.1% (v/v) formic acid as solvent A and 0.1% (v/v) formic acid/80% (v/v) acetonitrile as solvent B. Each
peptide sample (200 ng) was directly injected onto a 75 ym X 12 cm-nanoLC nano-capillary column (Nikkyo Technos Co.,
Ltd., Tokyo, Japan) at 40 °C and then separated with an 80 min gradient at a flow rate of 200 nl/min using an UltiMate
3000 RSLCnano LC system (Thermo Fisher Scientific). Peptides eluting from the column were analyzed on a Q Exactive
HFX (Thermo Fisher Scientific) for overlapping window DIA-MS(2, 3). MS1 spectra were collected in the range of 495-785
m/z at 30,000 resolution to set an automatic gain control (AGC) target of 3 x 10° and maximum injection time of 55. MS2
spectra were collected in the range of more than 200 m/z at 30,000 resolution to set an AGC target of 3 x 10°, maximum
injection time of auto, and stepped normalized collision energy of 22%, 26%, and 30%. The isolation width for MS2 was set
to 4 m/z, and overlapping window patterns in 500-780 m/z were used window placements optimized by Skyline v4.1(4). MS
files were searched against a human spectral library using Scaffold DIA (Proteome Software, Inc., Portland, OR) as previously
reported(5).

Initial processing of the proteomic data. To assess the eligibility of the population, we carried out principal component analysis
(PCA) using PCAtools(6). Highly abundant and specific proteins of RBCs and plasma (Dataset S1), which were exemplified
in a report by Byrk(7) and Lan(8), were excluded from the dataset because they impaired the analysis of the abundance
of residual proteins of interest. Prior to handling missing values (MVs), we assessed the relationship between the protein
abundance and MVs with the Pearson correlation coefficient to interpret the nature of the MVs. We then excluded proteins
that showed MVs in more than 50% of cases to validate the eligibility of the data, and the remaining MVs were replaced with
numerical values using NAguideR(9). To suppress batch effects, we performed normalization using NormalyzerDE(10), which
considers several normalization methods and suggests the most effective method for controlling sample dispersion.

Procedures for targeted RNA sequencing. RNA was extracted and recovered from TRIzol using conventional methods. After
the quantification and quality control of RNA on an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA),
an adjusted amount of total RNA with RNA integrity numbers of 3 to 10 was treated with the NEBNext rRNA Depletion Kit
(New England Biolabs, Ipswich, MA, USA) to deplete ribosomal RNA. Then, the NEBNext Ultra II Directional RNA Library
Prep Kit for Illumina (New England Biolabs, Ipswich, MA, USA) was used for library preparation. In this procedure, cDNA
libraries were captured and amplified for nine cycles with 527 targeted genes, including known IEI genes and PBMC markers
(Dataset S6). After recovering the enriched T-RNA-seq libraries, the samples were run on a HiSeq2500 (Illumina, San Diego,
CA, USA) in 50-nucleotide single-end mode. A mean read depth of approximately 20 million reads per sample was generated
and stored in FASTQ format.

Preprocessing for targeted RNA sequencing data analysis. The FASTQ files were quality controlled and trimmed by sickle(11),
then aligned to the GENCODE human reference genome GRCh38.p13 with STAR aligner v2.6(12). Reads were quantified
with RSEM v1.3.3(13) to obtain the feature read counts per gene, and the identified genes were refined to the targeted 527
genes. After filtering the targeted genes based on the total read counts, we normalized the data for downstream analysis
(Dataset S1).

Detection of splicing outliers in targeted RNA sequencing. Splicing outliers were disclosed using LeafCutter(14) with four
inconclusive cases as controls and then visualized with LeafViz(14). LeafCutter utilizes a Dirichlet-multinomial generalized
linear model to identify differential splicing based on read counts in an intron cluster. The percentage spliced index (PSI) was
used to measure the relative expression of transcript isoforms within intron clusters. The change in PSI (APSI) was used to
quantify the relative differential expression of each transcript isoform between the case and controls.

Flow cytometry analysis of CTLA4. PBMCs were isolated from the patient with LRBA deficiency and the healthy control and
resuspended at 1 x 10% /ml in RPMI medium with 10% fetal bovine serum. Cells were then incubated with anti-CD3/CD28
antibodies (Miltenyi Biotec, Bergisch Gladbach, Germany) for 16 hrs. After incubation, cells were washed and stained with
anti-CD4-FITC (BioLegend, San Diego, CA, USA). Following fixation and permeabilization, cells were stained with anti-
FOXP3-Alexa Fluor 647 (BioLegend) and anti-CTLA4-PerCP (BioLegend). Data were collected with a BD FACSVerse (BD
Biosciences, Franklin Lakes, NJ, USA) and analyzed with FlowJo software (BD Life Sciences).
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Western blotting of LRBA. Proteins lysates from PBMCs of the patient and healthy control were separated on 10% acrylamide
gel, followed by transfer onto the PVDF membrane. LRBA was detected using the primary antibody of polyclonal rabbit
anti-LRBA/BGL (Abcam, Kenbridge, UK) and the secondary antibody of ECL anti-rabbit IgG (GE Healthcare, Uppsala,
Sweden). Beta-actin was used as a loading control.
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Fig. S5. Hierarchical clustering of B- and T-cell deficiency in T-RNA-seq. (A) The heatmap of k-means clustering shows cluster segregation with decreased expression
of B-cell-specific genes. The color scale reflects the z score, with red indicating a positive value and blue a negative value. (B) The heatmap of k-means clustering of
T-cell-sepecific genes in T-RNA-seq.
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Table S1. Characteristics of patients and the result of prior genetic studies

Patient IS Clinical Clinical Genomic  Candidate genes Variants
ID classification  diagnosis phenotypes analysis (inheritance mode)  (ACMG Classification)
B1_P1 4 Immune dysregulation Thrombocytopenia, Splenomegaly WES No candidate N.A.
B1_P2 3 CVID Hypogammaglobulinemia, Atopic dermatitis, asthma WES No candidate N.A.
B1_P3 3 CvID Hypogammaglobulinemia WES No candidate N.A.
B1_P4 3 CvID Hypogammaglobulinemia, ADEM, Recurrent infection ~ WES No candidate N.A.
B1_P5 7 Autoinflammation Recurrent fever, Abdominal pain WES No candidate N.A.
B1_P6 7 Autoinflammation Recurrent fever, Hepatitis WES No candidate N.A.
B1_P7 4 Lymphomatoid granulomatosis ~ Chronic EBV infection, Polyneuropathy WES No candidate N.A.
B1_P8 1 LOCID Hypogammaglobulinemia WES No candidate N.A.
B1_P9 4 Immune dysregulation B-LPD WES No candidate N.A.
B1_P10 3 CID Recurrent infection, T-cell dysfunction WES No candidate N.A.
B1_P11 3 CvID Hypogammaglobulinemia WES No candidate N.A.
B1_P12 3 CvID Hypogammaglobulinemia T-NGS No candidate N.A.
B1_P13 3 CvID Hypogammaglobulinemia WES No candidate N.A.
B1_P14 1 LOCID Hypogammaglobulinemia T-NGS No candidate N.A.
B1_P15 3 CVID Hypogammaglobulinemiaa WES No candidate N.A.
B1_P16 3 CVID Idiopathic enteritis T-NGS No candidate N.A.
B1_P17 1 LOCID Hypogammaglobulinemia T-NGS No candidate N.A.
B1_P18 3 CVID Hypogammaglobulinemia WES No candidate N.A.
B1_P19 3 CVID Hypogammaglobulinemia WES No candidate N.A.
B1_P20 3 CVID Hypogammaglobulinemia WES No candidate N.A.
B1_P21 3 XLA (BTK deficiency) Hypogammaglobulinemia WES No candidate N.A.
B1_P22 4 XIAP deficiency Recurrent HLH T-NGS No candidate N.A.
B1_P23 3 CvID Hypogammaglobulinemia T-NGS No candidate N.A.
B1_P24 3 CVID Hypogammaglobulinemia WES No candidate N.A.
B1_P25 3 CVID Hypogammaglobulinemia WES No candidate N.A.
B1_P26 2 EDA-ID Ectodermal dysplasia WES No candidate N.A.
B1_P27 3 CVID Hypogammaglobulinemia WES No candidate N.A.
B1_P28 1 CID EBV-lymphoma WES No candidate N.A.
B1_P29 7 Autoinflammation Cerebral infraction T-NGS ADA2 (AR) €.982G>A hetero (VUS, but known pathogenic(15))
B1_P30 7 Juvenile Behget's disease Aphthous stomatitis WES No candidate N.A.
B1_P31 4 Immune dysregulation No data WES No candidate N.A.
B1_P32 7 Autoinflammation Recurrent fever, Aseptic meningitis WES No candidate N.A.
B2_P33 3 CVID Hypogammaglobulinemiaa, Recurrent infection T-NGS No candidate N.A.
B2_P34 3 APDS Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P35 4 LRBA deficiency AIHA, AN, ITP WES LRBA (AR) ¢.1219_1220delTT hetero (Likely Pathogenic)
B2_P36 4 IBD Abdominal pain, Recurrent diarrhea T-NGS No candidate N.A.
B2_P37 1 SCID Recurrent infection WES No candidate N.A.
B2_P38 6 MSMD BCG myelitis WES No candidate N.A.
B2_P39 3 cvID Hyper IgM, ITP, SLE WES TCF3 (AD, AR) ¢.319G>A hetero (VUS) / ¢.1592C>T hetero (Benign)
B2_P40 3 CVID Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P41 3 CvVID Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P42 3 CvID Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P43 3 CVID Hypogammaglobulinemia T-NGS TRAF3 (AD) ¢.1415C>T hetero (VUS)
B2_P44 3 CVID Hypogammaglobulinemia T-NGS MSH2 (AD) ¢.118G>A hetero (VUS)
B2_P45 2 MOPD1 Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P46 3 CVID Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P47 3 CVID Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P48 3 CVID Hypogammaglobulinemia T-NGS No candidate N.A.
B2_P49 4 CID Hashimoto thyroiditis, Type 1 diabetes mellitus WES No candidate N.A.
B2_P50 7 CINCA syndrome Vasculitis, Sensorineural hearing impairment WES No candidate N.A.
B2_P51 7 Interferonopathy Periodic fever, Asthma WES No candidate N.A.
B2_P52 4 CID Evans syndrome, B-cell deficiency WES No candidate N.A.
B2_P53 7 Interferonopathy Periodic fever, Failure to thrive WES No candidate N.A.
B2_P54 7 Autoinflammation Systemic vasculitis WES PIK3CD (AD, AR) ¢.2689G>A hetero (VUS)
B2_P55 7 Autoinflammation Unexplained fever WES No candidate N.A.
B2_P56 7 Interferonopathy Unexplained fever, Spondylitis WES No candidate N.A.
B2_P57 7 JIA Macrophage activation syndrome WES No candidate N.A.
B2_P58 7 Interferonopathy Recurrent fever, Aphthous stomatitis WES No candidate N.A.
B2_P59 4 APDS Hyper IgE syndrome WES No candidate N.A.
B3_P60 3 CVID Hypogammaglobulinemia, Skeletal dysplasia WES No candidate N.A.
B3_P61 3 CVID Hypogammaglobulinemia T-NGS No cadidate N.A.
B3_P62 3 CVID Hypogammaglobulinemia, Abnormal pigmentation WES No candidate N.A.
B3_P63 7 IBD Multiple intestinal stricture, Interstitial pneumonia T-NGS No candidate N.A.
E1 3 CVID Hypogammaglobulinemiaa WES No candidate N.A.
E2 3 CVID Hypogammaglobulinemia WES No cadidate N.A.
E3 3 CVID Hypogammaglobulinemia, focal epilepsy, ASD WES RTEL1 (AD, AR) ¢.3064C>G hetero (VUS)
E4 4 APS No data WES PEPD (AR) ¢.410C>T hetero (VUS) / ¢.1291C>T hetero (VUS)
E5 3 LOCID Reccurent pneumonia WES No candidate N.A.
E6 4 Immune dysregulation ALPS like WES No candidate N.A.
E7 7 IBD Recurrent fever T-NGS No candidate N.A.

AR, autosomal recessive; AD, autosomal dominant; VUS, variant of unknown significance
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Table S2. IUIS classification, Clinical diagnosis, and Lymphocyte subset in the B-cell-deficient clusters in proteomics

Patient IUIS Clinical B-cell T-cell
ID classification  diagnosis  %/lymphocytes  %/lymphocytes

B1_P16 3 CVID 0 57.2
B1_P17 1 LOCID 13.1 67.4
B1_P21 3 XLA 0.1 65.5
B1_P23 3 CVID 2.2 77.3
B2_P34 3 APDS 2.2 42.5
B2_P39 3 CVID N.A. N.A.
B2_P43 3 CVID 0.8 95

B2_P46 3 CVID N.A. N.A.
B2_P49 4 CID N.A. N.A.
B2_P52 4 CID N.A. N.A.
B2_P57 7 JIA N.A. N.A.
B3_P60 3 CVID N.A. N.A.
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Table S3. Characteristics of the B-cell-deficient clusters in T-RNA-seq

Patient UIS Clinical B-cell T-cell
ID classification  diagnosis %l/lymphocytes  %/lymphocytes

B1_P16 3 CVID 0 57.2
B1_P17 1 LOCID 13.1 67.4
B1_P21 3 XLA (BTK deficiency) 0.1 65.5
B1_P23 3 CVID 2.2 77.3
B2_P34 3 APDS 2.2 425
B2_P35 4 LRBA deficiency 7.7 86.1
B2_P39 3 CVID N.A. N.A.
B2_P43 3 CVID 0.8 95

B2_P46 3 CVID N.A. N.A.
B2_P49 4 CID N.A. N.A.
B2_P52 4 CID N.A. N.A.
B2_P57 7 JIA N.A. N.A.
B3_P60 3 CVID N.A. N.A.
B3_P62 3 CVID N.A. N.A.
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Table S4. IUIS classification, clinical diagnosis, and lymphocyte subset in the T-cell-deficient clusters in proteomics

Patient VIS Clinical T-cell CD4+ T-cell CD8+ T-cell B-cell
ID classification  diagnosis %/lymphocytes ~ %/CD3+ T-cell ~ %/CD3+ T-cell ~ %/lymphocytes
B1_P1 4 Immune dysregulation 53.9 58.6 38.0 20.9
B1_P8 1 LOCID 90.4 37.6 54 .1 1.1
B1_P12 3 CVID 68.9 57.1 36.3 41
B1_P13 3 CVID 73.4 38.6 52.7 9.4
B1_P14 1 LOCID 7.7 78.3 11.4 2.4
B1_P16 3 CVID 57.2 34.1 54.2 0.0
B1_P17 1 LOCID 67.4 61.4 29.9 13.1
B1_P22 4 XIAP deficiency N.A. N.A. N.A. N.A.
B1_P23 3 CVID 77.3 29.3 66.3 2.2
B1_P25 3 CVID 77.4 38.7 54.0 10.6
B1_P26 2 EDA-ID 33.4 70.3 29.7 32.4
B1_P27 3 CVID 71.4 37.4 42.8 2.0
B1_P28 1 CID 56.8 40.9 56.6 35.6
B2_P34 3 APDS 425 421 45.8 2.2
B2_P35 4 LRBA deficiency 86.1 37.3 57.1 7.7
B2_P36 4 IBD 83.4 47.8 48.6 6.8
B2_P37 1 SCID 46.8 48.8 41.4 6.3
B2_P40 3 CVID N.A. N.A. N.A. N.A.
B2_P49 4 CID N.A. N.A. N.A. N.A.
B2_P52 4 CID N.A. N.A. N.A. N.A.
B3_P60 3 CVID N.A. N.A. N.A. N.A.
B3_P62 3 CVID N.A. N.A. N.A. N.A.
B3_P63 7 IBD N.A. N.A. N.A. N.A.
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Table S5. Characteristics of the T-cell-deficient cluster in T-RNA-seq

Patient UIS Clinical T-cell CD4+ T-cell CD8+ T-cell B-cell
ID classification ~ diagnosis %/lymphocytes  %/CD3+ T-cell  %/CD3+ T-cell ~ %/lymphocytes
B1_P1 4 Immune dysregulation 53.9 58.6 38.0 20.9
B1_P4 3 CVID 91.6 83.8 11.0 2.7
B1_P8 1 LOCID 90.4 37.6 541 1.1
B1_P9 4 Immune dysregulation N.A. N.A. N.A. N.A.
B1_P12 3 CVID 68.9 571 36.3 41
B1_P13 3 CVID 73.4 38.6 52.7 9.4
B1_P14 1 LOCID 7.7 78.3 11.4 24
B1_P16 3 CVID 57.2 341 54.2 0.0
B1_P17 1 LOCID 67.4 61.4 29.9 13.1
B1_P18 3 CVID 84.2 68.9 211 0.47
B1_P19 3 CVID 79.0 52.0 42.0 13.6
B1_P20 3 CVID 73.4 62.9 315 10.5
B1_P21 3 XLA (BTK deficiency) 65.6 51.8 30.2 0.1
B1_P22 4 XIAP deficiency N.A. N.A. N.A. N.A.
B1_P23 3 CVID 77.3 29.3 66.3 2.2
B1_P24 3 CVID 73.8 69.1 21.2 20
B1_P25 3 CVID 77.4 38.7 54.0 10.6
B1_P26 2 EDA-ID 33.4 70.3 29.7 32.4
B1_P27 3 CVID 71.4 37.4 42.8 2.0
B1_P28 1 CID 56.8 40.9 56.6 35.6
B2_P34 3 APDS 42.5 421 45.8 22
B2_P35 4 LRBA deficiency 86.1 37.3 57.1 7.7
B2_P36 4 IBD 83.4 47.8 48.6 6.8
B2_P38 6 MSMD N.A. N.A. N.A. N.A.
B2_P52 4 CID N.A. N.A. N.A. N.A.
B3_P62 3 CVID N.A. N.A. N.A. N.A.
B3_P63 7 IBD N.A. N.A. N.A. N.A.
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