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To further leverage the unbiased capabilities of nELISA without 
reliance on existing annotations, we reanalyzed the dataset based 
purely on the similarity of cytokine response profiles, without a priori 
knowledge of MOAs or gene targets (Methods). This annotation-free 
approach uncovered additional mechanistic relationships. For 
instance, CHK inhibitors AZD7762 and 7-hydroxystaurosporine 
clustered closely together, alongside the Aurora B/C kinase inhibi-
tor GSK1070916 (Supplementary Fig. 12). This grouping aligns well 
with known biological pathways, as Aurora B functions downstream 
of CHK138. Indeed, GSK1070916 treatment partially mimicked the 
secretome profile elicited by CHK inhibition, characterized by 
decreased IL-11, CXCL16, TNFR1 and FLRG expression, accompanied 
by increased MIF expression (Supplementary Fig. 12). Conversely, 
pan-Aurora kinase inhibitors AMG900 and danusertib did not clus-
ter with GSK1070916, further highlighting the distinctive molecular 
effects of these compounds39. Collectively, these findings illustrate 
the substantial added value of integrating nELISA with high-content 
imaging assays like Cell Painting, enhancing mechanistic insights 
and the resolution of complex phenotypes in drug discovery screens.

nELISA identifies cytokines with similar response profiles
To assess whether nELISA could uncover consistent cytokine response 
profiles across diverse donor backgrounds and stimulus conditions, 
we applied our similarity analysis pipeline to the PBMC screen data. 
Specifically, we calculated the fold change in expression for each pro-
tein within our 191-plex panel in response to each cytokine pertur-
bagen, considering all donors within a given stimulation condition 
(Supplementary Fig. 13). We compiled results across all stimulation 
conditions to identify perturbagen effects that were reproducible 

and consistent. UMAP-based clustering highlighted perturbagens 
eliciting similar cytokine response profiles (Fig. 5b) and having under-
lying similar protein-expression profiles (Fig. 5a). While recombinant 
proteins can sometimes cause unintended immune activation due 
to bacterial impurities, the predictable and biologically coherent 
cytokine responses observed here indicate minimal interference from 
such contaminants.

We observed clear and biologically interpretable clustering of 
classical immune response profiles. Notably, prototypical T helper 1  
(TH1) and TH2 cytokine responses formed distinct but neighboring 
clusters, centered respectively around IFNγ (TH1) and IL-4 (TH2). The 
TH1 response was characterized primarily by elevated levels of IFNγ, 
CXCL10 and CCL5, whereas the TH2 response involved increased expres-
sion of CCL17, CCL22 and CCL24 (Fig. 5b). The close proximity of these 
two clusters can be explained by their shared suppression of innate 
inflammatory cytokines, such as IL-1β, TNF and G-CSF.

An additional notable cluster encompassed perturbagens 
including recombinant C5/C5a, EMMPRIN, GDNF, MMP-3, MMP-7, 
uPA, PTX3 and soluble FAS-L, which specifically suppressed IL-1β and 
TNF expression but had minimal impact on other cytokines. Another 
clearly defined cluster consisted of cytokines primarily inducing IFNγ, 
such as IL-2, IL-7, IL-15, IL-18, IL-23, IL-27 and CXCL12β. Interesting, the 
closely related isoform CXCL12α clustered separately with proteins 
mainly inducing IL-1β secretion, which was the largest cluster and 
included IL-1α, LIF, IL-33, PDGF-BB, sCD40L, CCL21, TRAIL and IL-17 
isoforms (C/D/F) (Fig. 5a). The remaining clusters were defined by 
perturbagens that either induced TNF, IL-10 and IL-1α/β expression 
or selectively inhibited TNF and/or CCL24, highlighting diverse and 
nuanced cytokine regulatory patterns captured robustly by nELISA.
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Fig. 5 | Clustering of cytokine profiles reveals phenotypically similar 
perturbagens and novel putative responses to recombinant chemokines.  
a, Heatmap dendrogram of perturbagen effects on cytokine expression across 
all stimulation and donor conditions; the color scale indicates log2-transformed 
fold change (log2FC) for each sensor over no perturbagen control. Column 
coloring corresponds to clusters in b. b, UMAP of PBMC secretome phenotypes 
in response to perturbagens. The UMAP includes data across all stimulation and 
donor conditions, with clusters labeled based on shared features in the PBMC 
secretome. c, Applicability to drug repurposing, as seen by correlating effects 

of IFNβ and IL-1RA on unstimulated PBMCs. Shown are cytokines inhibited by 
both perturbagens, cytokines (IFNγ and CXCL10) induced by IFNβ but inhibited 
by IL-1RA, and the induction of IL-1RA by IFNβ (in log2FC). d,e, Markers of target 
engagement in response to chemokine perturbagens; boxplots are overlaid 
with datapoints; boxplot center line shows median; limits show upper and lower 
quartiles; whiskers show 1.5× interquartile range. Shown are the significantly 
regulated cytokines by C5a in unstimulated PBMCs (n = 6 from 6 unstimulated 
PBMC donors) (d) and by CX3CL1 in PBMCs stimulated with poly(I:C) at 400, 
2,000 and 10,000 ng ml−1 (n = 18 from 6 PBMC donors) (e).
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nELISA identifies cytokines with therapeutic relevance
Our analytical pipeline highlighted overlooked dimensions of cytokine 
biology, including chemokine functions beyond their traditional role 
in chemotaxis40. Chemokines such as CX3CL1, CCL1, CCL5, CCL11, 
CCL26, CXCL10, CCL24, CXCL12α/β and complement component 
C5a significantly modulated cytokine secretion, including IFNγ, TNF, 
IL-1β, GM-CSF and IL-10, even in the absence of a chemotactic gradient 
(Fig. 5a,d). Furthermore, these chemokine-driven cytokine responses 
exhibited clear stimulus dependence (Supplementary Fig. 13). These 
observations align with emerging evidence of broader chemokine 
roles extending beyond leukocyte migration, involving signaling path-
ways mediated by distinct G-protein interactions41. A prime example is 
CXCL12, previously identified as a T cell co-stimulatory factor operat-
ing via Gq and G11 pathways rather than the classical Gi protein-coupled 
chemotactic signaling42. Thus, nELISA provides critical molecular 
insights that could inform the development and therapeutic deploy-
ment of chemokine-based interventions.

Furthermore, nELISA-based clustering revealed functional simi-
larities among therapeutic cytokines, uncovering potential avenues for 
drug repurposing. Notably, IL-1 receptor antagonist (IL-1RA, also known 
as IL-1RN) and IFNβ formed a distinct cluster due to their shared inhibi-
tory effects on innate immune responses. However, unlike IFNβ, IL-1RA 
did not induce proinflammatory cytokines such as IFNγ and CXCL10 
(Fig. 5a–c). This observation carries implications for multiple sclerosis 
treatment, as IFNβ, despite causing flu-like adverse effects, partially 
mediates its therapeutic efficacy through induction of IL-1RA43–45. Con-
versely, recombinant IL-1RA (anakinra), known for a favorable safety 
profile, is undergoing evaluation in a phase 1 clinical trial for multiple 
sclerosis46,47. Consistent with these clinical observations, our data 
revealed that IL-1RA inhibited the same inflammatory cytokines and 
chemokines as IFNβ, except for CCL22 and CCL24, while also suppress-
ing IFNβ-induced cytokines thought to be harmful in multiple sclerosis, 
such as IFNγ and CCL7 (Fig. 5c). These findings support the rationale for 
anakinra’s therapeutic potential in multiple sclerosis and highlight the 
capability of nELISA protein profiling to inform therapeutic strategies 
and facilitate drug discovery.

Discussion
Although high-throughput genomic and transcriptomic tools have 
transformed our understanding of biological systems and disease, 
comparable approaches for protein profiling have lagged. Here, we 
described the development of nELISA, a high-throughput protein 
assay that leverages CLAMP to overcome rCR, a key limitation of tra-
ditional multiplex immunoassays. This enabled robust scaling to a 
191-plex panel. Miniaturizing the ELISA onto bead surfaces enabled 
flow-cytometry-based readout on standard platforms, achieving 
throughputs of up to ~10,000 samples per week per cytometer (1 h 
per 384-well plate)48. nELISA maintains or exceeds conventional immu-
noassay performance, matching sensitivity, specificity and dynamic 
range while greatly reducing detection antibody usage. As reagents 
are a primary cost driver in protein profiling, this translates into sub-
stantial cost savings.

Given that protein levels more directly reflect cellular state and 
function than mRNA, high-throughput proteomics is essential for 
capturing comprehensive biological insights. This is especially true 
in cell-based assays where protein secretion and expression are tightly 
regulated at the posttranscriptional level. The nELISA is particularly 
well suited for these assays, offering sensitive and precise measurement 
of secreted proteins in response to perturbation. In addition, its non-
destructive sampling capability enables temporal analysis of secretion 
dynamics, allowing clearer resolution of primary versus downstream 
biological effects without added experimental complexity.

We found that nELISA can robustly report biological activities in 
HTS across diverse types of perturbagens and cell models, highlighting 
its broad applicability. Its capacity to consistently capture biologically 

relevant phenotypes and cellular interactions underlines its potential 
value in extensive screening campaigns, including those involving gene 
modulation and immunotherapeutics. These characteristics position 
nELISA effectively for scaling to larger cohorts in extensive functional 
genomics and drug discovery efforts, such as those used in the Human 
Functional Genomics Project13.

Importantly, nELISA’s compatibility with complementary 
cell-based assays enriches phenotypic data by adding mechanistic 
depth at the protein level. Integration with other modalities, such as 
transcriptomics, functional assays (for example, cytotoxicity assays) 
or cell surface staining, enables comprehensive and cost-effective 
multimodal screening, greatly enhancing biological insights.

nELISA-based quantification of secreted proteins in response to 
chemokine stimulation offers a compelling alternative to chemotaxis 
assays for therapeutic chemokine development. Traditional chemot-
axis assays suffer from low throughput and poor signal-to-noise ratios, 
making them challenging for screening applications49,50. By contrast, 
measuring protein expression changes via nELISA is both more scal-
able and robust. If these protein expression changes serve as reli-
able markers of target engagement, they could enhance various drug 
discovery efforts, including combinatorial screens, structure–activ-
ity relationship studies and pharmacodynamic assessments, where 
chemotaxis-based methods typically fall short. Furthermore, the ability 
of nELISA to cluster biologically similar responses may facilitate drug 
repurposing and mechanism-of-action studies.

As a cytometry-based technique, nELISA offers major cost and 
efficiency advantages over MS and sequencing-based proteomic plat-
forms. High-plex MS is resource intensive, requiring elaborate sample 
preparation, costly reagents and specialized instrumentation, all of 
which increase the time and financial investment needed for large-scale 
studies. Similarly, methods such as SomaScan and PEA convert protein 
signals into oligonucleotide concentrations and rely on DNA microar-
rays or sequencing for readout, adding complexity, cost and time. By 
contrast, cytometry allows direct, multiplexed protein detection with 
faster turnaround and lower per-sample costs. While conventional 
bead-based immunoassays also use cytometry, they are constrained 
by rCR, often requiring multiple separate panels to reach higher plex 
levels. nELISA uniquely overcomes this limitation by combining the 
specificity of CLAMP with the parallelization power of cytometry, 
delivering truly multiplexed, single-run profiling. This makes it ideally 
suited for applications such as biomarker discovery, immune monitor-
ing and clinical diagnostics.

While nELISA offers considerable advancements in protein profil-
ing, its performance depends on the quality and availability of anti-
bodies. Sensitivity is largely influenced by antibody affinity, which 
determines the lower detection limit for each target; antibodies with 
lower affinity may reduce assay sensitivity and dynamic range, par-
ticularly for low-abundance proteins. Some challenging targets, such 
as transient, unstable or subtly modified proteins, remain difficult to 
measure due to the limited availability of optimized antibodies. These 
considerations underscore the ongoing need for advances in antibody 
development, particularly to enhance detection of posttranslational 
modifications, thereby expanding the comprehensive protein cover-
age of the assay.

In conclusion, nELISA provides cost-effective, high-plex protein 
data, supporting its application in large-scale applications such as 
drug discovery. Its modular design, where each CLAMP functions as 
a self-contained sensor, and its scalable barcoding strategy make the 
system flexible and expandable. The 191-plex inflammation-focused 
panel presented here showcases the platform’s performance and sets 
the stage for future panels targeting the full secretome, intracellular 
proteins, posttranslational modifications and protein–protein interac-
tions. These capabilities position nELISA to support diverse biologi-
cal analyses of primary cells, organoids, organs-on-chips, and tissue 
samples with high throughput and efficiency.
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Methods
This study did not involve human subjects, animal experimen-
tation or the use of patient samples and therefore did not require 
ethical approval.

Recombinant sample generation
Recombinant protein stocks and protein pools (Nomic Bio) were pre-
pared in sample buffer, consisting of RPMI and 10% fetal bovine serum 
(FBS), containing 1–191 proteins at 100 ng ml−1 per protein. For standard 
curves in single-plex and in multiplex, individual protein stocks and 
protein pools were serially diluted in sample buffer from 100 ng ml−1 
to 0.1 pg ml−1 per protein. For ‘spike-one-in’ assays, individual protein 
solutions were prepared at 10 ng ml−1. For ‘leave-some-out’ assays, 
protein pools containing 130–191 proteins at 100 pg ml−1 per protein 
were prepared in Sample Buffer. Each pool contained either all the 
targets in the 191-plex panel or lacked a subset of targets in the 191-plex 
panel. For cross-reactivity comparisons with xMAP, protein pool A4 
was serially diluted from 200 ng ml−1 to 0.1 pg ml−1 (per protein), and 
aliquots were stored at −80 °C for profiling by nELISA and xMAP plat-
forms. For reproducibility testing, a reference cell culture supernatant 
sample was distributed across the wells of four 384-well plates; for 
each plate, nELISA profiling was performed on a different day, and 
variation was calculated across wells on the same day and across plates 
on different days.

Cell culture
PBMCs. Preparation, incubation and collection of cell supernatants 
from PBMCs was performed at the High-Throughput Screening Core 
Facility of the Institute for Research in Immunology and Cancer of 
the Université de Montréal. Frozen PBMCs from healthy donors 
(StemCell, Hu PB MNC, Cryo) were thawed in a 37 °C water bath and 
transferred to a 50-ml Falcon tube with 40 ml prewarmed medium 
(RPMI plus 10% FBS), centrifuged 10 min at 200g, then resuspended 
in 10 ml prewarmed medium. Viability was assessed by trypan blue 
exclusion (>95% viability for all donors), and 50,000 viable cells (25 µl 
at 2 million cells ml−1) were transferred to each well of a 384-well plate, 
containing 50 µl per well of prewarmed media ± stimulus ± perturba-
gens, and incubated for 24 h at 37 °C. Perturbagens (Nomic Bio) were 
present at 50 ng ml−1. For stimulation conditions, LPS (InvivoGen) was 
present at 5 ng ml−1, 100 ng ml−1 or 2,000 ng ml−1; poly(I:C) (InvivoGen) 
was present at 400 ng ml−1, 2,000 ng ml−1 or 10,000 ng ml−1; ConA 
(InvivoGen) was present at 5 ng ml−1, 2,500 ng ml−1 or 12,500 ng ml−1; 
for PMA/i (InvivoGen), PMA was present at 1 ng ml−1 or 5 ng ml−1, 
while ionomycin was present at 100 ng ml−1 or 500 ng ml−1. After 
24 h, 70 µl of cell supernatant was collected per sample. Aliquots of 
35 µl per sample were frozen in 384-well plates and shipped on dry 
ice for nELISA profiling at Nomic’s facilities or xMAP profiling at EVE 
Technologies facilities.

A549. A549 cells (ATCC CCL-185) were obtained from the American 
Type Culture Collection and cultured at the Broad Institute’s Center 
for the Development of Therapeutics. Cells were seeded in 4 repli-
cate 384-well plates and cultured for 24 h in Dulbecco’s modified 
Eagle medium and 10% FBS in the presence or absence of reference 
compound library. Compounds were present at a single dose (5 μM). 
Supernatants were collected, frozen and shipped on dry ice to Nomic’s 
facilities for nELISA profiling. Cells were fixed and stained for Cell 
Painting as previously described51.

HEK293, HeLa and Jurkat. Cell lysates were purchased from com-
mercial sources: HEK293 and HEK293-RELA overexpression lysates 
were from Origene, TNF-treated HeLa extracts were from Bio-Rad and 
phosphatase-treated Jurkat cells were from Cell Signaling Technolo-
gies. Aliquots of 35 µl per lysate sample were transferred into 384-well 
plates for nELISA profiling.

DNA oligos and tethers
All DNA oligos and tethers were purchased from BioIVT.

Barcoding oligos. Barcoding oligos were acquired with the sequence 
5′-CACCGCCGCC ACAAAAAAAAA-[Dye]-3′ and a fluorescent dye 
(AlexaFluor 488, Cy3, Cy5, Cy5.5) at the 3′ end. Barcoding oligos are 
annealed to a biotinylated oligo on the surface of nELISA beads (with 
sequence 5′-Biotin-TTTTTTTTT GTGGCGGCGGTG-3′) in 10 μM in PBS  
plus 350 mM NaCl.

Capture oligos. Capture oligos have the sequence 5′-biotin- 
T T T T T T T T T G T G G C G G C G G T G AT T G G T TAT T G A G A G T T T 
ATG-3′ and bind to the nELISA bead via the biotinylated 5′ end.

Hook oligos. Hook oligos with sequence 5′-ThioMC6-D/TTTTTTACT  
TTTCAACCA CCACTCAAC CATATTCAA AGCTTACGA TGCCGACTC  
ATTCGCCAT AAACTCTCA ATAACCAAT-3′ are terminated with a thiol 
modifier C6 CE-phosphoramidite (ThioMC6) at the 5′ end. Hook oligos 
are conjugated to a primary amine on a detection antibody by reduction 
of the hook oligo thiol modifier with dithiothreitol and activation with 
sulfosuccinimidyl 4-(N-maleimidomethyl)cyclohexane-1-carboxylate 
(sulfo-SMCC) to form a reactive NHS-ester. Forty microliters of 30 μM 
thiol-modified HOs are reduced in 200 mM dithiothreitol in PBST at 
37 °C for 1 h. Reduced oligos are (1) buffer-exchanged into PBS pH 7.0 
using a Zeba desalting spin-column (7 kDa molecular mass cutoff, 
Thermo), (2) activated for 10 min using 8 μl of 9 mM sulfo-SMCC dis-
solved in 80% PBS pH 7.0 and 20% anhydrous dimethyl sulfoxide, (3) 
buffer-exchanged again into PBS pH 7.0 to remove excess sulfo-SMCC, 
and (4) a 1–10-μl fraction is reacted with 10 μl of 1 mg ml−1 antibodies. 
The reaction is left at room temperature for 1 h and incubated over-
night at 4 °C. The conjugates are purified in two sequential steps: first 
antibody purification, followed by DNA purification.

Protein profiling
Samples of recombinant proteins or cell culture supernatants pro-
filed using the nELISA were frozen and shipped on dry ice to Nomic’s 
Montreal facilities and profiled using the 191 nELISA assay targets and 
standard protocols. Barcoded CLAMPs were pooled and dispensed 
into 384-well plates at a concentration of approximately 200 beads per 
target per well. Sample plates were profiled by standard nELISA assay 
protocol (Supplementary Information, protocol 1) in batches of four 
plates per day. Cytometry data were spectrally decoded using emFRET 
to map each barcode to its target protein (Supplementary Fig. 14).

For cell lysates, protein profiling was performed using the stand-
ard nELISA assay protocol, with the following modifications: samples 
were diluted twofold in M-PER (Thermo Fisher Scientific) containing 
1× protease/phosphatase inhibitor tablet (Thermo Fisher Scientific), 
20 mM EDTA, 20 mM EGTA and 100 μg ml−1 salmon sperm DNA.

A batch of plates containing a dilution series of calibration stand-
ards of recombinant antigens (96-well plate format) was generated to 
be run with each batch of sample plates on the day of profiling. Recom-
binant antigens (×191) were divided into five groups, pooled and diluted 
from 225 ng ml−1 in a 16-point dilution series. Media-only blanks (×8) and 
reference samples (×8) were also included on the calibration standard 
plate. Calibration standards were fit to a four-parameter logistic curve 
to derive pg ml−1 values from fluorescence units.

Samples profiled using the xMAP platform were shipped frozen 
to EVE Technologies and analyzed using the Luminex Human Multi-
plex Cytokine Array/Chemokine Array 48-Plex (HD48) and standard 
protocols.

xDR protocol
To extend nELISA dynamic ranges, samples were profiled at two dilu-
tions, 2× and 50×. Standard curves were extended by stitching the linear 
ranges of a real standard curve and a virtual, 25× diluted, standard 
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curve. The sum of interpolated protein concentrations from the 2× 
and 50× dilutions was used to derive a single protein concentration 
for each sample.

Data analysis pipeline
To identify compounds with significant effects on A549 cells, we cal-
culated the fold change in expression of each protein in the 191-plex 
over the levels in control wells. Proteins with a fold change >1.5 and 
P < 0.05 by Student’s t-test in any sample were considered significant; 
considering the exploratory nature of the experiment, no statistical 
correction was performed for multiple testing. Using the median value 
of the significant responses, clustergrams with hierarchical cluster-
ing were generated using cosine similarity (Python package: seaborn 
0.13.2). UMAPs of the median fold change values were generated using 
cosine similarity dimensions = 2, spread = 1.3, minimum distance = 0.2, 
nearest neighbors = 4, Python package: scanpy 1.11.0).

To identify cytokine interactions in our PBMC assay, we accounted 
for stimulus- and donor-specific effects as follows. For each perturba-
gen in each stimulus and stimulus concentration condition, the median 
concentration of each secreted protein across donors was divided by 
the median concentration of donors in the same stimulus and stimulus 
concentration condition, but the absence of perturbagen, to obtain 
the fold change of all targets in response to all perturbagens in each 
condition. Significant cytokine interactions were defined by a fold 
change >1.5 and P < 0.05 by Student’s t-test; considering the exploratory 
nature of the experiment, no statistical correction was performed for 
multiple testing. In addition, for all significant cytokine interactions, 
the median fold change across all stimulation conditions was calculated 
to identify cytokine interactions common across stimulus conditions. 
Clustergrams with hierarchical clustering were generated using cosine 
similarity and the default parameters included in the Seaborn Python 
package. UMAPs were generated using cosine similarity with dimen-
sions = 2, spread = 0.9, minimum distance = 0.8, nearest neighbors = 4 
and the scanpy Python package.

To correlate significant cytokine interactions with the CytoSig 
database, we identified recombinant perturbagens and responding 
genes or proteins that were shared in both datasets to limit compari-
sons to shared experimental conditions. We also limited compari-
sons to experiments compiled in CytoSig that were generated using 
PBMCs to avoid cell-type-specific distinctions. Furthermore, only 
‘high-confidence’ datasets were included in our analysis. For each 
cytokine interaction, consisting of a recombinant perturbagen and a 
resulting significant fold change in the expression of a PBMC-derived 
cytokine, nELISA and CytoSig results were correlated.

Evaluating retrieval performance of nELISA and Cell Painting
We use average precision to report the ability of nELISA and Cell Paint-
ing to predict chemical MOA. AP is an information retrieval metric that 
evaluates the effectiveness of a ranking system by calculating how 
accurately the system ranks items based on their relevance to a query.

We use average precision for two different tasks: (1) the ability of 
each perturbagen to retrieve its own replicates from among negative 
control profiles (phenotypic activity: ‘self-retrieval’) and (2) the ability of 
each perturbagen to retrieve its sister compounds (that is, compounds 
that share at least one common MOA or gene target) (phenotypic con-
sistency: ‘MOA retrieval’ and ‘gene target retrieval’). We note that many 
compounds have multiple MOA and gene annotations rather than just 
one of each; in addition to the fact that annotations can be incorrect and 
incomplete, this makes the retrieval problem challenging and retrieval 
rates low for sets of compounds like ours that were not chosen for 
selectivity. Formally, average precision is the weighted mean of preci-
sion values across all ks, where k is the number of neighbors for a given 
class. The definition of class varies—each perturbation is the class while 
computing average precision for task 1, and each MOA or gene targeted 
by the compound is the class for computing average precision for task 2.

We measure similarity between perturbations using cosine similar-
ity and develop the rank-ordered similarity of all other samples to the 
query using this metric. Finally, we average the average precision per 
class, termed mean average precision (for that class). For task 2, we first 
filter out those perturbations that cannot be retrieved relative to nega-
tive controls in task 1 and remove classes with only a single member. To 
set the threshold, we first calculate the P values of each mean average 
precision in task 1 using a permutation test; compounds with a signifi-
cance level of less than 0.05 are discarded. We summarize the success rate 
of a task by calculating the fraction of classes that have a P value >0.05.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Cytokine Signaling (CytoSig) data for PBMCs is publicly available via the 
NIH National Cancer Institute at https://cytosig.ccr.cancer.gov/. The 
data matrix of human cytokine treatment response was downloaded at 
https://hpc.nih.gov/~Jiang_Lab/CytoSig/diff.merge.gz and correspond 
ing metadata were downloaded at https://hpc.nih.gov/~Jiang_Lab/ 
CytoSig/meta_info.gz. The nELISA data of 191-plex protein profiling  
in PBMCs are available via GitHub at https://github.com/nplexbio/ 
nELISA-PBMC. For questions about the PBMC dataset, please contact  
M.D. (milad@nomic.bio). nELISA and Cell Paint data for A549 cells are  
available via GitHub through the Broad Institute’s Cell Paint Consor 
tium at https://github.com/carpenter-singh-lab/2024_Kalinin_mAP/ 
tree/v0.1.0/experiments/5_nelisa. For inquiries regarding the A549  
dataset, please contact A.E.C. (anne@broadinstitute.org). Source data  
are provided with this paper.

Code availability
The nELISA PBMC analysis code and CytoSig analysis code are avail-
able via GitHub at https://github.com/nplexbio/nELISA-PBMC. The  
Cell Paint and nELISA analysis code for A549 cells are available via  
GitHub through the Broad Institute’s Cell Paint Consortium at https:// 
github.com/carpenter-singh-lab/2024_Kalinin_mAP/tree/v0.1.0/ 
experiments/5_nelisa.
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