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Cellular Indexing of Transcriptomes and Epitopes by Sequencing (CITE-seq)
enables paired measurement of surface protein and mRNA expression in single
cells using antibodies conjugated to oligonucleotide tags. Due to the high copy
number of surface protein molecules, sequencing antibody-derived tags
(ADTs) allows for robust protein detection, improving cell-type identification.
However, variability in antibody staining leads to batch effects in the ADT
expression, obscuring biological variation, reducing interpretability, and
obstructing cross-study analyses. Here, we present ADTnorm, a normalization
and integration method designed explicitly for ADT abundance. Benchmarking
against 14 existing scaling and normalization methods, we show that ADTnorm
accurately aligns populations with negative- and positive-expression of surface
protein markers across 13 public datasets, effectively removing technical var-
iation across batches and improving cell-type separation. ADTnorm enables
efficient integration of public CITE-seq datasets, each with unique experi-
mental designs, paving the way for atlas-level analyses. Beyond normalization,
ADTnorm includes built-in utilities to aid in automated threshold-gating as well
as assessment of antibody staining quality for titration optimization and anti-
body panel selection. Applying ADTnorm to an antibody titration study, a
published COVID-19 CITE-seq dataset, and a human hematopoietic progenitors
study allowed for identifying previously undetected phenotype-associated
markers, illustrating a broad utility in biological applications.

10-12

Recent advances in single-cell multimodal profiling, such as Cellular  construction

Indexing of Transcriptomes and Epitopes by sequencing (CITE-seq),
have enabled the paired profiling of gene expression alongside sur-
face protein expression'™. This paired multimodal profiling of single
cells has allowed researchers to achieve more precise cell-type
annotation (e.g., of immune cells)*, study the relationship between
transcriptomic state and surface phenotype’”’, and readily adapt
results to flow cytometry for validation**. Given its extraordinary
potential, there is increasing application of CITE-seq for atlas

and in large cohort disease-related studies” ™. To
effectively leverage the data being generated, there is a pressing need
for computational tools for CITE-seq data integration across studies.

Surface proteome profiling by CITE-seq gives rise to specific
data characteristics and sources of technical noise inherent to anti-
body staining. Owing to the high copy number of surface proteins
and efficient molecular capture of antibody-derived tags (ADTs),
protein expression is considerably less sparse than other single-cell
modalities such as mRNA expression or genome-wide chromatin
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accessibility. Consequently, the protein expression captured by
CITE-seq often closely matches the information-rich multi-peak
density distributions observed in flow cytometry' (Supplementary
Fig. 1A). Density distributions of protein expression of CITE-seq data
frequently exhibit a negative peak, representing background signal
arising from non-specifically bound or unbound (free-floating)
antibody', and one or more positive peak(s) representing cells
expressing the target protein. Similar to fluorescence-based techni-
ques, the signal-to-noise ratio between the negative- and positive-
expression peak(s) is highly sensitive to antibody staining conditions,
including antibody concentrations”, staining volumes and time'®,
and antibody panel composition'®. Because of these unique con-
siderations, the normalization and integration approaches devised
for other single-cell modalities may not be directly translatable,
highlighting the need for methodologies tailored to the intricacies of
protein data.

Recent normalization algorithms designed for CITE-seq data,
similar to established scRNA-seq approaches’®?, have primarily
focused on modeling sequencing bias and ambient expression to
remove background signals. Centered log-ratio (CLR) normalization
was initially proposed for CITE-seq' and is also the Seurat default
normalization method for the protein component of CITE-seq data,
using library size to account for variable sequencing depth and cell
size. However, unlike scRNA-seq, which offers relatively unbiased
transcriptional profiling, CITE-seq protein panels target only a
handful of manually selected proteins, typically between 10 and 300.
Therefore, the overall ADT library size is highly sensitive to panel
composition, can be easily skewed by high expression of a few
subset-specific proteins, and unreliably reflects sequencing depth or
cell size. More sophisticated algorithms, including totalVI*?, DSB,
and DecontPro®, attempt to model ambient contamination and
remove or re-center the background signal to zero. However, these
negative-expression peaks in ADT abundance mirror expression
distributions by conventional cytometry and are essential for reliable
threshold-gating of cells for cell-type annotation®*. Improper or
incomplete removal of background ADT expression can make it
difficult to distinguish between negative-, mid-, and high-expression
peaks. For example, CD4 is crucial for T cell lineage identification and
is a typical trimodal expression cell surface protein marker. Its
positive population corresponds to CD4 T cells, the mid-peak
represents monocytes, and the negative population corresponds to
non-CD4 T cells, such as CD8 T cells. The negative peak provides
essential background information that aids in accurately distin-
guishing the positive populations. Manipulating the data to eliminate
all negative peaks is unnecessary and results in a loss of critical
information for cell-type annotation. Consequently, normalization of
the negative peak in CITE-seq should emphasize its essential role in
cell-type identification rather than its artificial removal. Finally,
although other methods have been developed for integration of
lower-dimensional embeddings, we focus here on methods that
output normalized ADT expression on a per-marker basis, enabling
downstream analyses such as threshold-gating of cells for cell-type
annotation or differential ADT abundance.

In this work, we introduce ADTnorm, a robust and scalable
method tailored to normalize and integrate CITE-seq surface protein
data across diverse experimental conditions. By aligning negative and
positive expression peaks, ADTnorm effectively mitigates batch arti-
facts while preserving biologically informative features. We demon-
strate that ADTnorm outperforms existing approaches on 13 publicly
available CITE-seq datasets, consistently improving cell-type dis-
crimination and enabling large-scale data integration. In addition,
ADTnorm provides automated threshold-gating of cell types and a
stain quality score to guide antibody titration and panel selection.
These features streamline CITE-seq workflows, facilitating inter-
pretable detection of phenotypic markers in complex studies such as

those on COVID-19 and human hematopoietic progenitors. Together,
ADTnorm expands the potential of multimodal single-cell analyses by
delivering an accurate, fast, and user-friendly approach for normal-
izing and comparing surface protein expression across large and het-
erogeneous datasets.

Results

ADTnorm leverages a non-parametric strategy to integrate
CITE-seq datasets while eliminating batch effects

Instead of individually modeling each source of technical noise, we
constructed a non-parametric strategy, ADTnorm, building on meth-
ods originally conceived for cytometry data® to remove the batch
effects through strategic peak identification and alignment. ADTnorm
uses a curve registration algorithm?® to identify protein density land-
marks, including the negative and positive peaks, and relies on local
minima to detect the valleys separating adjacent peaks. Employing a
functional data analysis approach”, ADTnorm normalizes protein
expression by aligning the landmarks across datasets (Fig. 1A, Sup-
plementary Fig. 1B and “Methods”), effectively simulating a scenario
where all data are derived from the same experiment with equivalent
background and antibody staining quality. ADTnorm is implemented
as an R package (https://github.com/yezhengSTAT/ADTnorm)* with
an interactive graphical user interface to simplify landmark adjust-
ments (Supplementary Fig. 2) and a Python wrapper (https://github.
com/donnafarberlab/ADTnormPy) available to facilitate ADTnorm’s
integration into existing CITE-seq analysis workflows (Supplemen-
tary Note).

Benchmarking ADTnorm with 14 other existing methods on 13
public CITE-seq datasets

Leveraging 13 public CITE-seq datasets of immune cells (Supplemen-
tary Table 1), we benchmarked the integration performance of
ADTnorm against 14 methods from three broad groups: (1) scaling
methods commonly applied to cytometry and single-cell data,
including Arcsinh transformation, CLR', log-transformation of count
per million (logCPM), and a hybrid approach combining Arcsinh and
CLR transformations (Arcsinh +CLR); (2) popular single-cell batch
effect removal tools, including Harmony*® implemented on the raw
counts, Arcsinh-transformed, CLR-transformed or logCPM-
transformed data, fastMNN*, and CytofRUV*; and (3) methods tai-
lored to CITE-seq normalization, including DSB', decontPro®,
totalVI”?, and sciPENN®. We obtained a ground-truth manual annota-
tion of these CITE-seq datasets by independently annotating each
sample using flow-cytometry gating principles (“Methods”, Supple-
mentary Fig. 3 and Supplementary Table 2). Although the frequencies
of these subsets varied, we identified similar immune cell subsets
across all samples of the 13 public datasets (Supplementary Fig. 4A).
Across the 13 datasets, ADTnorm effectively reduced batch variability,
such that negative and positive populations for each surface protein
marker could be consistently identified across studies (Fig. 1B, Sup-
plementary Fig. 5, protein density distributions in Supplementary
Note). UMAP embeddings of the normalized ADT expression revealed
effective batch integration by ADTnorm while preserving cell type
separation at both broad and refined annotation levels, treating either
the study-level or individual samples as batches (Supplementary
Figs. 5, 6). ADTnorm was applied using default parameter settings in
the ADTnorm R function for landmark detection (default) or leveraged
manually adjusted landmark locations (customized) using interactive
R Shiny GUI (“Methods” - Default and customized ADTnorm normal-
ization settings). Both ADTnorm settings, default and customized,
outperformed other tools in balancing cell-type separation with cross-
study batch effect removal as quantified by Silhouette scores, Adjust
Rand Index (ARI), and the Local Inverse Simposon’s Index (LISI)
(“Methods”, Fig. 1C and Supplementary Fig. 7A-C). Furthermore,
ADTnorm can facilitate the seamless integration of new datasets
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Fig. 1| ADTnorm normalization model, function and performance. A. ADTnorm
normalization procedure starts with the identification of landmarks and aligns
peaks and valleys across batches through functional data analysis. The detected
peaks and valleys can also be used for automatic threshold-gating (auto-gating),
and antibody staining quality can guide the selection of antibodies and staining
concentrations. B. Comparison of ADT expression distribution across studies of
three T cell lineage markers (CD3, CD4 and CD8) after transformation by Arcsinh
and CLR, or normalization by ADTnorm. UMAP embeddings colored by study or
cell type were generated after the normalization of 9 ADT markers shared across all
13 studies. Cell type annotations were defined by manual threshold-gating by two
immunologists on each sample separately, independent of the normalization work
in this paper (“Methods”). The corresponding manual gating strategy is summar-
ized in Supplementary Fig. 3 and Supplementary Table 2. C. Study-level batch
correction and broad-level cell type separation quantified by Silhouette score and
Adjusted Rand Index (ARI) across methods. ADTnorm was applied using default

parameters or customized landmark alignment adjustments. Gray arrows indicate
the direction of improved integration performance, i.e., minimized batch effect and
maximized cell type separation. The measure center is the Silhouette or ARl metrics
calculated on all the cells. The vertical and horizontal error bars represent each
method’s standard deviations of 20 bootstrap samples. D. Violin plots displaying
CD19 expression in the 10X_malt_10k dataset following normalization under the
severe imbalanced setting (“Methods”). Abnormal artifacts introduced to specific
cell types during the normalization are highlighted by red squares. The sample size
for the box plots is the total cell number within each cell type. E, F. Average auto-
gating accuracy (E) and stain quality score (F) across cell types (x-axis) and studies
(colors). The sample size for the box plots is 13, representing 13 public datasets. Box
boundaries of (D-F) represent the 25th and 75th percentiles. The center line indi-
cates the median. Whiskers extend to the largest and smallest points within 1.5x the
interquartile range from the 25th or 75th percentile. Data points beyond the
whiskers are outliers. (B, E) and (F) share the same color legend for studies.
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without reprocessing existing ones by aligning landmarks to pre-
determined locations (Supplementary Note). It can also incorporate
users’ prior knowledge about a batch’s cell type composition. For
example, because the Buus 2021 T cell dataset is composed of only T
cells, ADTnormi s adjusted to align the singular peak in CD3 as positive-
expression (Fig. 1B and Supplementary Note). ADTnorm is also highly
scalable, with a fast processing speed and low memory consumption
compared to other methods (Supplementary Fig. 7D, E). Also,
ADTnorm is designed to process protein markers independently,
allowing adaption to parallel processing.

We next explored the downstream impact of protein normal-
ization on joint embeddings of RNA and protein data. Following batch-
correction of ADT expression by the above methods and batch-
correction of the RNA expression using reciprocal PCA', we computed
the multimodal embedding using the weighted nearest neighbor
(WNN) algorithm'® (Supplementary Fig. 8A and “Methods”). As totalVI
and sciPENN already incorporate gene expression into their protein
normalization process, we omitted them from the WNN integration
comparison. As expected, methods with sub-optimal removal of ADT
batch effects resulted in skewed WNN integration (Supplementary
Fig. 9). ADTnorm markedly minimized batch influences and achieved
superior accuracy in segregating cell types as quantified by ARI (Sup-
plementary Fig. 8B), underscoring its utility in post-normalization
multimodal integration.

Impact of imbalanced cell type composition on the
normalized counts

As surface protein expression varies across cell types, batch cor-
rection may be sensitive to variable cell subset composition
between batches. In the benchmarking analysis, Harmony exhib-
ited a robust batch correction performance but did not achieve
equally strong cell-type separation. This aligns with prior evalua-
tions of scRNA-seq batch correction®® and prompted further
investigation into potential over-corrections or artifact biases in
the normalized counts across different methods. To evaluate the
resilience of normalization methods, we subsampled specific cell
subsets from a few batches, devising three scenarios featuring
increasingly skewed cell-type compositions (“Methods”; Supple-
mentary Fig. 4B). Careful examination revealed that Harmony,
fastMNN, and CytofRUV were highly sensitive to compositional
differences, producing unexpected and inaccurate results. For
example, CD19 is a highly specific B cell-lineage marker. However,
in some batches, Harmony- and fastMNN-normalized CD19
expression was significantly higher in CD4 T cells than in CD8
T cells, and CytofRUV-normalized CD19 expression in CD8 T cells
was comparable to that in B cells, patterns not supported by bio-
logical expectations (Fig. 1D and Supplementary Fig. 10). Similar
discrepancies were noted with DSB, totalVI, and sciPENN across
other vital lineage markers (Supplementary Figs. 11, 12). ADTnorm
distinguishes itself by meticulously preserving the ranking of pro-
tein expression across cells within each batch, thereby reducing the
risk of biologically irrelevant anomalies.

ADTnorm provides automatic cell type gatings for annotation

Beyond its primary role in batch correction, ADTnorm leverages
intermediate landmark detection results to perform automated
threshold-gating (auto-gating) for cell type annotation and to assess
staining quality to aid in the optimization of CITE-seq experiments
(“Methods”). Valley landmarks identified during ADTnorm normal-
ization can be used to perform automated cell type annotation using
predefined gating rules (Supplementary Table 2; Supplementary
Fig. 13A-C). While ADTnorm auto-gating showcased high accuracy for
a majority of the studies, achieving between 80-100% for compre-
hensive and nuanced cell type distinctions, auto-gating was under-
performed for dendritic cells, memory CD4 T and memory CD8 T cells

for some samples in the Hao 2020, Kotliarov 2020, and Witkowski
2020 datasets (Fig. 1E).

Auto-gating accuracy is likely influenced by the marker staining
quality that leads to different separation power between negative and
positive populations. Hence, we introduced a stain quality score,
inspired by fluorescent stain index*, to detect protein markers with
poor signal-to-noise separation (see “Methods” - Stain quality score for
the full definition). CITE-seq is highly sensitive to antibody quality and
concentration, requiring most laboratories to conduct multiple pilot
studies for optimizing the antibody concentration cocktail to ensure
reliable detection of positive peaks of the target proteins. The stain
quality score is designed to assist researchers in refining antibody
panels and concentrations during these pilot studies. The stain quality
score integrates staining information from three key aspects: (1) peak
number, (2) the degree of separation between positive and negative
peaks, and (3) the concentration of the positive population. Specifi-
cally, a high stain quality score inherently favors markers with more
peaks, a longer distance between negative and positive peak mode,
and a sharply concentrated positive peak, as these markers demon-
strate better antibody staining capacity (Supplementary Fig. 1C). Low-
quality scores suggest suboptimal staining conditions, which require
careful evaluation or potential exclusion from downstream analyses.
For the same protein marker with a consistent peak number across
samples, the stain quality score is an indicator of the separation power
between negative and positive populations. Leveraging ADTnorm to
assess staining quality of each marker to explain the variation in auto-
gating accuracy, it revealed that CD56 and CD45RA, which are markers
used for gating dendritic and memory T cells, featured less distinct
peak separation in batches with poor auto-gating performance (Fig. 1F
and Supplementary Fig. 13D; see “Methods” - Stain quality score for
further case discussions).

ADTnorm provides a stain quality score to assist in optimizing
antibody titration

Beyond the benchmarking analysis of batch correction and cell type
separation (Fig. 1), we expanded ADTnorm’s utility to address the critical
challenge regarding the antibody titration in the single-cell proteomics.
To effectively stain for surface protein, antibody concentrations must be
carefully tuned for each sample type. Sufficient antibodies are essential
for positive-expression signal(s) to overcome background, but an over-
abundance of antibodies can obscure rare or low-expression markers by
increasing background noise and can increase experimental costs.
Although downstream analysis can often tolerate suboptimal staining
conditions, variable staining quality is a major source of batch artifacts
across samples and laboratories. To explore whether our stain quality
score is sensitive enough for titration optimization® and to evaluate
ADTnorm’s ability to mitigate these batch effects, we utilized a titration
CITE-seq study that analyzed 124 antibodies on human peripheral blood
mononuclear cells (PBMCs)". This study categorized antibody titration
into four levels, including the manufacturer’s recommended concentra-
tion (Ix) and adjustments to 1/25x, 1/5x, and double (2x) the recom-
mended concentration. As anticipated, the higher concentrations (Ix and
2x) typically yielded more distinct separation between negative and
positive cell populations, whereas lower concentrations led to greater
overlap between negative and positive populations or failed to identify
any positive population (Fig. 2A and Supplementary Note). These trends
were reflected in the stain quality scores, where markers with reduced
separation at low antibody concentrations exhibited lower scores
(Fig. 2B). Notably, conventional scaling transformations, Arcsinh and
CLR, were unable to successfully integrate expression across titration
batches (Supplementary Fig. 14 and Supplementary Note), but ADTnorm
could effectively align negative and positive populations across con-
centrations, thus rescuing cell type discrimination for many protein
markers profiled using suboptimal staining conditions (Supplementary
Fig. 15) and minimizing batch effects (Fig. 2A). For markers at low

Nature Communications | (2025)16:5852


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-61023-6

Antibody Titration Exploration

A CD3 CD4 CD8 Batch Correction Cell Type Separation Bh 0.04X 0.2X 1X 2X+ No Difference
< 4 4 [l Recommended Concentration
% | Other Concentration
;ﬁ " ®0.04X
- ®o0.2x
Cell Type ARI: °
T 5 % T 75 % T 0157 F . 0376 ¥ . 5 X
- - ﬁw ® 2X
2
© \ > » |8
O - a
=0
o . . ks
T K T 3 5 T 7— |Batch ARI: | CeHTypeARI »n
0.152 0.346
£ 4 4 :
9 . .
s < <
o he s o * . ﬂ Hﬂ] Hmmﬂm:”
< e - o
T B T T : ! Batch AR Cell Type ARI
Titration Level: Cell Type & 0.135) (NPT 0.485 0,5@0\%5 %Q’Q, KRS 2P ”f\“«b“b 2 o'g) RS Qbrf&
©®0.04X @ 02X 1X @2X ®B Monocyles [Oge) O 000 \?‘ 0 % PO Oo [¢) OO\
® Naive CD4 T @ Memory CD4 T @ Effector Memory CD4 T UMAP
Application to COVID-19 Stud Naive CD8 T ® Memory CD8 T @ CD16 NK @ CD16" NK D CcD14 Monocytes CD16 Monocytes 5 CDB3+ CD14 Monocytes
pplication to - udy . | +CD64! | | CD64 . | | CD99e
C cD3 ch4 Batch Correction Cell Type Separation 1 1 1 1 1 1
> ! ! o *CD36 ' '
1 ] 1 ] ' '
X . 751 i *CD38 1 . ecDp1b 4 i CD169°
7 % 1 1 1 1 1 1
€ N N J il g 4{cDasRA | ‘ ‘
2 4 ' s ¥ 4 =T ! ocD3s| | ! !
- —— v | . . CD169 Vs 31 ! ! .cD64
Jid ~ cD33 ! !
Batch ARI Cell Type ARI:( 8 50 stos cpe2p *CD49d HLA-DRs * ;3'9’;39 i | CDS8
p : 3 ] i . i i
> = 0159 0.206 f 08417 X“ ‘ QD%E;SB. ! !
4 [ / ' jo  eCD328|2t - -~ -~ t—z-——--
= N '. S Ebﬁ‘i" «CD95* oL - _i_CD22a°__eCDid i ‘
P [=J 1 "l
8 D35 ! ! ! I
ﬁ - T 25 8828 di— 3%, | i 1 1
o ral & [~ =>!cDas -cDasRO " Lo e i
x ¥ o i :
N i W 1 f I T
© e v e iy i |
Batch ARI Cell Type ARI i § [ ] T 1
0146 @ 0229 W 007! 1 0 1 1 of ! 1
] T8 1 3 T T 7 ! 1 { i 1 1
——] . o120 -2 9 2 4 0 ! 2
— - log2(Fold Change)
t ‘ S L E CD14 Monocytes CD16 Monocytes CD83+ CD14 Monocytes Normalized ADT Count
o0 I~ —— X (z-score)
" — 3
2 %4{& L. ] e @ ° o - |
I\ A Batch AR Cell Type AR|; 15
- 0091 0293 CDe4 ‘ ® . . . Positive Cells Proportion
) 7 20
onl @ O | @ ® 0 o
4
£ !
5 x 4 COVID-19 Healthy COVID-19 Healthy COVID-19 Healthy . 60
= » PN
E Data Source: Cell CD8T MAIT @NK CD56* @ Plasmablast
< Batch ARI Cell Type ARI © Ncl Type: ©yoT NK CD56- ©B Monocytes CD14*
— 0.040 . 0.312 9 ® Cambridge CD4 T « Proliferating Lymphocytes * Platelets pDC Monocytes CD16*
102 3 48 10304 4 & 6 i UMAP Sanger Treg Proliferating Monocytes @ RBC HSPC cDC

Fig. 2 | ADTnorm application to antibody titration determination and COVID-
19 related disease study. A. ADT expression distributions of three T cell lineage
markers (CD3, CD4 and CD8) across samples stained at 1/25, 1/5, 1 and 2 times the
commercially recommended antibody concentration, following transformation by
Arcsinh and CLR or normalization by ADTnorm. UMAP displays the batch correc-
tion across the four antibody concentrations and cell-type separation using 124
ADT markers from the original study”. The dashed squares highlight the CD4 T cell
subtype clusters that were split due to titration variations and merged after batch
correction by ADTnorm. B. The stain quality score evaluates antibody staining
quality for target proteins, assessing their ability to successfully profile the positive
population and achieve strong separation between positive and negative popula-
tions (see “Methods”). Four antibody concentration levels—1/25, 1/5, 1, and 2 times
the commercially recommended concentration—are tested and represented by
different colors. Recommended concentrations are indicated with solid-colored
filling, while non-recommended concentrations are shown with transparent color

filling. Protein markers are grouped based on their recommended antibody con-
centration within each panel and labeled accordingly. C. Data integration across
three research institutes where CITE-seq was generated. UMAP shows the batch
correction across three research institutes and cell type separation compared
across Arcsinh, CLR, DSB and ADTnorm. DSB is the normalization method used in
the original paper®. UMAPs were constructed on 192 ADT markers colored by
research institute or cell type. D. Volcano plots displaying results of differential
proportion of the positive cells for each protein marker between healthy donors
and COVID-19 patients. The differential detection analysis was done for CD14"
Monocytes, CD16" Monocytes and CD83" CD14* Monocytes, respectively. Cell type
labels are from the original publication” of the COVID-19 data. E. Dot plot displays
consistently differentially expressed protein markers, i.e., CD38, CD64 and CD169,
across three monocyte subsets. Points are colored by the average normalized ADT
expression and the dot size is relative to the proportion of cells with positive-
expression in healthy donors or COVID-19 patients.

titrations that exhibited no positive population, ADTnorm could only
align the negative populations (Supplementary Fig. 16A). In these cases,
excessively low stain quality scores could alert researchers of protein
markers that consistently show poor discrimination between the positive
population and the background, suggesting a potential need for revising
antibody titration or antibody type (Fig. 2B and Supplementary Fig. 16B).
For instance, the 0.04x panel of Fig. 2B indicates that CD36 can be
efficiently profiled even after a 25-fold dilution of the antibody. For such
markers, researchers can reduce antibody usage and sequencing costs by
employing only 0.04x or 0.2x of the original titration. Conversely, some
antibodies, such as CD26, CD127 and CD305, exhibit inadequate staining
even at twice the commercially recommended concentration. In this

case, a much higher concentration may be required, or alternative anti-
body clones should be tested. Notably, some markers show no detect-
able differences in staining quality across antibody titrations (right-most
panel of Fig. 2B). If none of the tested concentrations effectively profile
the positive population, the staining quality scores will consistently
remain low, which suggests either that the target antigen is absent or that
the antibody has poor binding specificity. For optimal CITE-seq staining,
these antibodies are recommended to be reconfigured or excluded from
the panel. We also assessed the influence of antibody titration on
ADTnorm’s auto-gating accuracy, finding that auto-gating accuracy
remains stable as long as lineage markers exhibited detectable positive
staining (Supplementary Fig. 17).
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ADTnorm integration across multi-center CITE-seq data enhan-
ces insights into COVID-19 study

We next investigated whether ADTnorm could facilitate the analysis of
consortium efforts. Three UK medical centers profiled 192 protein
markers using CITE-seq to study COVID-19 immune response across a
diverse cohort of over 100 healthy donors and COVID-19 patients".
Staining quality was highly variable across the participating medical
centers (Fig. 2C). Specifically, samples from Newcastle (Ncl) exhibited
lower stain quality scores, characterized by a reduced separation
between negative and positive peaks, whereas samples from Cam-
bridge and Sanger displayed robust separations, higher stain quality
scores, and greater frequencies of detectable positive signals (Sup-
plementary Figs. 18, 19). These batch effects could not be effectively
mitigated by Arcsinh and CLR scaling methods (Fig. 2C, Supplemen-
tary Fig. 20 and Supplementary Note). ADTnorm effectively reduced
technical artifacts (Fig. 2C, ARI: 0.04), resulting in improved cell type
separation (ARI: 0.312), both at the broad and refined annotation
levels. Additionally, ADTnorm enhanced the joint RNA and ADT
embedding compared to the RNA-only embedding reported in the
original publication (Supplementary Fig. 21).

Leveraging ADTnorm’s integration and auto-gating, we next
aimed to identify whether the expression of specific surface markers
could be associated with COVID-19 disease (Supplementary Fig. 19E).
Previous studies have identified compositional changes in the immune
compartment associated with disease, including increases in the fre-
quency of specific monocyte subsets in the PBMC compartment of
mild, moderate, and severe COVID-19 patients (as noted in Fig. 1C of
the original publication'®). Other studies have identified biomarkers on
blood monocytes associated with COVID-19 and type-I interferon sig-
naling, including CD38°*¥, CD64°** and CD169**. We sought to
identify whether these trends could be attributed to changing subset
frequencies within the monocyte compartment or to the upregulation
of these markers across multiple subsets of monocytes. We analyzed
the percent-positivity of these and other markers on CD14*, CD16", and
CD83'CD14* monocytes, and observed upregulation of these markers
among COVID-19 patients compared to healthy donors across multiple
monocytes states (Fig. 2D, E and Supplementary Fig. 22A). Such
upregulation mirrors the trends observed in scRNA-seq (Supplemen-
tary Fig. 22B). The normalization employed in the original publication,
DSB, did not accurately represent these trends, masking positive
expression of CD169 (Supplementary Fig. 23), failing to identify
upregulation of CD169 with COVID-19 in any monocyte subset, and
reducing signal of CD38 and CD64 in CD16 monocytes (Supplementary
Fig. 22C). This demonstrates the utility of ADTnorm in isolating bio-
logically relevant changes and uncovering previously concealed
insights in surface protein expression.

Application of ADTnorm in the pilot exploration and final
titrated analysis of human hematopoietic progenitor study

We applied ADTnorm to a recent human hematopoietic progenitor
study” to demonstrate its utility in protein data processing and its
contribution to downstream biological discoveries. In the pilot study
phase, 266 protein markers were examined to guide the selection of a
final protein panel and optimize antibody titration. ADTnorm eval-
uated the stain quality of each protein marker across three cell isola-
tion populations in the original publication: CD34"¢", CD34*CD271",
and bone marrow mononuclear cells (BMNC) (Fig. 3A). Among the
protein markers with detectable positive peaks, stain quality generally
was improved with increasing antibody concentration in the CD34"&"
population (Fig. 3B). By leveraging stain quality scores from the titra-
tion pilot study, ADTnorm identified 82 protein markers with evidence
of successful staining in at least two samples. Of these, 70 overlapped
with the ultimate selection of 132 protein markers in the original study,
which was determined using a semi-supervised classification model
and expert domain knowledge (Fig. 3C). Density distributions of the

remaining 12 protein markers indicated successful staining and sug-
gested their potential inclusion in the final protein panel (Fig. 3D and
Supplementary Fig. 24). Notably, the 70 protein markers recom-
mended by ADTnorm generally exhibited higher stain quality com-
pared to the remaining 62 markers in the final titration panel (Fig. 3E).
Among the 62 markers, 24 markers demonstrated good stain quality
scores in at least one donor sample (i.e., stain quality score >2, Sup-
plementary Fig. 25A).

Using the full 132-plex protein panel in the original study,
ADTnorm effectively mitigated batch effects across donor samples,
achieving improved cell type separation (Fig. 3F and Supplementary
Fig. 25B). Furthermore, the percentage of positive population obtained
through ADTnorm provided a more interpretable metric for distin-
guishing the hematopoietic progenitor cell states and developmental
trajectories(Fig. 3G, H), whereas log,-fold-change of normalized values
(i.e., totalVl in the original study) remain invariant or zero across
multiple cell types for nearly half of the proteins in the final titration
panel (Supplementary Fig. 25C-E). Specifically, the log,-fold-changes
of CD47 and CD52 across all the cell types were close to zero. However,
ADTnorm revealed a high proportion of CD47 expression across
hematopoietic and stromal cells, consistent with its role in protecting
against macrophage-mediated phagocytosis****. Similarly, ADTnorm
detected stable expression of CD52, a glycosylphosphatidylinositol-
anchored protein with immunomodulatory function®, across various
subsets of T cells. This mechanism allows CD52"" T cells to suppress
other T cells to maintain immune homeostasis, protecting against
autoimmunity. The low CD52 signal indicated by totalVI could result in
a misleading conclusion that this marker was not expressed on T cells.
Moreover, log,-fold-change with respect to the mean across all cell
types may indicate modest variations, but percentage-positivity
reveals the key protein markers with widespread abundance. For
instance, CD11a, a heterodimeric integrin critical for transendothelial
migration, is highly expressed across many leukocytes***’. CD162 with
a high or moderate abundance on T cells, monocytes, and other leu-
kocytes ensures the physiologic trafficking and homeostatic immune
regulation*®*°, Both markers’ signals were suppressed by the overall
high mean in log,-fold-change quantification. In addition, among ery-
throblast subsets, over 95% of cells were positive for CD71, a transferrin
receptor essential for iron uptake in hemoglobin synthesis, yet the
log,-fold-change of totalVl-normalized counts was low, approximately
0.5.CD71is an important marker, allowing for the identification of cells
at various stages in erythropoiesis®.

Beyond improving cell state characterization, percent positivity
analysis can also aid in assessing potentially misannotated popula-
tions. In the original study, a mixture of unsupervised and supervised
methods was used to annotate T cell subsets. Taking the CD4-activated
T cell population as an example, the totalVI log,-fold-change for CD8
was 1.8, suggesting a possible misclassification. ADTnorm revealed
that 30% of these cells expressed CD8, quantifying this contamination.
Additionally, percent positivity serves as a powerful metric for distin-
guishing subpopulations and refining cell type annotation. For
instance, approximately 60% of CD8 effector memory T (TEM) cells
expressed CD45RA, while 40% expressed CD45RO. This finding sug-
gests that the majority of CD8 TEM cells are, in fact, terminally dif-
ferentiated effector memory cells re-expressing CD45RA (TEMRA). In
contrast, the totalVI log,-fold-change for CD45RA in these cells was
only 0.7, failing to capture this critical biological distinction.

Overall, this case study highlights ADTnorm’s ability to evaluate the
protein data from the early phase of protein panel design, improve batch
correction, refine cell type annotation, and facilitate biological dis-
coveries by providing interpretable and biologically meaningful metrics.

Discussion
In summary, ADTnorm offers a fast, precise, and scalable solution for
normalizing protein expression data, effectively minimizing batch
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artifacts within studies and enabling integration across studies.
ADTnorm is designed for high adaptability, allowing for normalization
at various batch levels, supporting missing data, and incorporating
prior cell type knowledge. By addressing protein batch effects,
ADTnorm also improves multimodal aggregation of RNA and protein
modalities, enhancing cell type discrimination and improving
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interpretability. Unlike other normalization methods that may intro-
duce abnormal expression artifacts, ADTnorm maintains the ranked
order of cells within batches for each protein marker and delivers
stable performance across datasets with uneven cell type composi-
tions. Additionally, its auto-gating feature offers an expedited avenue
for cell-type annotation. The integrated stain quality scoring system
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Fig. 3 | Application of ADTnorm in analyzing human hematopoietic
progenitor study. A. Hematopoietic pilot study to determine the optimal antibody
concentration in the titration cocktail. ADTnorm assigns stain quality scores to
each protein marker per sample, allowing the identification of markers that exhibit
successful staining and positive population signals. B. Among protein markers with
detectable positive populations, stain qualities vary with antibody concentration,
depending on cell sorting groups. The sample size for each box plot is the total
number of protein markers with a staining quality score larger than two. C. Using
stain quality scores, ADTnorm identified 82 protein markers with strong evidence
of successful staining, 70 of which overlapped with the 132-plex protein panel in the
original study. D. Density distribution of protein markers recommended by
ADTnorm but not included in the original publication. The remaining 11 protein
markers are presented in Supplementary Fig. 24. E. Comparison of stain quality
scores for the 132-plex proteins panel in the original study. The sample size for the
box plots is 70 for ADTnorm Recommended and 62 for Others in Original Paper.

Box boundaries of (B) and (E) represent the 25th and 75th percentiles. The center
line indicates the median. Whiskers extend to the largest and smallest points within
1.5x the interquartile range from the 25th or 75th percentile. Data points beyond the
whiskers are outliers. F. UMAP visualization comparing protein data processed with
Arcsinh transformation and ADTnorm normalization regarding batch correction
and cell type separation. G. Heatmap depicting the percentage of positive popu-
lations across the hematopoietic cell type trajectory. The complete heatmap for all
132 proteins is in Supplementary Fig. 25B. H. Heatmap showing log,-fold-change of
totalVI-normalized counts relative to the mean value per protein marker. G, H use
the same hematopoietic cell type order as in the original study. The protein markers
are ordered by hierarchical clustering based on ADTnorm positive population
percentages. The complete heatmap ordered by hierarchical clustering of the
totalVlis provided in Supplementary Fig. 25D. Red squares highlight the differences
between the protein marker positive proportion obtained from ADTnorm and log,-
fold-changes of the totalVl normalized counts used in the original study.

alerts researchers to suboptimal staining and assesses experiment
quality, aiding in the calibration of antibody titration for pilot studies
tailored to specific tissue systems. Especially in the integrative analysis
of large datasets, the stain quality score enables rapid identification of
problematic markers or batches, thereby enhancing reproducibility
and reliability in downstream analyses. Among positive-expressing
populations, ADTnorm’s landmark registration approach homo-
genizes variations in enrichment strength across samples. While it is
possible that these variations represent biological differences, that
interpretation is confounded by many sources of technical noise,
including antibody concentrations, staining conditions, and sequen-
cing artifacts. Notably, ADTnorm also preserves information about the
proportion of positive-expressing events in each batch, offering valu-
able insights into disease status, as exemplified in the COVID-19 case
study. This feature underscores the potential of ADTnorm to trans-
cend mere normalization, contributing to the identification of disease-
associated protein markers. In the hematopoietic progenitor case
study, ADTnorm enhances protein data processing by improving stain
quality assessment, mitigating batch effects, and refining cell type
annotation through interpretable positive population percentages.
Compared to traditional log-fold-change quantification, ADTnorm
offers biologically meaningful insights that aid in identifying sub-cell
types, correcting misannotations, and facilitating discoveries in
hematopoietic progenitor cell characterization.

Due to ADTnorm’s high adaptability, we expect its utility may also
extend beyond CITE-seq, allowing for the harmonization of protein
expression across multiple technologies (e.g., flow cytometry, CyTOF,
and CITE-seq together). Its application is also primed for expansion to
multimodal assays by leveraging the normalized protein data as a
bridge for cross-modality integration, such as scCUT&Tag-pro”’, ASAP-
seq” and PHAGE-ATAC®, which profile surface proteins alongside
epigenomic or chromatin accessibility features. ADTnorm stands as a
pivotal tool in the evolving landscape of genomic research, facilitating
comprehensive analyses across a broad spectrum of biological con-
ditions and technological platforms.

Methods
Data source and processing
Public CITE-seq datasets were downloaded through URLs summarized
in Supplementary Table 1%, Datasets are identified by the first author’s
last name or by “10X” for data obtained from the 10X Genomics web-
sites. Empty droplets, cell aggregates, and apoptotic cells were
removed from each dataset based on total UMI counts and the per-
centage of mitochondrial gene expression using the PerCellQCMetrics
and isOutlier functions using default parameter values from the scuttle
R package®*. ADTnorm was then applied to the raw CITE-seq protein
expression data after quality checks and cell filtering.

Cell type annotations used as the ground truth for benchmark-
ing were determined independently by two immunologists through

manual threshold-gating on each sample, separate from the nor-
malization work in this manuscript. Manual threshold-gating in
single-cell proteomics profiling is a standard approach for cell type
annotation in cytometry data, where researchers define specific cell
populations by visually gating cells on two-dimensional plots of
paired protein markers. The protein markers used for manual gating
and cell sub-population identification are summarized in Supple-
mentary Table 2 and the gating logic is exemplified in Supplementary
Fig. 2. Cells that could not be confidently assigned to a major cell
type were labeled as “unknown”, reflecting a consensus between
both immunologists that no definitive classification could be made.
These cells often exhibited high expression of mutually exclusive
protein markers that define distinct major cell types (e.g.,
CD3*CD19"), suggesting that they could be doublets or rare bi-
phenotypic lymphocytes. To ensure completeness for benchmark-
ing, these “unknown"” cells were retained.

The 13 public datasets were processed using ADTnorm, described
below, along with 14 other existing normalization methods. Detailed
implementation information for the comparative methods is provided in
the Supplementary Table. 3. For consistency, when methods produced
both integrated embeddings and normalized expression (e.g., totalVI),
we evaluated performance using the normalized expression values.

ADTnorm normalization and integration pipeline
Landmark Detection. Supplementary Fig. 1B summarizes the model
workflow and mathematical details. ADTnorm first applies arcsinh
transformation to raw ADT counts with a co-factor 5 and a shift-factor 1
(i.e., arcsinh(1 +1/5 x RawCount)), then identifies landmarks (peaks and
valleys) in the density distribution of protein expression. The ADTnorm
R function also allows users to specify their own preprocessing trans-
formations, automatically disabling the default arcsinh transformation
when alternative inputs are detected. Peaks are defined as local maxima
within high-density regions (Supplementary Fig. 1A), and a curve regis-
tration algorithm? is employed to identify all detectable peak locations.
Between each adjacent pair of peaks, ADTnorm identifies valleys as local
minima. In scenarios where only one peak is detected or in cases
involving a shoulder peak (Supplementary Fig. 1C), valley detection
depends on the density slope transitioning from the negative peak to
the distribution’s right tail or shoulder peak. Peak and valley detection
accuracy relies on precise kernel density estimation for each sample,
making selecting a practical bandwidth crucial. The search for an
appropriate bandwidth begins with a relatively large value. If no or only
one peak is detected with this broader bandwidth, the search continues
with narrower settings. For markers generally exhibiting multiple peaks,
like CD4, an even narrower bandwidth is applied. Users can input prior
information into the ADTnorm software to assist in selecting the optimal
bandwidth for constructing the ADT density distribution.

CITE-seq ADT counts are discrete, unlike the continuous data
from flow cytometry, with negative peaks often close to zero. Although
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the Arcsinh transformation effectively compresses large ADT counts
into a more manageable range similar to log transformation, it remains
nearly linear for counts near zero. Therefore, Arcsinh transformation
potentially results in artificial peaks at this low range due to the dis-
crete values. To eliminate suspicious negative peaks, ADTnorm merges
peaks detected below a certain small threshold (neg candidate thres
defined by users in ADTnorm function) near zero or applies a larger
bandwidth to smooth these areas. Additionally, if the quality control
and filtering steps are insufficiently rigorous, leaving empty droplets, a
minor enriched peak might appear near zero before the true negative
peak. ADTnorm is designed to recognize and disregard such spurious
peaks. Conversely, doublets might create false-positive peak land-
marks outside the typical range. ADTnorm uses the mean absolute
deviation (MAD, mad function in the stats R package with default
values) to assess whether a positive peak landmark is an outlier,
excluding it from peak alignment procedures.

Landmark Alignment. ADTnorm leverages identified peaks and
valleys in ADT density distributions to mitigate technical variations
across batches, studies, platforms, and other experimental incon-
sistencies by aligning these landmarks across samples. This landmark
alignment strategy is inspired by methodologies like guassNorm and
fdaNorm?®, initially developed for flow cytometry data. Specifically,
ADTnorm utilizes functional data analysis, employing a warping
function® to perform a one-to-one transformation of ADT expression
that uniformly adjusts the ADT density distribution in a monotone
fashion. Mathematically, the kernel density estimate for each sample
iis represented by a B-spline interpoland x;. The peak(s) and valley(s)
detected for each sample serve as landmarks, and the landmark
locations are denoted by ¢;; wherej=1,.., m. mis 2, meaning there is
only one peak and one valley, and m is 3, indicating that this sample
has two peaks and one valley. To align the peaks and valleys across
sample, x; is transformed by a strictly monotone and invertible
function h; known as a warping function for sample i, such that
hi(Tseard) = Teare Where T, is the starting point of the ADT expres-
sion value range and hy(Tecpq) = Teng Where Tepq is the ending point of
the ADT expression value range. Also, hity) =¢t; for j=1,..., m,
representing the transformation of the density curves x; so that the
corresponding landmark j align to a fixed location t;. By default, to; is
set to the mean value of ¢; across samples, but users can pre-define
the target landmark alignment locations (target landmark_location
parameter in ADTnorm function). To obtain the optimal estimation of
h;, the target function is set to minimizing [|[y(¢) - xh(0)|*dt + Afw*(t)dt
where y is a fixed function in the same class as x; and w(¢) measures
the relative curvature of h. This penalty on the relative curvature
ensures that the transformation function is both smooth and
monotone.

Note that ADTnorm also allows users to provide prior information
regarding the cell type constitution to more properly align positive
peaks across samples. For instance, in batches exclusively involving
T cells (e.g., buus_2021.T), a single positive peak for CD3 protein
markers is expected. By providing a list of such batches and markers
where a uni-peak is expected as a positive peak, ADTnorm can pre-
cisely align the detected unique peak (e.g., the gray uni-peak of CD3 in
buus_2021_T dataset of Fig. 1B) to the positive peaks in other samples,
ensuring consistent and accurate peak alignment (Supplementary
Note - Part 2 Protein Density Distribution). This functionality under-
scores ADTnorm'’s adaptability and effectiveness in handling various
experimental conditions and study designs. ADTnorm can be applied
to integrate batch effects across studies (Supplementary Fig. 5) or
batch effects between individual samples within studies, e.g., each
donor is a batch (Supplementary Fig. 6 and Supplementary Note).
Furthermore, by ignoring missing values, ADTnorm can be used to
integrate ADT expression for markers profiled in some but not all
batches, a capability not shared by all normalization methods (Sup-
plementary Note).

Default and customized ADTnorm normalization settings
In the benchmark analysis with 14 existing methods, ADTnorm nor-
malized the 13 public datasets using default parameter settings
(default) or GUI-assisted, manually adjusted landmark detection (cus-
tomized). The default setting (i.e., ADTnorm(default) in Fig. 1C) used
the default parameter values of the ADTnorm function in the R package
(https://github.com/yezhengSTAT/ADTnorm, Supplementary Note),
which can handle general protein expression normalization scenarios.
ADTnorm R function also offers adjustable parameters to refine land-
mark detection and provides intermediate density plot visualizations,
allowing users to verify the reasonableness of detected peaks and
valleys and the alignment of landmarks. A detailed tutorial (Supple-
mentary Note and at https://yezhengstat.github.io/ADTnorm/articles/
ADTnorm-tutorial.html) is available to facilitate ADTnorm’s usage,
offering guidance on software utilization and parameter adjustment to
accommodate different protein expression characteristics.
Additionally, a GUI implemented using the R shiny function
(Supplementary Fig. 2) is provided to help users manually fine-tune
landmark locations for tailored protein normalization. The customized
setting (i.e., ADTnorm(customized) in Fig. 1C) in the benchmark analysis
leveraged manual fine-tuning of peak and valley landmarks to ensure
optimal landmark alignment. We recommend that users explore the
bandwidth sliding bar at the top of the density distribution plot
(Supplementary Fig. 2) to determine a proper density bandwidth for
setting landmarks. This approach also helps verify whether the weak
positive peaks are real or artifacts. At higher bandwidth levels, a true
positive population tends to be more visible as one peak, whereas
dubious peaks often display a zigzag pattern. Rarer positive popula-
tions that do not form visible peaks, even with higher bandwidths, can
still be deemed as positive populations if the valley is positioned
immediately to the right-hand side of the negative peaks. Similarly,
when the negative population exhibits a zigzag pattern, increasing the
bandwidth helps smooth out the discrete negative peak, facilitating
the identification of an appropriate negative peak landmark.

Weighted nearest neighbor integration of the RNA and protein
Multimodal embeddings were evaluated to test the ADT integration
performance of ADTnorm and existing methods. The RNA compo-
nents are integrated using the Seurat reciprocal PCA (RPCA) strategy.
Specifically, the raw gene expression data are first normalized by log-
transformation of count per million (log CPM), and the top 5000
feature genes are selected by the “vst” method. Then, the normalized
RNA data are scaled using the top features, followed by principal
component analysis (PCA) for each study, respectively. Integration
anchors are obtained by the FindintegrationAnchors function of Seurat
using the RPCA reduction method. We confirmed the RNA component
integration performance by visualizing in UMAP and color-coded by
batch and cell types in Supplementary Fig. 8A. The weighted nearest
neighbor (WNN) strategy'® from Seurat is leveraged to further inte-
grate the harmonized RNA and normalized protein components.
Specifically, the FindMultiModalNeighbors function from Seurat is used
to construct the WNN graph based on the top 30 PCs of the RNA
component and the top 15 PCs of the protein component. We use
default values for all other parameters in the above-mentioned across-
modality integration pipeline.

Robustness evaluation on normalization methods by the
imbalanced cell type constitution

To assess the robustness of normalization methods, we leveraged the
13 public datasets to create three imbalance scenarios with varying
cell-type compositions.

* Mild imbalance (default integration and benchmarking setting): In
the standard setting used to illustrate the ADTnorm model and
performance (Fig. 1A-C), one dataset out of 13 public datasets, i.e.,
buus_2021_T, contains only a single sample of 666 T cells. The
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remaining 12 datasets profile total PBMCs. This configuration
introduces a mild imbalance for the data integration.

Moderate imbalance: To create a more challenging integration
task with moderately imbalanced subset compositions across
batches, we retained only T cells in the hao_2020 (24 samples) and
triana_2021 (9 samples) studies, in addition to buus 2021 T. The
remaining 10 public datasets were left intact, preserving their
original PBMCs profiling.

Severe imbalance: For the most extreme scenario, we further fil-
tered the triana_2021 study to include only CD8 T cells, while
retaining all T cells from hao_2020 and buus_2021 studies. The
rest of 10 public datasets were left unfiltered.

To access normalization performance, we evaluated the normalized
expression of CDI9 and CD4 across major cell types in the
10X_pbmc_10k and 10X_malt_10k datasets as examples. Since both
datasets contain only one sample per study, they are free of within-
study batch effect. The original cell type compositions were preserved
for 10X_pbmc_10k and 10X_malt_10k.

Stain quality score

To determine the optimal concentration of antibodies to stain specific
protein markers®, we proposed a stain quality score designed for ADT
data. The stain quality score is inspired by the stain index widely used
to optimize the quality and effectiveness of fluorescent staining of cells
in flow cytometry”. The stain index is defined as the ratio of the
separation between the positive and negative peaks divided by two
times the standard deviation of the negative population.

Positive Peak Mode Location — Negative Peak Mode Location @

StainIndex = 2 x SD(Negative Peak)

To extend the stain index to capture separation in more diverse
data distribution patterns beyond bimodal expression, such as multi-
ple peaks, shoulder peaks or heavy right tail (Supplementary Fig. 1C),
we designed the stain quality score as follows:

PosPeakMode — NegPeakMode

SD(NegPeak) + SD(PosPeak) 5
x (PosPeakHeight — ValleyHeight +1) @
*(AUC(PosPeak)+1)

Stain Quality Scoreyeqs =

AUC(PosPeak) means the area under the curve of the positive peak
in the corresponding density distribution. Therefore, the stain quality
for protein markers with two peaks is positively correlated with the peak
mode distance, the sharpness of the positive peak and the proportion of
the positive population, and negatively correlated with the total stan-
dard deviation in the negative and positive populations.

RightMostPeakMode — NegPeakMode

> (SD(EachPeak))
x (RightMostPeakHeight — RightMostValleyHeight +1)
*(AUC(NonNegPeak)+1)

Stain Quality Scores , peqis =

3

For protein markers with three or more peaks, the stain quality
score is positively correlated with the landmark distance between the
right-most peak and the negative peak, the sharpness of the right-most
peak and the proportion of non-negative populations. The score is
negatively correlated with the sum of the standard deviation of each

peak.

Valley — PeakMode
SD(AllData)
x (0 — ValleyHeight + 1)*(AUC(RightTail) +1)

@

Stain Quality Scoreyeq, =

Due to the missing positive peak, for markers with one detected
peak, we use the distance between peak and valley as the lower bound
of the distance between any positive population and the negative peak
mode. We continue to penalize the score for one peak by setting the
PosPeakHeight to 0. The area under the curve of the right tail beyond
the valley is used to distinguish markers that only have a negative
population and markers with a heavy right tail or even a shoulder peak.
In other words, although the independent positive peak failed to be
detected, the positive population is still present.

Stain quality scores are comparable across markers with different
peak numbers and generally give higher scores to markers with more
peaks. For markers with the same number of identified peaks, better
separation of positive and negative populations (longer distance
between peak modes) and sharper peaks (lower standard deviation)
leads to higher stain quality scores. Markers with two identified peaks
score higher than those exhibiting only a shoulder peak. Distributions
with only one identified peak and a heavy right tail will have a lower
score, and distributions with only one peak and no right tail will be
given the lowest score. Supplementary Fig. 1C provided a diagram
illustrating the peak patterns and associated stain quality score order.

Stain quality scores can also provide insights into auto-gating
performance. Auto-gating accuracy is primarily influenced by the ease
of distinguishing between positive and negative peaks. For example, in
the case of CD45RA, high-quality antibodies enable successful profiling
of the positive population, ensuring that peak number and positive
population concentration remain consistent across samples. This
allows the stain quality score to effectively reflect the separation power
between negative and positive populations. Conversely, a low stain
quality score for CD45RA suggests a significant overlap between
negative and positive populations, making it difficult to confidently
separate the positive peak from the negative peak and reducing auto-
gating accuracy, particularly in memory-related cell types (Fig. 1E).
However, when comparing protein markers, the stain quality score can
be influenced by both peak number and peak separation power. The
score inherently favors markers with multiple peaks, as these tend to
demonstrate better antibody staining capacity (Supplementary
Fig. 1C). For instance, CD45RA typically exhibits 2-3 peaks, whereas
CD25 is a single-peak marker with a heavy right tail (Supplementary
Note - Part 2, Protein Density Distribution). As a result, CD25 generally
receives a lower stain quality score, as its positive population is not as
enriched as CD45RA’s to form distinct positive peaks. Beyond antibody
staining ability, the absence of a detectable positive peak for CD25 may
also stem from the lower proportion of Treg cells compared to
memory-like immune cells. Thus, while CD25 may have a lower stain
quality score overall, this does not necessarily indicate poor separation
between negative and positive populations but rather reflects differ-
ences in marker biology and population abundance. CD25 can still
effectively distinguish between the negative peak and the heavy right
tail (i.e., positive population), allowing for the highly accurate identi-
fication of the Treg population (Fig. 1E, F). In summary, stain quality
scores provide a valuable metric for understanding auto-gating per-
formance across samples for the same markers.

Computational environment for evaluating runtime

and memory

Software performance assessments (Supplementary Fig. 7D, E) were
conducted on a dedicated server at Fred Hutchinson Cancer Center in
terms of running time and memory consumption. The server was
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equipped with an Intel(R) Xeon(R) Gold 6254 CPU @3.10GHz, featuring
18 cores, 36 threads, and 754GB RAM. For GPU-accelerated tasks, an
NVIDIA-SMI GPU with 12GB of VRAM was utilized. The computational
environment was hosted on Ubuntu 18.04.6 LTS, with kernel version
4.15.0-213-generic. The software was compiled and run using GCC ver-
sion 8.3.0 and CUDA toolkit 12.2. Evaluations were performed under
minimal system load to ensure consistent and reproducible results.

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

Data availability

The raw data used in the paper were downloaded from multiple
sources, depending on the original studies. Data generated in the
studies used in this paper have been deposited in multiple databases
summarized in Supplementary Table 1. The corresponding organized
public data for the 13 public studies were uploaded as demo data to be
part of the ADTnorm software repository (https://github.com/
yezhengSTAT/ADTnorm/tree/main/data). The raw and processed 13
public datasets, COVID-19 study and the human hematopoietic pro-
genitor study are available at Zenodo (https://zenodo.org/records/
15477967)%.

Code availability

ADTnorm package is implemented in R and is accompanied by a
Python wrapper of the R function. The source codes and detailed
instructions for running ADTnorm are publicly available at https://
github.com/yezhengSTAT/ADTnormfor the R package and https://
github.com/donnafarberlab/ADTnormPyfor the Python wrapper. The
software is also available through Zenodo at https://zenodo.org/
records/15478055% and Code Ocean at https://doi.org/10.24433/CO.
5673910.v1%.
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