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ABSTRACT 

MS-based proteomics offers powerful opportunities for biomarker discovery; nevertheless, it is associated with technical 
challenges, including missing values and batch effects. Although imputation and batch-correction methods are well established 
in proteomics, their impact remains incompletely characterized in large-scale clinical proteomics datasets. Here, we examine the 
practical impact and interaction of three popular imputation methods (Gaussian, ½ LOD, KNN) in combination with three batch- 
effect correction approaches (ComBat, ComBat with disease covariate, MNN) on differential abundance analysis in a CE-MS urine 
peptidomics dataset of 1,050 samples across 13 batches from chronic kidney disease (CKD) patients and controls. Downstream 

effects were assessed based on peptide validation between discovery and validation sets. Imputation method choice had minimal 
impact on the final list of disease-associated peptides (DAPs), given the missingness structure and normalization strategy. In 
contrast, batch-effect correction largely affected the results: MNN and especially unadjusted ComBat removed a large proportion 
of DAPs ( ∼50% and > 90%, respectively), whereas inclusion of disease status in the ComBat model largely preserved biological 
signal. This study highlights how popular preprocessing choices can affect biological signal, showing that imputation and batch- 
effect correction interact and jointly influence downstream results, underscoring the need for caution when applying batch-effect 
correction. 
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 Introduction 

ne of the most effective methods in biomedical research for
dentifying and measuring proteins and peptides in biological
amples is mass spectrometry (MS). The performance of MS has
ignificantly improved over the past decade thanks to significant
evelopments in instrumentation, such as enhanced sensitiv-
ty, faster acquisition rates, and higher resolution [ 1 ]. These
mprovements have allowed researchers to detect low-abundance
roteins and peptides, resolve closely related molecular species,
bbreviations: CKD, chronic kidney disease; DBP, diastolic blood pressure; DAPs, disease-associated 
AR, missing at random; MCAR, missing completely at random; MNAR, missing not at random; MNN
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and analyze thousands of features across large sample cohorts. As
a result, MS-based platforms now play a central role in biomarker
discovery and personalized medicine [ 2 ]. 

Despite these advances, proteomics, in fact omics approaches
in general, face several technical challenges. Among the most
prominent are missing values and batch effects. Missing values
leave gaps in the data that can skew statistical analyses. Their
causes fall into three main categories [ 3, 4 ]. If a feature’s
intensity is lost purely by chance (e.g., a transient instrument
peptides; GFR, glomerular filtration rate; J, Jaccard similarity index; KNN, K-nearest neighbors; 
, mutual nearest neighbors; SBP, systolic blood pressure. 
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Statement of Significance of the Study 

Finding reliable biomarkers in clinical proteomics requires 
addressing the technical noise that can hide true biological sig- 
nals. In this work, we examine the practical impact and inter- 
action of commonly used imputation and batch correction 
methods on the list of peptides that emerge as differentially 
abundant. Instead of relying on simulations or small datasets, 
we examine a large, real-world urine-peptidomics cohort 
of more than 1,000 samples screened for chronic kidney 
disease. The results demonstrate that, in datasets such as the 
one used here, different preprocessing strategies can lead to 
substantially different outcomes. Imputation and batch-effect 
correction were found to be interdependent, and batch effect 
removal can lead to loss of meaningful biological differences, 
highlighting the importance of applying such corrections with 
caution. 
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litch), it is considered missing completely at random (MCAR).
hen detection depends on other measured factors (such as
enerally low signal across runs) but not on the feature’s own
rue abundance, data are missing at random (MAR). Finally,
eatures with true concentrations below the detection limit
roduce missing not at random (MNAR) values. Although these
echanisms, in practice, often overlap, distinguishing among
hem guides the choice of imputation strategy [ 5 ]. In parallel,
atch effects introduce non-biological variation when samples
re collected at different centers (introducing center bias) or
rocessed on different days, with different instruments, or in
ifferent laboratories. These effects can similarly obscure genuine
iological signals [ 6 ]. 

ver the years, many imputation and batch-correction methods
ave been developed in order to address these distinct sources
f variation. Of the most widely used imputation techniques as
eflected in the current literature (see Section 2.3 ) are Gaussian-
nd LOD-based approaches, which are well suited for MNAR
cenarios, and K-nearest neighbors (KNN) that can handle MAR
atterns by borrowing information from similar features [ 7–
 ]. Imputation is also commonly applied as a preparatory step
ince many downstream methods, such as batch correction,
ssume complete data and cannot directly handle missing values.
ikewise, batch-correction approaches like the empirical-Bayes
omBat method and the mutual nearest neighbors (MNN)
lgorithm make different assumptions about how non-biological
ariation should be modeled and removed [ 10, 11 ]. 

umerous benchmarking studies independently evaluated impu-
ation tools [ 8, 9 ] or batch-correction algorithms [ 12, 13 ], yet
nly a handful have attempted to consider how the two steps
nteract, and/or how those data manipulations affect downstream
tatistical analyses [ 14 ]. Most studies apply a single preprocessing
ipeline, leaving it uncertain how different combinations remove
echnical noise while preserving biological signals [ 15 ]. 

o address this gap, we utilized peptidomics data from samples
ollected from 13 different research hubs (batches) to examine the
ractical impact of the three most popular imputation approaches
Gaussian, ½ LOD replacement and KNN) and three batch-
roteomics, 2026
effect correction methods (ComBat, ComBat with the disease
status as a covariate and MNN). These summed to a total of
12 different processing pipelines which were assessed alongside
a simple zero-fill baseline, in which missing values were set
to zero and no batch-effect correction was applied. The focus
was not to identify an optimal preprocessing approach, but to
investigate how choices made at each preprocessing step and
their interaction impact on downstream statistical results in this
real-world dataset. 

As a test case, we used urine peptide data collected via capillary
electrophoresis mass spectrometry (CE-MS), in the context
of chronic kidney disease (CKD). The readout chosen was
significantly disease associated peptides (DAPs), comparing cases
and controls. In order to illustrate the impact of the different
preprocessing decisions in this dataset, we assessed how different
imputation and batch correction choices affected the consistency
of DAPs between discovery and validation sets, as well as their
reproducibility across preprocessing scenarios. The conclusions
regarding the imputation are interpreted in the context of this
large CE-MS urine peptidomics dataset, which is characterized
by predominantly MNAR missingness and a collagen-
based normalization strategy routinely applied in CE-MS
workflows. 

2 Methods 

2.1 Dataset Description 

An anonymized urine-peptidomics dataset was obtained from
the Mosaiques Diagnostics database. It contained data from
1,224 samples (612 healthy controls, 612 chronic kidney disease
(CKD) patients) drawn from 36 independent studies (batches).
Each sample included measurements for 24,346 unique Peptide
IDs, acquired using capillary electrophoresis mass spectrometry
(CE–MS; see Section 2.2 for details on data acquisition and
normalization). For each of the 1,224 samples, clinical data
were available. In particular, the disease status (healthy control
vs CKD), sex (male/female), age (years), estimated glomerular
filtration rate (GFR, mL/min/1.73 m2 ), diastolic blood pressure
(DBP, mmHg) and systolic blood pressure (SBP, mmHg) were
recorded. 

As reliable imputation and batch-correction require sufficient
sample sizes, any study (batch) with fewer than 20 samples was
excluded. This reduced the dataset to 13 batches, corresponding
to 565 controls and 500 CKD cases. The retained batches ranged
in size from 21 to 332 samples. After matching individuals
based on age, sex, and systolic/diastolic blood pressure, the
final number of samples included in the analysis was 565 for
the control group and 485 for the CKD patient group (1,050
samples in total). An overview of the sample composition and
data quality across the 13 batches is provided in Table S1 . For
downstream analysis, the samples were randomly split into
discovery and validation subsets of equal size (n = 525 each),
ensuring a balanced distribution of clinical and pathological
variables (Table S2) . 

Peptides were further filtered based on the availability of
sequence information, (reducing the total to 18,035 Peptide IDs)
49



TABLE 1 Clinical, demographic and data-quality characteristics of the urine-peptidomics cohort. The 1,050 samples were randomly split 1:1 into 
a discovery (training) set ( n = 525) and a validation (test) set ( n = 525), preserving the distribution of key clinical variables. 

Overall Set Discovery Subset Validation Subset 
Number of samples 1,050 525 525 
Group = CKD (%) 485 (46.2%) 244 (46.5%) 241 (45.9%) 
Sex = Female (%) 397 (37.8%) 193 (36.8%) 204 (38.9%) 
Age (mean ± SD) 60.76 ± 10.18 60.78 ± 10.14 60.74 ± 10.24 
GFR (mean ± SD) 75.12 ± 28.63 74.90 ± 28.75 75.35 ± 28.53 
SBP (mean ± SD) 135.83 ± 15.56 135.25 ± 15.67 136.41 ± 15.44 
DBP (mean ± SD) 77.99 ± 9.40 77.71 ± 9.44 78.27 ± 9.37 
Missing Percentage per sample (%) 
(mean ± SD) 

27.92 ± 12.92 27.75 ± 12.77 28.10 ± 13.07 

Continuous values are shown as mean ± standard deviation; categorical values are counts with percentages in parentheses. 
Abbreviations: CKD, chronic kidney disease; GFR, estimated glomerular filtration rate (mL min− 1 1.73 m− 2 ); SBP, systolic blood pressure (mm Hg); DBP, diastolic 
blood pressure (mm Hg). 
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FIGURE 1 Frequency of application of imputation methods in 
recent experimental proteomics studies (131 studies published from 2020 
onward). The number of studies per method is provided. “Other” refers to 
methods used only once in the analyzed studies. “Hybrid“ denotes studies 
that applied two imputation methods to the same dataset, typically com- 
bining MNAR- and MAR-oriented strategies according to the presumed 
missingness mechanism. “Random/MissForest” denotes random forest–
based imputation approaches (e.g. MissForest), while “OmicsBean” refers 
to a software platform that applies predefined preprocessing pipelines 
including imputation using single value replacement or distribution- 
based approaches. The full results of this literature search, including the 
DOIs of the identified studies, are given in Table S4 . 
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nd a frequency threshold (peptides present in at least 50% of
amples) which resulted in a final number of 3,262 Peptide IDs
ncluded in the analysis (Table S3 ). A concise overview of the
inal, filtered cohort is given in Table 1 . 

.2 CE-MS Data Acquisition and Normalization 

E–MS analyses were carried out on a P/ACE MDQ instrument
Beckman Coulter, Fullerton, CA, USA) coupled to a micro-
OF mass spectrometer (Bruker Daltonics, Bremen, Germany)
s described in detail in prior work [ 16 ]. The resulting CE–MS
ata were processed with the MosaFinder software, which aligns
etected signals in silico to a list of 24,346 urinary peptides,
f which 18,035 have an amino acid sequence assigned [ 17 ].
eptide intensities were normalized using 29 collagen fragments,
he intensity of which, when combined into a panel, is largely
naffected by disease thus serving as internal standard [ 18 ]. The
esulting normalized intensity matrix was used as input for all
ubsequent analyses in this study. 

.3 Literature Survey and Selection of 
mputation Methods 

o identify which imputation strategies are most used in cur-
ent proteomics practice, we conducted a systematic literature
eview. First, we screened all articles published in the journal
ROTEOMICS from 2020 onward. Second, we searched PubMed
or open-access experimental proteomics studies on biological
amples published in the last five years. Third, we inspected
he studies cited in the survey by Harris et al. [ 19 ] and retained
nly those published in 2020 or later. Benchmarking papers
nd studies focused on developing new imputation algorithms
ere excluded, as we aimed to capture imputation choices in
outine experimental workflows rather than to compare special-
zed methods. For each eligible article, we recorded the DOI,
mputation category, year of publication, and source (Proteomics,
ubMed or Harris et al.). 

his process yielded a final set of 131 studies. A full list of the
ncluded articles, along with DOI, imputation category and the
0

year they were published, is provided in Table S4 . The distribution
of imputation categories is summarized in Figure 1 . Gaussian-
based imputation was the most frequently reported approach,
followed by LOD-based methods, KNN and zero-fill/pseudocount
schemes. Based on these findings, we selected Gaussian, ½ LOD
replacement and KNN as representative imputation strategies for
detailed evaluation in this study and included zero-fill as a simple
baseline. 
Proteomics, 2026
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.4 Combinations of Applied Methods 

hree imputation methods were tested individually and in com-
ination with three batch-effect correction methods, resulting in
2 distinct preprocessing pipelines. All analyses were performed
n R programming language. 

.4.1 Imputation Methods 

aussian imputation replaces missing values by random num-
ers drawn from a normal distribution that is shifted toward
ower intensities and is narrower than the empirical distribution.
ollowing the widely accepted Perseus-style characteristics, we
ampled imputed values from a distribution with mean μ − 1.8 σ
nd standard deviation 0.3 σ, where μ and σ are the mean and
tandard deviation of the observed log-intensities within each
ample [ 20 ]. It is a method which assumes that missing peptide
ntensities correspond to low-abundance signals just below the
etection limit. 

alf limit of detection (1/2 LOD) replacement sets all
issing values to half the minimum observed intensity in the
ataset. This approach assumes that missingness arises because
rue peptide abundances fall below the instrument’s detection
hreshold [ 21 ]. 

-Nearest Neighbors (KNN) replaces a missing value by
veraging the values of the K most similar features, where
similarity” is defined via a chosen distance metric [ 22 ]. In this
tudy, we applied kNN() function from VIM package [ 23 ] to
ur peptide-intensity matrix, using K = 5 and package’s default
ower-type distance (which scales numeric variables to [0,1]
efore computing Euclidean distance). 

.4.2 Batch Correction Methods 

hree batch-correction variations were applied to the log2 -
ransformed imputed datasets: 

omBat applies either parametric or non-parametric empirical
ayes frameworks to adjust data for batch effects [ 24 ]. For this
nalysis, we applied the parametric empirical Bayes framework
package default) using the ComBat() function from sva package
 25 ] on our log2 -transformed imputed peptide matrix. No biologi-
al covariates were included, so all between-batch variations were
ubject to removal. 

omBat using the CKD covariate extends the above method by
upplying a design matrix with the disease-status covariate [ 11 ].
n this way, ComBat preserves differences associated with CKD
tatus while still removing unwanted batch effects, ensuring that
rue case–control signal is not inadvertently washed out. 

utual Nearest Neighbors (MNN) identifies mutual nearest
eighbors between datasets to align their shared structure [ 26 ].
hese neighbors are pairs of data points (samples) from different
atches that are closest to each other in the high-dimensional
pace, representing similar biological states. For this, we applied
roteomics, 2026
the function batchCorrect() from batchelor package [ 27 ] to
our log2 -transformed imputed peptide matrix with PARAM =
ClassicMnnParam( k = 15), and cos.norm.out = FALSE. 

2.5 Assessment of Batch Effects 

Principal Component Analysis (PCA) was performed on the log2 -
transformed peptide-intensity matrices before and after batch
correction. PCA plots with the first two principal components
(PC1 and PC2) were generated to visually inspect the presence and
strength of batch effects and to evaluate the extent to which these
correction methods reduced the unwanted variation. 

Furthermore, we generated boxplots of log2 peptide intensities for
every study (batch) across all pipelines. In these boxplots, each
box represents the distribution of peptide intensities within one
study, allowing direct comparison of median, spread and outliers
between batches. In order to highlight within- vs between-
batch similarities, we additionally calculated sample–sample
Pearson correlation matrices and displayed them as heatmaps
with samples arranged and labeled by study/batch. 

2.6 Statistical Analysis 

Differential abundance analysis was performed as follows: To
assess the stability of results, we applied the analysis separately
to the discovery and validation sets ( n = 525 each), which had
balanced clinical and pathological characteristics. Within each
subset, we performed non-parametric Mann–Whitney U -tests
to compare CKD and control samples, followed by Benjamini–
Hochberg adjustment to control the false discovery rate. Only
peptides that were significant (adjusted p -value < 0.05) in both
sets and showed the same direction of change were retained. 

To further investigate the overlaps of the differentially abundant
peptides and obtain an overview of the results, we calculated
the Jaccard similarity index between all the different pairs of
pipelines. The Jaccard similarity index measures the proportion
of shared peptides between two sets relative to their total peptide
number. In mathematical terms the Jaccard index between two
sets 𝐴 and 𝐵 is thereby defined as [ 28 ], 

𝐽 =
∣ 𝐴 ∩ 𝐵 ∣

∣ 𝐴 ∪ 𝐵 ∣
(1)

In our case, ∣ 𝐴 ∩ 𝐵 ∣was the number of peptides that were found
significantly different by both pipelines and ∣ 𝐴 ∪ 𝐵 ∣ was the
union of the significant peptides of these two pipelines. A higher
𝐽 indicates greater overlap in significantly different peptides
between the two methods. 

All exploratory analyses and statistical tests were performed using
standard procedures implemented in R. 

3 Results 

The goal of the study was to assess how different imputation
methods and their pairwise combinations with batch-effect cor-
51
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ection methods affect differential-abundance analyses in urine
eptidomics. The urine peptide dataset after filtering consisted of
,262 Peptide IDs and 1,050 samples across 13 batches-studies. 

.1 Sample Distribution Across Pipelines 

 zero-fill baseline dataset, in which all missing values were
et to zero and no batch correction was applied, served as the
omparator. We initially examined using PCA plots, boxplots and
eatmaps the following preprocessing pipelines: Gaussian-only,
LOD-only, KNN-only, and each of these imputation methods
aired with ComBat or MNN. 

CA was performed on the log2 -transformed peptide-intensity
atrices before and after batch correction. The PCA results
or the zero-fill and ½ LOD–imputed datasets (Figure S1 ) were
isually identical. To quantify this similarity, we correlated the
ample PC scores between these two analyses using Pearson’s
orrelation (cor.test in R). PC1 and PC2 scores were almost
erfectly correlated (both r ≈ 1.00, p < 2.2 × 10− 1 6 ), which quan-
itatively supports that the PCA patterns for these two pipelines
re essentially identical. Figure 2 displays PC1 versus PC2 for each
ipeline. Across the imputation-only panels: Gaussian-imputed
Figure 2A ), ½ LOD–imputed (Figure 2B ) and KNN-imputed
ata (Figure 2C ) the overall PCA structure indicates that simple
mputation alone appears to have almost no effect on the
lobal variance structure of this dataset. Notably, even though
amples from the same batch tend to cluster closer to each
ther, the degree of batch clustering in these imputation-only
anels appears relatively mild, suggesting that without explicit
orrection the inter-study effect is not extensive. In the batch-
orrected panels (Figure 2D —I ), samples appear more evenly
ixed, with no single study dominating any region, especially
or the ComBat corrected pipelines. Yet, the shapes denoting
linical status also appear diffusely scattered, indicating that true
isease-related variance may have been reduced as well. 

oxplots of log2 peptide intensities per study showed vary-
ng between-batch differences in median and spread for the
mputation-only datasets (Figures S2–S5) . The zero-fill and ½

OD baselines showed high batch-dependent median shifts, with
atch-specific medians reaching over 80% of the overall median
nd interquartile-range (IQR) differences approximately 40%.
n contrast, Gaussian imputation showed moderate between-
atch median differences (up to ∼ 55%) and smaller differences
n spread ( ∼ 15%), while KNN imputation showed minimal
etween-batch variation, with median and IQR differences being
elow ∼ 5%. After batch correction, between-batch median dif-
erences were reduced across all pipelines (Figures S6–S11 ).
or ComBat-corrected data, median ranges dropped to below
 30%, while Gaussian- and KNN-based pipelines corrected using
NN showed median differences below ∼ 20% and ∼ 10%, respec-
ively. Similarly, differences in spread were reduced for most
mputation–correction combinations, with IQR ranges generally
elow ∼ 25%, although the extent of this reduction depended on
he specific imputation–correction pairing. 

n the sample–sample Pearson correlation heatmaps (Figures
2–S5) , samples from the same study in the imputation-only
atasets consistently showed higher correlations than samples
2

from different studies, producing some clear study-specific blocks
(median within-study r ≈ 0.42–0.63 vs between-study r ≈ 0.33–
0.55). After batch correction (Figures S6–S11) , these study-specific
correlation patterns were reduced. In ComBat-corrected datasets,
within- and between-study correlations became nearly indis-
tinguishable ( Δr ≈ 0.003), indicating strong removal of batch-
associated structure, with overall median correlations ranging
from approximately 0.36 to 0.60 depending on the imputation
method. In contrast, MNN correction preserved uniformly high
correlations across samples (median r ≈ 0.54–0.66). 

3.2 Impact of Imputation and Batch Effect 
Removal on Significant Peptides 

Differential abundance between CKD and healthy samples was
assessed using Mann–Whitney U -tests with Benjamini–Hochberg
correction. Only peptides that were significant in both the
discovery and validation sets with the same direction of change
were retained (see Table S5 for the detailed results of the statistical
analysis). The table in Figure 3A summarizes the results of this
analysis specifically depicting: 

a. The total number of peptides that reached significance in the
discovery set. 

b. The number of significant peptides replicated in the valida-
tion set with the same direction of regulation. 

c. The percentage of discovery-set hits that were successfully
validated. 

As expected for a rank-based test, replacing missing values
with a constant value, either 0 or ½ LOD does not alter the
relative ordering of peptide intensities. Consequently, the zero-
fill baseline and the ½ LOD-only imputed pipeline produced
identical lists of significant peptides (1,640 validated peptides
with validation rate 79.3%). KNN imputation gave almost the
same number (1,614) and proportion (79.5%) of validated peptides
as zero-fill ( χ2 = 0.04, p = 0.85). Gaussian imputation led to a
slightly higher validation rate (82.4%), but the overall number
of validated peptides remained similar across all three pipelines
(1,614 − 1,661). Adding batch correction uniformly reduced the
number of significant peptides (from a mean of 1,640 before
to fewer than 880 after batch-effect removal). The pipelines
combining Gaussian or ½ LOD imputation followed by MNN
batch correction (hereafter Gaussian + MNN and ½LOD + MNN,
respectively) retained a moderate set of validated peptides ( n ≈
855) while maintaining a high validation percentage ( ∼ 76%); these
numbers declined further in the combination of KNN + MNN
( n = 330, < 60%). The drop was even more pronounced with
ComBat, regardless of the imputation method applied ( n ≤ 50, ≤
52%). 

Overlaps in findings of the different pipelines were further
investigated using the pairwise Jaccard similarity index. The
resulting values of the validated DAPs are displayed in Figure 3B ,
where each cell’s color intensity reflects the degree of overlap
between two pipelines (darker = greater overlap). As evident
from the heatmap, the zero-fill baseline, Gaussian, ½ LOD and
KNN pipelines share a high proportion of differentially abundant
peptides ( J ≥ 0.69), reflecting similar results when no batch
Proteomics, 2026



FIGURE 2 Principal Components Analysis (PCA) plots (PC1 vs PC2) for the nine core pipelines: A) Gaussian, B) ½ LOD, C) KNN, D) Gaussian 
& ComBat, E) ½ LOD & ComBat, F) KNN & ComBat, G) Gaussian & MNN, H) ½ LOD & MNN and I) KNN & MNN. Each point represents a single 
sample, colored by its study batch and shaped by clinical status ( ● healthy, ▲ CKD). 

Proteomics, 2026 53



FIGURE 3 A) Table reporting the number of peptides found significant in the discovery set, the number of them that were validated in the 
validation set (with the same regulation trend) and the respective percentage of discovery-set hits validated per pipeline. B) Heatmap showing the Jaccard 
index for the validated significant peptides, computed for every pair of the 10 core pipelines (Zero-Fill, Gaussian, ½ LOD, KNN, and their combinations 
with ComBat, and MNN). Each cell’s value and color intensity represent the fraction of shared significant peptides (darker = greater overlap). 
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orrection is applied. The three MNN pipelines (Gaussian +
NN, ½ LOD + MNN and KNN + MNN) show low concordance
ith the other pipelines ( J ≈ 0.15–0.3). This low index value is
o a good extent expected, since the total number of significant
eptides highlighted by pipelines using MNN is also lower. Even
ore pronounced, ComBat shows no considerable overlap with
ny pipeline ( J < 0.1), highlighting its large impact on the
ataspace, leading to the hypothesis that this approach may be
emoving not only batch-related variation but also biological
ignal. 

o further investigate the hypothesis that ComBat removes
iological variability, the algorithm was reapplied, with the
isease status (healthy control or CKD) included as a covari-
te (see Figures S12–S14 for the PCA plots, boxplots and
eatmaps). As shown in the table in Figure 4A , in all: Gaussian
 ComBat( + CKD), ½ LOD + ComBat( + CKD) and KNN +
 

4

ComBat( + CKD) pipelines, a substantial number of DAPs was
identified and successfully validated. Specifically, over 750 DAPs
were detected in each pipeline, with validation percentages being
more than 70%. Along the same lines, all three ComBat( + CKD)
pipelines exhibit moderate overlap ( J ≈ 0.2–0.8) with the rest
methods (Figure 4B ), however, exceeding the almost-zero concor-
dance seen using standard (unadjusted) ComBat. This heatmap
is consistent with the hypothesis that ComBat without covariate
adjustment removes biological variability. 

4 Discussion 

In this study, we examined how different combinations of widely
applied imputation and batch-effect correction strategies influ-
ence the statistical results in a large CE-MS urine peptidomics
dataset. The aim was to illustrate their practical impact and
Proteomics, 2026



FIGURE 4 A) Table reporting the number of peptides found significant in the discovery set, the number of them that were validated in the 
validation set and the percentage of validated discovery-set hits per pipeline. B) Heatmap that displays the Jaccard index for the validated DAPs calculated 
for every pair of the 13 pipelines (Zero-Fill, Gaussian, ½ LOD, KNN, and their combinations with ComBat, ComBat( + CKD), and MNN). Each cell’s value 
and color intensity indicate the proportion of shared significant peptides (darker = greater overlap). 
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nteraction in a real-world clinical setting. Even though Gaussian-
ased imputation and KNN led to different intensity distributions
ompared with ½ LOD and zero-fill (Figures S2–S5) , minimal
ifferences in the list of validated DAPs could be observed
etween these four imputation methods. In contrast, batch-
ffect correction had a remarkable influence: MNN and, in an
ven more pronounced manner, ComBat without covariates was
ssociated with a substantial reduction of the number of validated
APs and showed minimal overlap with other pipelines. Includ-
ng disease status (CKD) in the model restored to some extent
he signal, suggesting that it corresponded mainly to biological
ariability. 

mportantly, although imputation-only pipelines yielded similar
umbers of validated DAPs in our dataset, applying the same
atch-effect correction resulted in markedly different outcomes
epending on the imputation method used. Gaussian and KNN
roteomics, 2026
imputation applied without batch correction returned compa-
rable numbers of validated DAPs (1,661 and 1,614, respectively),
whereas after MNN correction they yielded different numbers
of validated biomarkers (876 vs 330 respectively, Figure 3 ). This
indicates that, in this dataset, the choice of imputation directly
influences the downstream effect of subsequent batch correction.
Therefore, a core finding of this study is that the effects of
imputation and batch correction are not entirely independent and
may interact in ways that affect downstream analyses. 

In addition, in our dataset, where batch-related variation was
relatively mild, strong correction methods like unguided ComBat
removed meaningful biological signals, which was avoided by
including biological covariates in the model or applying milder
corrections like MNN. The results suggest that the structure of the
dataset can be an important factor when making preprocessing
decisions, especially in relation to the extent of the batch effects
55
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5

nd the availability of relevant biological information. In this
ell-balanced, multi-batch CE-MS urine peptidomics dataset,
inimal preprocessing was sufficient to retain biological signal
hile limiting technical variation. This limited batch-related
ariation and similar performance of the tested imputation
ethods may be explained by the normalization routinely applied
o CE-MS datasets from urine samples, which uses a panel of 29
ollagen calibrant peptides as internal standards to harmonize
eptide intensities across runs [ 29, 30 ]. 

long these lines, when comparing the mean intensity of the 29
alibrants between CKD and control samples for each pipeline,
he percent difference was below 7%, with log2 (CKD/Control)
atios close to zero, indicating that the overall abundance of
he calibrant peptides remained highly similar between groups,
s expected. As a complementary “positive-control” assessment,
hen investigating the distribution of previously described CKD
iomarkers (specifically, the 10 most significant peptides from
KD273 classifier [ 31 ] detected in our dataset) (Table S7) , most
onsistent results were obtained when applying the imputation-
nly pipelines and batch-correction approaches with either MNN
r ComBat with CKD as a covariate. In contrast, ComBat without
KD as a covariate missed most of these peptide biomarkers
9/10), supporting the interpretation that unguided batch correc-
ion can reduce the ability to detect established relevant biological
ignals. 

he preprocessing methods examined in this study represent
ome of the most commonly applied approaches for addressing
issing values and batch effects in omics research. This is
lso reflected in the literature survey we conducted of recent
xperimental proteomics studies (see Section 2.3 ). Although the
erformance of these approaches has been studied, their impact
n large-scale proteomics and peptidomics datasets has not been
horoughly examined. 

aussian-based imputation is widely used in proteomics when
issing values are assumed to be MNAR, typically because low-
bundance signals fall below the detection limit. It replaces
issing values with draws from a left-shifted, low-intensity
aussian distribution, which preserves some variability, while
till encoding the assumption of low abundance; however, it can
till shrink variance and influence estimated fold-changes [ 5, 19 ].
alf- LOD ( ½LOD) imputation follows a similar MNAR rationale
ut uses a single constant replacement (half the minimum
bserved density). It is simple, fast, and preserves the overall
ata structure, but it tends to reduce variance more strongly and
an bias fold-changes [ 5, 8 ]. Both Gaussian and ½ LOD therefore
elong to the family of “single-v alue” imputation approaches that
o not use information from similar peptides. KNN imputation,
y contrast, assumes MAR values and estimates them based on
he similarity of peptides across samples. KNN is more flexible
ut it can over-smooth biologically relevant variation and it is
ensitive to parameter settings [ 8, 9 ]. In our study, all three
ethods produced similar results, indicating that the missing
alues were mostly MNAR, consistent with earlier findings in
abel-free proteomics [ 32 ]. 

omBat, a popular batch-effect correction method originally
eveloped for microarray data, has also been widely adopted
n proteomics due to its apparent robustness in small-sample
6

settings. It applies empirical Bayes shrinkage to remove non-
biological variation, but when the biological groups overlap with
the batch structure, it risks removing true biological signal [ 11, 25 ].
MNN corrects batch effects by aligning shared structure across
datasets using local neighborhoods, preserving more complex
biological variation [ 10 ]. However, if batches are very small or
uneven in size, MNN may compress the dataset’s dimensionality,
which can weaken its statistical power [ 10 ]. This limitation may
also be relevant in our dataset, given the variation in batch sizes. 

Although the here applied methods are widely used and
supported by most analysis platforms, we acknowledge that
additional more advanced imputation and batch-correction
approaches exist, particularly those based on deep learning and
more complex statistical modeling. For example, several deep
learning methods have shown promising results in both tran-
scriptomics and proteomics [ 33, 34 ]. In the context of imputation,
other recent developments include statistical frameworks that
either avoid imputation altogether or account for the variability
introduced into downstream analyses [ 5, 35 ]. In this study, we
chose to focus on well-known and user-friendly methods that are
commonly used in practice and easy to implement. 

Under the missingness structure and normalization strategy of
this CE-MS dataset, commonly used imputation choices had lim-
ited influence on downstream statistical analysis results, whereas
their interaction with batch-effect correction played a more
marked role. Overall, our findings reinforce the importance of
carefully evaluating any preprocessing step against the raw data,
as such manipulations carry the risk of introducing artifacts and
potentially distorting biological signals, ultimately preventing,
rather than supporting the identification of significant features.
Therefore, batch effect removal deserves particular consideration,
following an investigation of the dataset’s specific characteristics
and the severity of batch effects in comparison to the expected
biological variability. 

5 Concluding Remarks 

In this urine-peptidomics dataset, the imputation of missing
values (whether with Gaussian, ½ LOD or KNN) had little
influence on the differential abundance analysis results under
the missingness structure and normalization strategy applied.
Batch-effect correction, on the other hand, reduced the number
of peptides identified as significantly associated with the disease
(CKD) without clear evidence of added benefit in this setting.
Unguided ComBat was associated with a substantial reduction of
the disease signal, whereas milder approaches like MNN or CKD-
guided ComBat resulted in a moderate loss of DAPs which were
otherwise detected and verified. Notably, similar imputation-only
results could lead to markedly different outcomes once combined
with batch-effect correction. 

Our findings also indicate that imputation and batch correc-
tion do not act independently, and can interact in ways that
influence downstream analysis and therefore they should be
considered jointly rather than in isolation. In this dataset, the
impact of batch correction depended on the strength of batch
effect and the inclusion of relevant biological covariates in the
model. In well-balanced datasets with many batches like ours,
Proteomics, 2026
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 minimal preprocessing approach that focuses on addressing
issing values was sufficient in order to avoid unnecessary
oss of meaningful biological information. All things considered,
ur findings highlight the importance of adapting preprocessing
trategies according to the features of each dataset, rather than
epending on a single pipeline for every dataset. Additionally,
ince preprocessing choices can influence the results in ways that
t are not always easy to predict, providing a minimally processed
ersion of the data as supplementary material may help readers
etter assess the impact of these choices. 

ssociated Data 

ll data needed to reproduce the results of this study are provided
n the accompanying Supporting Information files. 
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