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Abstract

Batch effect associated missing values (BEAMs) are batch-wide missingness induced from the integration of data with different coverage
of biomedical features. BEAMs can present substantial challenges in data analysis. This study investigates how BEAMs impact missing
value imputation (MVI) and batch effect (BE) correction algorithms (BECAs). Through simulations and analyses of real-world datasets
including the Clinical Proteomic Tumour Analysis Consortium (CPTAC), we evaluated six MVI methods: K-nearest neighbors (KNN),
Mean, MinProb, Singular Value Decomposition (SVD), Multivariate Imputation by Chained Equations (MICE), and Random Forest (RF),
with ComBat and limma as the BECAs. We demonstrated that BEAMs strongly affect MVI performance, resulting in inaccurate imputed
values, inflated significant P-values, and compromised BE correction. KNN, SVD, and RF were particularly prone to propagating random
signals, resulting in false statistical confidence. While imputation with Mean and MinProb were less detrimental, artifacts were
nonetheless introduced. Furthermore, the detrimental effect of BEAMs increased in parallel with its severity in the data. Our findings
highlight the necessity of comprehensive assessments and tailored strategies to handle BEAMs in multi-batch datasets to ensure reliable
data analysis and interpretation. Future work should investigate more advanced simulations and a variety of dedicated MVI methods
to robustly address BEAMs.
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Introduction
Advanced technologies in proteomics, genomics, metabolomics,
and transcriptomics are critical for biomarker development and
drug target identification, enabling efficient, low-cost biomarker
screening. However, their effectiveness is limited by small sample
sizes, which results in high-dimensional data with more features
than samples—a phenomenon known as the curse of dimen-
sionality. To address this, data is often integrated from multiple
sources to increase sample size. However, doing so almost always
introduces batch effects (BE) into the data.

BEs are data biases arising from experiment design, processing,
or collection methods. For instance, profiling the same cohort on
two machines may result in distinct subgroups due to machine-
specific BEs, which may lead to false positives/negatives in data
analysis [1, 2]. BE correction (BEC) is thus necessary [2], with tools
like ComBat [3], limma [4], Surrogate Variable Analysis [5], Remove
Unwanted Variation [6], and Harman [7] widely used in pro-
teomics and genomics. Other methods are platform-specific, such
as those specialized for processing single-cell RNA-sequencing
(scRNA-seq) data.

Missing values (MVs) present another important problem in
high-dimensional biomedical data. These typically refer to fea-
tures that were not observed in a sample due to either biological
or technical reasons [8]. Biological MVs are usually related to
the heterogeneity of biological systems. Technical MVs may arise
from various reasons, such as machine limitations or sample loss
during preparation. MVs are categorizable into three groups—
Missing Not at Random (MNAR), Missing Completely at Random
(MCAR), and Missing at Random (MAR) [8]. MNAR refers to miss-
ingness that depends on the value of the data point itself, such
as when the abundance of a certain protein is below the limit
of detection of the machine. MCAR refers to missingness that is
completely random and is unrelated to other data points. Finally,
MAR suggests that the probability of the data point being an MV
depends on the observed data.

Depending on the goal, MVs are handled by (i) omitting
MV-riddled features, (ii) using missing value imputation (MVI)
methods to estimate them, or (iii) using statistical methods that
can handle (or side-step) MVs [9]. To meet the requirements of
many popular machine learning or statistical approaches such as
principal component analysis (PCA) [10], obtaining a complete
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dataset via MVI is often necessary, although such approaches can
also introduce bias [11, 12]. Given the wide variety of MVI methods
available, it is difficult to determine the most appropriate
MVI technique that suits a particular data characteristic [8].
Furthermore, avoiding MVI entirely is often impossible as simply
omitting features with MVs may result in a large loss of features
and thus potentially useful information.

In a conventional analysis workflow, MVI usually precedes BEC,
suggesting that imputation can impact batch correction. However,
interactions between MVI and BEC remain understudied, despite
evidence that they do confound each other [13]. Furthermore, MVs
may manifest in a batch-specific manner, creating challenging
scenarios similar to perfect class-batch confounding [14]. Such
problems involving confounding between MVI and BEC may war-
rant dedicated approaches.

Batch effect associated missing values (BEAMs) refers to batch-
wide MVs that arise from the integration of batches with different
proteome (or genome) coverage. In previous studies, BEAMs were
observed when integrating batches increased MV proportions
because features were not detected in certain batches [15, 16].
Similarly, in the Clinical Proteomic Tumour Analysis Consortium
(CPTAC) study 6 proteomics data, a widely accessed data resource,
integration of four batches led to batch-specific MVs due to incon-
sistent coverage [17]. Similarly, MVs in scRNA-seq, also known as
dropouts, have been shown to be dependent on batch conditions
and varying detection rates [18, 19].

Some studies ignore batch structures (and BEAMs) by perform-
ing direct imputation on the CPTAC data [9, 20], which is far from
ideal. Our previous work on cross-batch MVI (estimating MVs
using a different batch), demonstrated that improper imputation
in multi-batch data produces false effects, and that batch struc-
tures have to be properly handled during analysis [13]. BEAMs
present a related but more challenging issue: In our cross-batch
imputation study, blindly imputing features observed across all
batches (i.e. without BEAMs) may induce batch mixing within
an imputed feature. Imputing BEAMs, however, may result in a
feature of a particular batch taking on values from another batch
entirely.

Few MVI studies have addressed BEAMs in multi-batch data
[21–23]. While these studies simulate MVs in varied ways, they
overlook batch-associated missingness, making their findings
inapplicable to BEAMs. In our previous work, we recommended
a batch-sensitized MVI strategy for multi-batch data [13]. This
approach is unsuitable for dealing with BEAMs due to the lack
of within-batch observations for estimation. A unified MVI and
BEC strategy based on causal inference was proposed to deal with
BEAMs in scRNA-seq [24]. However, its current design restricts
its applicability beyond scRNA-seq datasets. Given the limited
literature on BEAMs, strengthening our understanding on the
impact of imputing BEAMs using conventional methods on
widely used bulk omics platforms is important for developing
appropriate strategies.

In this paper, we study the impact of BEAMs on analysis involv-
ing six widely used MVI methods [K-nearest neighbors (KNN),
Mean, MinProb, Singular Value Decomposition (SVD), Multivariate
Imputation by Chained Equations (MICE), and Random Forest
(RF)], in real-world and simulated datasets.

Methods
Study design
An overview of our study design for evaluating the impact of
BEAMs on downstream analysis is provided in Fig. 1. The workflow
consists of two parts: the artificial MV workflow (solid arrows)

and the natural MV workflow (dotted arrows). The artificial MV
workflow involves inserting MVs into the starting matrix, which
can either be a simulated matrix or a complete real-world dataset
(obtained by removing MV-laden features). MVs are inserted as
either non-BEAMs (Control) or BEAMs, resulting in two distinct
MV-laden datasets. These are then pre-processed by class-specific
quantile normalization [25], MVI, and BEC. The evaluation of
these datasets focuses on the BEs, imputation accuracy, inter-
sample correlations, and differential expression analysis (DEA).
On the other hand, the natural MV workflow uses the CPTAC
dataset exclusively, following the same pre-processing steps as
the artificial MV workflow. However, its evaluation is limited to
assessing BEs and inter-sample correlations.

Datasets
Clinical Proteomic Tumour Analysis Consortium
study six datasets
To portray BEAMs, we used the CPTAC study 6 shotgun proteomics
dataset, which involves yeast samples spiked with Sigma UPS1
proteins at various concentrations [17]. Here, data from four
locations served as the batches and were integrated into a single
dataset. Each batch contained five spike-in concentration levels
with three samples per level. In total, there were 60 samples.

Quartet proteomics and metabolomics datasets
Five batches and two classes from each of the Quartet proteomics
[26, 27] and the metabolomics [28] datasets were used for addi-
tional analysis. These are small datasets, with each class-batch
containing only one sample. The datasets were obtained from Yu
et al. [29], with detailed information described in the respective
papers of each dataset.

Data simulation
The datasets simulated in our study contain four batches and
two classes with 5 samples in each class-batch, amounting to a
total of 40 samples. We simulated 1000 features from a gamma
distribution of log-expression values, with 20% of these containing
class effects (see Supplementary Information for more details).
The results in this study shown for the simulated datasets were
derived from 10 rounds of simulations, unless otherwise stated.

Missing value simulation
For each real-world and simulated dataset, we simulated two
types of MVs: (i) BEAMs and (ii) MVs not associated with BEs, with
the latter serving as a negative control (Fig. 2).

To simulate MVs unrelated to BEs, we applied the method
proposed by Jin et al., which models MVs in proteomics data using
both MCAR and MNAR mechanisms [23]. This method is parame-
terized by α, the total percentage of MVs, and β, the proportion
of MNAR values. First, features with average expression values
below the α-th quantile are identified. Then, a Bernoulli trial with
probability β determines whether each identified feature value is
dropped. Finally, MCAR is introduced at random to reach the total
MV percentage α.

To simulate BEAMs, we adapted this approach by applying
dropouts to entire batches instead of individual samples. Specif-
ically, if the average expression of a feature within a batch falls
below the α-th quantile, a Bernoulli trial with probability β deter-
mines whether all feature values in that batch are dropped.
Based on observations of real-world proteomics datasets where
MVs commonly range between 10% and 50% [22, 30, 31], we
set α = 0.4 to produce ∼40% MVs. Since real-world MVs are
predominantly MNAR, we set β = 0.8 to achieve a ∼4:1 MNAR
to MCAR ratio. Figure 3 shows that our simulated MVs closely
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Figure 1. Overview of study workflow. Solid arrows indicate the workflow involving artificial MVs, while dotted arrows indicate the workflow involving
natural MVs. The artificial MV workflow (solid arrows) begins with either a simulated matrix or real-world dataset with MVs removed. MVs are inserted
as either non-BEAMs (control) or BEAMs. All MV-laden datasets are then normalized, before MVI and subsequent BEC. Evaluation was then performed
based on the batch effect, imputation accuracy, inter-sample correlations, and DEA. The natural MV workflow (dotted arrows) involves only the CPTAC
dataset and is evaluated by the batch effect and inter-sample correlations.

resemble those observed in real-world datasets whereby missing
proportion decreases as the average feature expression increases.

Missing value imputation
We compared six commonly used MVI techniques: KNN, Mean,
MinProb, SVD, MICE, and RF. For a broader perspective on MVI
performance on BEAMs-laden data, the six methods selected
each cover different operating principles such as local similarity,
simple-substitution, left-censored, global-structure imputation,

multiple imputation, and ensemble imputation respectively. As
this study primarily investigates datasets with smaller sample
sizes, we excluded deep learning-based MVI methods, as they
tend to underperform in such cases and are black box algo-
rithms [32]. Nevertheless, MICE and RF are strong performing
alternatives, capable of handling complex missingness and small
sample size settings [33]. MVI method descriptions are found in
Supplementary Information. MVI was performed with all batches
combined.
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Figure 2. MV heatmaps of CPTAC and simulated (control and BEAMs) datasets. Black sections represent MVs while gray sections represent observed
values. Real-world data (CPTAC dataset) appears to have a mixture of missingness from both control and BEAMs datasets, where MVs occur according
to samples and batches respectively.

Figure 3. MV proportions against average feature expressions plotted for the simulated (control and BEAMs) datasets and real-world (CPTAC and quartet
proteomics) datasets. The trend line indicates that all datasets contain MVs that are generally MNAR in nature.

Batch effect correction
ComBat—ComBat is a commonly used BECA due to its robustness
to outliers and small sample sizes [3]. ComBat works on an
empirical Bayes framework to estimate and standardize the mean
and variance of different batches. ComBat was applied using the
‘sva’ R package, version 3.50.0 [5].

limma—limma fits a linear model to remove components asso-
ciated with the user-supplied batch factor. We applied limma
using the ‘limma’ R package, version 3.58.1 [4].

Statistical data analysis and visualization
Principal component analysis
PCA is a dimensionality reduction technique that identifies direc-
tions of greatest variance in the data, producing a set of linearly
uncorrelated principal components (PCs) [10]. PCA is useful to

evaluate how imputing BEAMs affect the preservation of data
structures and BEC effectiveness. As strong class effects obscure
batch clusters in the first few PCs, we removed true differentially
expressed (DE) features prior to PCA.

For the CPTAC dataset, the ground truth was generated by
performing PCA on the expression matrix with MV-laden proteins
removed. This is necessary as PCA cannot be performed when MVs
are present. We assume that with this filtering, the inter-sample
relationships remain conserved. For simulations, the last iteration
of simulated datasets was used.

Root mean squared error
Imputation accuracy was measured using the root mean squared
error (RMSE), which represents the difference between each
imputed value xi and the true value yi. Therefore, the lower the
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RMSE, the better the imputation accuracy. RMSE can be calculated
as follows:

RMSE =
√√√√

n∑
i=1

(
xi − yi

)2

n

To assess RMSE in real-world datasets, we removed MV-laden
features to obtain a complete dataset before introducing artificial
MVs to be imputed. This allows us to know the ground truth values
for RMSE calculation.

Hierarchical clustering and Pearson correlation
Hierarchical clustering is an unsupervised learning method that
clusters data points based on dissimilarities in the data. Samples
were clustered using the Euclidean distance dissimilarity mea-
sure. To enhance analysis, hierarchical clustering was used in
combination with an inter-sample Pearson correlation coefficient
heatmap to monitor detailed changes in the data structure. For
the simulated datasets, the last iteration was used to perform this
analysis.

Differential expression analysis
DEA was performed using unpaired t-tests for pairwise class
comparisons, with P-values adjusted via the Benjamini–Hochberg
procedure. Features with adjusted P-values <0.05 and absolute
Log2 Fold-Change >0.5 were considered DE. With the true differ-
ential features known, we identified the true positives (TP), false
positives (FP), true negatives (TN) and false negatives (FN). These
allow us to calculate the True Positive Rate (also known as recall)
and false discovery rate (FDR) of each dataset. Low FDR and high
recall indicate better performances. These measures were not
calculated for the real-world datasets due to the lack of a suitable
BEAMs-negative control or ground truth. The formulas for these
measures are shown below:

Recall = TP
TP + FN

FDR = FP
FP + TP

Results
Batch effect correction can go awry when batch
effect associated missing values are imputed
Comparing the PCA visualizations of the imputed and corrected
datasets against the ground truth, we can identify changes to the
data structure resultant from imputing BEAMs. When ComBat
was performed after MVI on the CPTAC dataset, we observed two
distinct differences from the MV removed dataset (Fig. 4a). Firstly,
in the KNN, SVD, MICE, and RF imputed datasets, samples clus-
tered by class despite the absence of true DE proteins, suggesting
that class differences had been incorrectly introduced. Secondly,
Mean imputation hindered the BEC efficiency of ComBat.

We repeated the experiment on both simulated (control and
BEAMs) datasets, finding similar outcomes to that observed with
the CPTAC dataset. Here, the ground truth refers to the complete
simulated dataset without MV insertion. Imputation on the simu-
lated (control) dataset using Mean and MinProb showed relatively
similar outcomes to the ground truth (Fig. 4b). Meanwhile, KNN,
SVD, MICE, and RF imputations resulted in minor class clusters
after ComBat correction (Fig. 4b). However, the same methods
(except MICE) applied on the simulated (BEAMs) dataset resulted
in more prominent class clusters after ComBat correction (Fig. 4c).

These findings support our initial observations on the CPTAC
dataset, where datasets imputed with KNN, SVD, and RF revealed
class-associated clusters after BEC, despite the absence of true
DE features in the data. In addition, Mean imputation on BEAMs
similarly caused ComBat to struggle with BEC (Figs. 4a and c).

Increasing severity of batch effect associated
missing values incurs greater errors
To further investigate the impact of BEAMs severity on MVI
performance, we sectioned the simulated datasets by features
into three mutually exclusive subgroups: non-BEAMs (features
observed in all batches), moderate BEAMs (features missing in
at least one batch), and severe BEAMs (features observed in only
one batch). The accuracy of MVI methods was then assessed
on both the moderate and severe BEAMs subgroups. Figure 5
shows that while all MVI methods appeared to react differently
to moderate BEAMs, with some even producing lowered RMSE
values, their performances collectively worsened with severe
BEAMs. This was true for both CPTAC and simulated datasets.
This indicates that varying BEAMs severities can indeed dictate
the performance of MVI, regardless of the approach selected.
We observed similar outcomes in the Quartet proteomics and
metabolomics datasets (Fig. S1). We additionally tested limma’s
removeBatchEffect() function [4] to ensure that our findings were
not specific to ComBat and found comparable results (Fig. S2).

Imputing batch effect associated missing values
disrupts data integrity by influencing
inter-sample correlations
Given the distorted PCA visualizations and poor imputation accu-
racy with BEAMs, we suspected that imputing BEAMs may affect
the integrity of inter-sample correlations and sample clusters. To
investigate this, we sectioned the CPTAC dataset and simulated
(BEAMs) dataset according to the same subgroups as in the RMSE
analysis. True DE features were then removed to focus on false
effects. We under-sampled groups with more features to ensure
that all three subgroups contained the same number of features.
In this section, we focus on the less understood effects of BEAMs
on MinProb imputation and SVD imputation for brevity (Fig. 6).
A comparison of the effects of BEAMs on the remaining MVI
methods is provided in the supplementary materials (Figs S4–S7).

Here, we use the subgroup of non-BEAMs features to approx-
imate the ground truth as it requires little to no imputation.
MinProb imputation on increasing BEAMs severities appeared to
have minimal influence on how samples clustered, but inter-
sample correlations increasingly deviated from the ground truth
(Fig. 6, top panels). In addition, moderate BEAMs features imputed
using SVD caused samples to cluster by class, especially after
ComBat correction (Fig. 6, bottom panel). Like MinProb, severe
BEAMs imputed with SVD resulted in stochastic inter-sample cor-
relations both before and after ComBat correction, where samples
seemed to form clusters that were unrelated to both batch and
class factors. These findings were consistent in both CPTAC and
simulated (BEAMs) datasets. For all MVI methods, data integrity
seemed to worsen with increasing BEAMs severity (Figs S4–S7).

Imputing batch effect associated missing values
can create the illusion of good performance
While our prior analyses show that imputing BEAMs can distort
data structure, its impact on downstream outcomes remains
unclear. Therefore, to determine if imputing BEAMs affects down-
stream analysis, we performed DEA on both simulated (con-

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf168#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf168#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf168#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf168#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf168#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf168#supplementary-data
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Figure 4. PCA visualization of the first and second PCs obtained from the (a) CPTAC datasets, uncorrected and corrected. In the ‘MV removed’ panels,
features with MVs were not imputed, but instead removed prior to PCA. The final iteration of the simulated datasets was used to obtain the PCA
visualizations of the (b) simulated (control) dataset, and the (c) simulated (BEAMs) dataset. Class-associated clusters were revealed after BEC, indicating
that BEAMs may lead to class artifacts when imputed.
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Figure 5. RMSE comparison between control and BEAMs missingness sectioned by features with varying BEAMs severity for both (a) CPTAC and (b)
simulated datasets, across 10 iterations. Imputing severe BEAMs resulted in higher RMSE across all MVI methods.

trol and BEAMs) datasets using a student’s t-test. The obtained
P-values were adjusted through the Benjamini-Hochberg pro-
cedure. Figure 7 shows that the presence of BEAMs generally
resulted in an increase in FDR during DEA, as opposed to when
MVI was performed when non-BEAMs were present. This was
particularly evidenced in datasets imputed by KNN, SVD, and RF.

However, this was accompanied by an increase in recall across
most MVI methods.

We then examined the adjusted P-value distributions of non-
DE features to explain the rise in FDR (Fig. 8). Most imputed
simulated (control) datasets showed left-skewed adjusted P-value
distributions. In contrast, a large proportion of non-DE features
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Figure 6. Inter-sample Pearson correlation coefficient heatmap and hierarchical clustering of (top) MinProb-imputed and (bottom) SVD-imputed
(a) CPTAC dataset and (b) simulated (BEAMs) dataset. The data matrices were split into three subgroups of features according to the severity of BEAMs.
The last iteration of simulated (BEAMs) dataset was used for this analysis. Inter-sample correlations increasingly deviated from the expected range
when imputing BEAMs of greater severity.

Figure 7. Simulated (control and BEAMs) datasets DEA results based on Student’s pairwise t-test: (a) recall and (b) FDR. Results were obtained across
10 iterations of simulations. Error bars represent mean +/− sd. Imputing BEAMs led to increased FDR, particularly in KNN, SVD, and RF. However, this
coincided with higher recall scores.
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Figure 8. Distribution of Benjamini–Hochberg adjusted P-values obtained from Student’s t-test >10 iterations of simulated (control and BEAMs) datasets,
both uncorrected and corrected. Imputing BEAMs appeared to result in more statistically significant P-values.

were statistically significant in the simulated (BEAMs) datasets
imputed using KNN, SVD, and RF. This implies that false class
effects were introduced when BEAMs were imputed using these
methods, which corroborates with our previous observations in
Figs 4b and c.

To understand the spike in significant P-values in simulated
(BEAMs) dataset imputed using KNN and RF, we randomly
selected a DE feature from the KNN-imputed severe BEAMs
subgroup and examined its expression values. Before simulating
BEAMs, no class effects were visible (Fig. 9a). Upon introducing

BEAMs, the only batch containing the feature appeared to exhibit
a slight class difference that likely arose from noise (Fig. 9b).
As KNN imputation identifies similar samples for estimation,
a lack of same-batch observations causes all nearest neighbors
to belong to different batches. This propagates the random
variation from the observed batch to all other batches, creating
a systematic pattern that is statistically significant (Fig. 9c). This
was exacerbated when BEs were corrected, revealing explicit class
disparities (Fig. 9d). A similar outcome was observed in the RF-
imputed dataset (Fig. S8). While this phenomenon may not apply

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf168#supplementary-data
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Figure 9. (a) A randomly sampled feature in the simulated (BEAMs) dataset before MV insertion. Dashed gray vertical lines segregate the sample IDs into
four batches. (b) BEAMs were inserted into the feature, causing it to only be observed in batch 1. (c) Feature values after KNN imputation. (d) Feature
values after KNN imputation and ComBat correction.

to other MVI methods operating on principles different from KNN
and RF, it demonstrates the unreliability of compounding signals
from small sample sizes through MVI.

Discussion
Data obtained from different batches often have varying cover-
age, which is the extent to which the genome or proteome are
successfully read. Integrating these batches could result in BEAMs
which, when imputed carelessly, can lead to a severe form of MVI-
BEC confounding. Our findings demonstrate that mishandling
BEAMs in data can mislead analysis, as downstream analysis may
seemingly perform well despite haphazard alterations to the data
structure post-imputation. All MVI methods assessed in this study
led to spurious changes to either the visualized clusters, inter-
sample correlations, or both, and performed poorly when met
with severe BEAMs.

Our findings indicate that none of the MVI methods evaluated
are suitable for handling BEAMs effectively. KNN and RF impu-
tation, while improving statistical power by propagating signals
from one batch to others, can lead to false results due to their
sensitivity to data groupings. Imputation using Mean and Min-
Prob, though less prone to errors, obscures differential expression
patterns and impedes the detection of true positives, making
them less desirable regardless of the MV distribution. Imputation
using SVD has shown mixed findings in past studies [21, 34]. Our
findings reassert its instability, showing that BEAMs are detrimen-
tal to SVD, producing grossly inflated RMSE values and spiked
significant P-values. This is because SVD fundamentally alters the
data structure by imputing based on matrix factorization using
placeholder values, which can affect the overall reliability of the
analysis.

Notably, increased severity of BEAMs led to decreased impu-
tation accuracy across all MVI methods (Fig. 5). Furthermore,
imputation of BEAMs of increasing severity using KNN, Mean,
MinProb, and SVD caused inter-sample correlation coefficients to
increasingly deviate from the expected range. This may indirectly
affect inter-feature correlations, as sample correlations are driven
by underlying feature expression patterns across samples. This
can therefore influence feature selection, as demonstrated by the
change in P-value distributions. This was also consistent with
the observation of class artifacts being predominantly present
in the severe BEAMs subgroup.

As discussed earlier, imputing BEAMs with KNN, SVD, or RF
may erroneously create statistically significant differences in
non-differential features by amplifying random observations
into non-random effects. Even with large batch sample sizes,
BEAMs-associated features can mimic small-sample behaviors,
introducing small-sample biases [35] and potential false positives
(Fig. 8d). Instead of batch sample sizes, more consideration should
be placed on the number of batches present in the dataset. This
is because the number of batches can dictate the occurrence
of BEAMs. For example, let p be the probability of detecting a
feature in a batch in a dataset with N batches. We assume that p
is independent of batch or the theoretical expression value. As a
moderate BEAMs feature is defined as a feature which is missing
in at least one batch, the probability of having a moderate BEAMs
feature is:

P
(
Moderate BEAMs

) = 1 − P
(
Detected in all batches

) = 1 − pN

In the same vein, the probability of severe BEAMs, which
are defined as features observed in only one batch, can be
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calculated as:

P (Severe BEAMs) = N × p × (
1 − p

)N−1

As N increases, the probability of moderate BEAMs increases while
the probability of severe BEAMs decreases. Therefore, under these
naïve assumptions, we can assume that increasing number of
batches reduces the presence of severe BEAMs at the expense of
incurring moderate BEAMs.

This study underscores the necessity of rigorous evaluation of
both MVI and BEC processes when BEAMs are present in the data.
Relying on a single metric (e.g. recall) to assess the performance
of MVI and BEC methods can create a false sense of confi-
dence, potentially leading to erroneous biological interpretations.
While several metrics should be used for evaluation, it may also
be useful to section the data feature-wise according to BEAMs
severity to better understand the impact of BEAMs in our data.
In general, our findings indicate that severe BEAMs are poorly
imputed using most MVI methods. The silver lining to this is that
moderate BEAMs are less detrimental, and that the influence of
BEAMs on MVI can be somewhat controlled by removing severe
BEAMs features prior, ensuring that every feature is represented
by multiple batches.

We evaluated six MVI methods to understand the effect of
BEAMs on MVI. However, many other MVI methods remain unex-
plored, particularly, platform-specific MVI methods. Given the
popularity of the methods we evaluated, BEAMs-related issues are
likely to have affected data analysis in the research community.
Our findings highlight non-negligible interactions between MVI
and BEC in the presence of BEAMs. This is also one of the first
instances in the literature to provide an initial understanding of
how BEAMs may affect MVI. Our findings may guide the develop-
ment of new methods toward better BEAMs management.

Simulations were used to allow direct comparisons between
BEAMs and non-BEAMs conditions, improving benchmarking
explainability. However, a drawback is that it lacks true biological
complexity. To our knowledge, this study is the first to model
BEAMs. Since the occurrence of BEAMs is poorly understood,
we modified a known MV simulation method [23] to simulate
MVs. Based on our observations in real-world datasets, we
assumed that BEAMs are predominantly MNAR in nature (Fig. 3).
Nevertheless, we observed similar results when MCAR was the
dominant mechanism (Fig. S3). Further refining simulations to
better reflect real data could enhance analysis but also risks
overfitting to the specific datasets.

In future work, we may induce BEAMs into a wider variety of
data types and data sources. This can provide additional depth
and breadth for parameters that can be incorporated into more
sophisticated simulation work, that in turn, produces more real-
istic ground truth data useful for the development of approaches
for tackling BEAMs. Additionally, due to the known risks of diluting
class effect signals with global normalization, as discussed in
Zhao et al. [25], we did not test alternative normalization methods
in this study. However, we acknowledge this is an interesting area
for future investigation.

In summary, BEAMs are incurred when batches with varying
degrees of coverage are integrated. BEAMs may worsen impu-
tation accuracy, potentially leading to inflated statistical sig-
nificance and disrupted inter-sample correlations. Our findings
underline the importance of proper handling of BEAMs in high-
throughput biomedical data. A temporary solution to handle
BEAMs is to simply remove the features from subsequent analysis.

However, we emphasize the need for more sophisticated strategies
that do not rely on cross-sample inferences, as these would
be extremely beneficial for increasing the number of features
available for analysis, especially on platforms with naturally high
degrees of missingness.

Key Points

• Data integration can incur batch effect associated miss-
ing values (BEAMs) due to different levels of feature
coverage.

• Missing value imputation methods perform poorly when
BEAMs are present in the data.

• Development of novel strategies to specifically handle
BEAMs are necessary to improve the analysis of inte-
grated high-throughput biomedical data
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