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  4 

Abstract 5 

Background: The amount of available biological data has exploded since the 6 

emergence of high-throughput technologies, which is not only revolting the way 7 

we recognize molecules and diseases but also bringing novel analytical challenges 8 

to bioinformatics analysis. In the last decade, deep learning has become a 9 

dominant technique in data science. However, classification accuracy is plagued 10 

with domain discrepancy. Notably, in the presence of multiple batches, domain 11 

discrepancy typically happens between individual batches. The recently proposed 12 

pair-wise adaptation approach may be suboptimal as it fails to eliminate the 13 

external factors across multiple batches and takes the classification task into 14 

account simultaneously. 15 

Results: We propose a joint deep learning framework for integrating batch effect 16 

removal and classification upon various omics data. To this end, we validate it on 17 

two private metabolomics (MALDI MS) datasets and one public transcriptomics 18 

(scRNA-seq) dataset. Especially for the former, we have achieved the highest 19 

diagnostic accuracy (ACC), with notable ~10% improvement than over state-of-20 

the-art methods. Overall, these results indicate that our approach removes batch 21 

effect more effectively than conventional methods and yields more accurate 22 



classification results for smart diagnosis. 23 

 24 

Introduction 25 

Computational analysis of high-throughput omics data (i.e., genomics, 26 

transcriptomics, proteomics, metabolomics and radiomics) has become popular 27 

over recent decades
1
. Taking metabolomics as an example, it hunts for 28 

quantitative descriptions of complex biological samples (usually urine or blood), 29 

and associates clinical observations of diseases with temporal fluctuations of 30 

metabolites
2
. By measuring and modeling metabolism alternations in biological 31 

samples, metabolomics offers relevance to fresh biological insight into diseases 32 

and therapies
2,3

. Similar landscapes also appear in the field of transcriptomics. 33 

Single-cell RNA sequencing (scRNA-seq) could identify cell lineages and 34 

disentangle cellular heterogeneity in complex tissues by characterizing high-35 

throughput gene expression profiles for cell types and states
4-6

, thereby further 36 

revealing unexplored biological diversity with valuable pathological information. 37 

Many technologies used in biology — including high throughput ones such as 38 

microarrays, mass spectrometers and next generation sequencing — depend on 39 

a complicated set of reagents and hardware, along with highly trained personnel, 40 

to produce accurate measurements
7
. However, batch effects may occur when 41 

different technicians are responsible for different subsets of the experiments or 42 

diverse reagents, chips or instruments are used. Exactly, batch effects are sub-43 

groups of measurements with qualitatively different behavior across the 44 



conditions unrelated to a study's biological or scientific variables
7
. In matrix 45 

assisted laser desorption/ionization mass spectrometry (MALDI MS)
8
, for instance, 46 

batch effects (if not adequately dealt with) could subsequently lead to serious 47 

concerns about the validity of the biological conclusions
7,9

 if the serum samples 48 

for a patient were repeatedly processed in different plates. Therefore, it is 49 

necessary to identify and remove the batch effects before proceeding to the 50 

downstream analysis. 51 

It is still a challenge to machine learning
10
 to perform computational analysis, 52 

considering many measurements (typically corresponding to the feature 53 

dimensionality) and usually limited number of samples (or sample size) in high-54 

throughput omics data. The recent leap of deep learning, has outperformed many 55 

conventional machine learning techniques at revealing prognostic subtypes in 56 

high-risk neuroblastoma
11
, analyzing lung adenocarcinoma prognostication

12
, and 57 

revealing hidden high-resolution cellular subtypes
4
. Research on batch effects is 58 

no exception, and some methods based on deep learning have emerged recently. 59 

The first application of deep learning in batch effect removal was the ResNet 60 

method
13
. While deep network has powerful capability of approximating highly 61 

nonlinear mapping, the solution of ResNet is unsupervised (i.e., without knowing 62 

the class labels of samples). BERMUDA
4
 requires a clustering similarity matrix 63 

before training the deep transfer learning network, thus the choice of clustering 64 

method and the quality of similarity matrix owns a significant impact on the final 65 

results. With the evolution of deep network architecture, there are more and more 66 



breakthroughs in GANs
14
 in the past three years. A typical method applied to this 67 

field is the NormAE
15
 developed by Rong et al. in 2020. Its basic idea lies in 68 

constructing an adversarial training procedure between a nonlinear AE to remove 69 

batch effects and a discriminator to distinguish the source of domain based on 70 

the latent space. However, our original intention is to classify real biological 71 

categories, which is essential for diagnostics, prognostics, and identification of 72 

metabolic biomarkers. Afterwards, the DESC algorithm invented by Li et al.
5
 also 73 

relies too much on the auxiliary role of clustering assignment probability. 74 

Unfortunately, the classification efficacy would not be improved only by 75 

decreasing the mismatching across different batches.  76 

In fact, the rattling bottleneck of batch effect has drawn extensive prior research 77 

in the early years, which could split into a variety of different perspectives. First of 78 

all, according to the design principle, there are two conventional ways to suppress 79 

batch effect, namely location-scale (LS) and matrix-factorization (MF) methods
16
. 80 

For instance, ComBat
17
 is a popular LS-based approach, which employs a Bayesian 81 

framework to model the data by parameterizing location and scale for each batch 82 

and feature independently
18
. However, the assumption of normal data distribution 83 

for each batch in the LS methods may be over-simplified to treat complicated 84 

batch effects as additive and multiplicative components. As an alternative to the 85 

LS category, surrogate variable analysis (SVA) provides an MF way to remove 86 

batch effect
18
. The MF approaches assumes that the data variation induced by 87 

batch effect is independent of the biological interpretation of interest
16,18

. However, 88 



such assumptions may not be valid in practice. 89 

Apart from the above, traditional algorithms could also be divided by application 90 

scenarios. For instance, in non-targeted metabolomics diagnosis, there is a need 91 

to construct a discriminative model using existing source batches and apply them 92 

to predict the labels of future target batches. Ratio_G
19
 and fSVA

20
 adjust data for 93 

enhancement of prediction performance in a predictive model, while most of the 94 

conventional studies such as ComBat
17
 establish statistical differences at the 95 

population level, which are ignorant of the subsequent classification task when 96 

modeling batch effect. 97 

Most existing algorithms are based on pairwise analysis in which samples from 98 

two batches are considered at a time. Recently, a variety of new methods have 99 

emerged in the field of single-cell RNA sequencing (scRNA-seq), including mutual 100 

nearest neighbors (MNN)
21
, canonical correlation analysis (CCA)

22
, and Seurat 3.0

23
. 101 

The common point of these methods lies that they all exploit the idea of nearest 102 

neighbors to identify the similar clusters between single cells across two batches, 103 

thereby integrating them into a shared space. Meanwhile, we also have developed 104 

an algorithm recently that specifically designed for improving classification 105 

accuracy while removing batch effects. However, it is a pairwise mapping 106 

approach in nature. For data with more than two batches, as typically encountered 107 

in real-world settings, these approaches could only calibrate pair by pair. 108 

Consequently, it is desirable to develop an algorithm that could simultaneously 109 

accommodate samples from all batches at once. 110 



To make the subsequent learning-based classification more convincing, we 111 

propose a novel deep learning framework to integrate multi-batch calibration and 112 

sample classification. We apply the proposed method to two metabolomics 113 

diagnosis applications and one transcriptomics classification scenario, respectively, 114 

and demonstrate its superior performance in both batch effect removal and 115 

classification capability. The contributions of our paper are summarized as follows:  116 

 We borrow the idea of traditional GAN that the discriminator and 117 

reconstructor(s) are adversarial to the calibrator in different epoch steps, 118 

namely “walk in two steps”, and we also make a breakthrough that the 119 

discriminator directly distinguishes accurate biological labels rather than 120 

domain information. 121 

 Compared with the framework we designed before, it breaks through the 122 

limitation of two batches and could calibrate multiple domains synchronously. 123 

Not only does it achieve higher classification accuracy than pairwise ones, but 124 

it also more convenient and time-saving. 125 

 Our approach is not only suitable for the binary classification in biological 126 

diagnosis of non-targeted metabolomics, but also extends to the multi-127 

classification of cell subtypes under scRNA-seq of transcriptomics. 128 

 129 

Results 130 

1. Overview of the method 131 

In this section, we describe our approach that supports batch effect removal for 132 



multiple batches simultaneously. Here we portray the framework, statistical 133 

validation, and theoretical deduction of an automated batch adjustment tool 134 

designed to minimize batch effects and well suited for better generalization for 135 

relevant classification application.  136 

Many works on batch effect removal are applicable to single-source-single-target 137 

scenario only. That is, given a source batch where subjects are diagnosed already, 138 

one may train a model and then apply it to the target batch. If the batch effect is 139 

properly calibrated, the subjects in the target batch can be correctly classified for 140 

diagnosis. However, in many real-world settings, one may seek to apply the 141 

trained model to multiple (future) target batches, or boost the classification 142 

performance by using multiple source batches for training.  143 

Our framework is naturally suitable for such a multi-source-multi-target 144 

circumstance. Suppose there are 𝑁  batches before calibration, 145 {𝐗1, ⋯ , 𝐗𝐾, 𝐗𝐾+1, ⋯ , 𝐗𝑁} , in which {𝐗1, ⋯ , 𝐗𝐾}  represent 𝐾  source batches of 146 

known labels while {𝐗𝐾+1, ⋯ , 𝐗𝑁}  are (𝑁 − 𝐾)  unlabeled target batches. The 147 

application scenario of our method is to train a model from known labels of source 148 

batches, such that the samples in target batches can infer their labels by 149 

classification. 150 

For this objective, our first goal is to find a calibrator 𝐶 to accept all batches of 151 

raw data and generate {𝐙1, ⋯ , 𝐙𝐾 , 𝐙𝐾+1, ⋯ , 𝐙𝑁}, where 𝐙𝑖 = 𝐶(𝐗𝑖). The calibrated 152 

data {𝐙1, ⋯ , 𝐙𝐾 , 𝐙𝐾+1, ⋯ , 𝐙𝑁} then pass through the discriminator 𝐷, which yields 153 

the class label per sample. Notice that 𝐷 is trained only on source batches with its 154 



corresponding class labels 𝒚1, … , 𝒚𝐾  as supervision, and then we leverage the 155 

trained 𝐷 to classify the corrected samples in target batches and infer predicted 156 

labels 𝒚𝐾+1′, … , 𝒚𝑁′, where 𝐲𝑖′ = 𝐷(𝐙𝑖). Meanwhile, to make sure that the encodes 157 

of latent space powerful and well-functioning representation, we enforce all 158 

sample data of source batches 𝐙1, ⋯ , 𝐙𝐾  to be fully reconstructed from the 159 

calibrated latent space (the reason not reconstruct target batches will be 160 

confirmed in the experimental part), e.g., by passing them through 𝐾 individual 161 

reconstructors 𝑅1, ⋯ , 𝑅𝐾 to obtain the reconstruction results 𝐗1′ , ⋯ , 𝐗𝐾′, namely 162 𝐗𝑖′ = 𝑅𝑖(𝐙𝑖). Figure 1 illustrates the overall framework of our proposed method.  163 

 164 

 165 



Figure 1. The architecture of our proposed framework and its adversarial training steps. 166 

The source batches 𝐗1, ⋯ , 𝐗𝐾 and the target batches 𝐗𝐾+1, ⋯ , 𝐗𝑁 are processed through the 167 

same calibrator 𝐶, to ensure all batches are tightly distributed in the latent space. The source 168 

batches supervise the training of discriminator 𝐷 in step A, which hereafter predicts the class 169 

labels for target batches in testing phase. Reconstructors (𝑅1, ⋯ , 𝑅𝐾) are used to recover the 170 

input source batches from latent encoding in step B, which guarantees the representative 171 

latent features. 172 

 173 

In order to make the entire model to converge effectively, two adversarial training 174 

steps are involved. In step A, we only renew the model weights of calibrator 𝐶 and 175 

discriminator 𝐷 without updating the model weights in reconstructor(s) 𝑅. Next, 176 

we only train 𝐶 and 𝑅 with a fixed 𝐷 in step B. The iterative epochs of the two 177 

steps are adjusted according to their respective convergence conditions. With the 178 

help of this strategy, the resulted model allows simultaneous alignment multiple 179 

batches, from sources to targets.  180 

 181 

2. Evaluation metrics 182 

This study proposes a joint deep learning framework to perform multi-batch 183 

calibration in multi-category applications. In order to prove in turn that the 184 

framework is suitable for multi-source single-target, multi-source multi-target 185 

and other omics multi-classification problems, we report experimental results 186 

using three datasets from two high-throughput technologies, i.e., two private 187 

MALDI MS datasets and one public scRNA-seq dataset. We verify our framework 188 

by means of comparing it to several most representative algorithms in the 189 



literature. Detailed assessment will be reported below. 190 

Our evaluation principally focuses on removing batch effect and classification 191 

performance. Particularly, for batch effect removal, we adopt MMD as a 192 

quantitative metric and present their results in the form of boxplot. We also utilize 193 

t-SNE
24,25

 to visualize the distribution of the high-dimensional data before and 194 

after calibration by each method. Furthermore, we apply four metrics to assess 195 

the classification performance, consisting of Accuracy (ACC), F-score, Area Under 196 

Curve (AUC), and Matthews correlation coefficient (MCC)
19,26

. The ACC, F-score, 197 

MCC are defined below: 198 

𝐴𝐶𝐶 = 𝑇𝑃 + 𝑇𝑁𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁, (5) 

𝐹𝑠𝑐𝑜𝑟𝑒 = 2 × 𝑇𝑃2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁, (6) 𝑀𝐶𝐶 = 𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁), (7) 

where TP, FP denote the true/false positives and TN, FN denote the true/false 199 

negatives. 200 

 201 

3. multi-source-single-target situation  202 

Dataset. In order to prove that our approach has obvious utility on multi-source-203 

single-target data, a total of 796 individuals were recruited, including 322 controls 204 

and 474 acute myocardial infarction (MI) patients from Shanghai Chest Hospital 205 

Affiliated to Shanghai Jiao Tong University. All MI patients had specific 206 

histopathological diagnoses (99th cardiac troponin Ⅰ (cTnI) levels and 207 

electrocardiogram (ECG)). The 322 individuals in the control group had no clinical 208 



evidence of cardiovascular diseases such as coronary heart disease (CHD) but may 209 

suffer from other diseases. There is no significant difference in age and sex 210 

between controls and MI patients. All of the investigation protocols in this study 211 

were approved by the institutional ethics committees of the Shanghai Chest 212 

Hospital and School of Biomedical Engineering, Shanghai Jiao Tong University. 213 

According to the Helsinki Declaration, written informed consent to participate in 214 

the study were provided from all individuals, and the use of their biological 215 

samples was approved for analysis. 216 

Prove the existence of batch effect. In order to prove that these data are indeed 217 

disturbed by batch effect, we first explore the number of differential features in 218 

each batch, under which there are significant differences in the expression levels 219 

of the case and control groups (e.g., patients and healthy people). We quest the 220 

differential peaks for each batch’s case and control group according to BPSC
27
, a 221 

differential expression gene probe algorithm based on Beta-Poisson model. 222 

Figure S1a shows that the three batches have only 82 common differential 223 

features (about 200 difference peaks are extracted in each batch and take the 224 

intersection of three batches) under the condition that the p-value is set to 0.05. 225 

It could be concluded that this dataset exists serious batch effects because the 226 

differential peaks that separate the case and control group in three batches are 227 

distinctive. 228 

 229 



 230 
Figure 2. t-SNE Visualization of three batches on the private MI data of MALDI MS. a raw 231 

data, b ComBat, c NormAE, d BERMUDA, e DESC, f our calibration. In the left half of each 232 

section, different colors highlight the three batches. In the right half, different colors identify 233 

the actual labels of samples (Class 1: MI; Class 0: control).  234 

 235 

We further visualize the data distribution before and after batch effect calibration 236 

by each algorithm. Figure 2 shows the t-SNE plot of the raw inputs and every 237 

calibrated data for 3980 MI samples. Instead of distributing with respect to the 238 

batch factor, the same classification label samples should be close to each other 239 

in the feature space ideally. However, as in the left part of Figure 2a, one may 240 

observe that the three batches (plates, in different colors) are distributed in various 241 

patterns, suggesting an apparent batch effect that separates them and may hinder 242 

downstream classification (c.f. the right half, colored in accordance to class labels). 243 

On the contrary, after being calibrated as in the left part of Figure 2b~2f by each 244 



method, the three batches share thoroughly entangled distributions except 245 

BERMUDA (Figure 2d), implying most of their in-between mismatch due to batch 246 

effect has been removed. Although ours does not seem to be as uniform as 247 

ComBat (Figure 2b), NormAE (Figure 2c) and DESC (Figure 2e) in terms of batch 248 

mixing, however, as in the right half of Figure 2f, the samples are naturally more 249 

compact in accordance to their labels than other approaches. This is partially due 250 

to the discriminator in the two-step strategy, which helps span the feature space 251 

to remove batch effect and facilitate the classification of labels. 252 

Quantitative comparison. The effectiveness of our framework can further be 253 

verified by the classification performance quantitatively. By testing multiple 254 

aspects of performance, rather than relying on a single measure, the cross-batch 255 

predictions contain (31) classification tasks (choosing 2 out of 3 batches as the 256 

training set, and the other batch as the test one) and each batch takes turns once, 257 

to test the robustness of our approach. As shown in Table 1a, the quantitative 258 

results show that our algorithm can improve in every group, which has increased 259 

by as much as 10 percentage points. Especially, the batch effects are strong when 260 

batch (1,2) as source and batch 3 as target, the improvement of ACC, Fscore, 261 

AUC, MCC is as high as 17.2%, 8.2%, 22.1%, 40.2% after applying our method for 262 

both endpoints, respectively. Moreover, we also make comparisons with the prior 263 

pairwise calibration algorithm developed by ourselves, as shown in the middle 264 

column of Table 1a, For each plate, we first use the other two plates to calibrate 265 

respectively and then get average. It can be concluded that calibrating multiple 266 



batches simultaneously yields the dual advantages of accuracy and calculation 267 

time. 268 

 269 

Table 1. Classification results on the MI data of MALDI MS 270 

 271 

a The result of four indicators evaluating the cross-batch prediction. The middle column is 272 

the result of averaging pairwise calibration, and the right column is the multi-batch calibration 273 

developed in this text. b Comparison of classification accuracy with multiple source batches 274 

for training and only one target batch for testing. Note that “Recon_T” denotes an ablation 275 

experiment that reconstruct all target batches. 276 

 277 

Afterwards, we select several latest and most representative tools including 278 

ComBat
17
, NormAE

15
, BERMUDA

4
, and DESC

5
 for further comparison. Accuracy of 279 

cross-batch prediction in the sample level is utilized to assess the effectiveness of 280 

each method. The comparing results are reported in Table 1b. Our performance 281 

is superior over all other approaches, accompanied by an improvement of 282 

3.3~10.3% than others on average. Compared with NormAE, for instance, a novel 283 

algorithm tailored for specific metabolomics data types, our method has also 284 



achieved 8.7% improvement (72.9% vs. 81.6% overall) taking advantage of label 285 

supervision from the source data. From the results in the third-to-last column, we 286 

conclude that the accuracy of reconstructing all batches (including source and 287 

target batches) is slightly lower than that for only source batches. 288 

The classification performance could even be comparable to the situation when 289 

batch effect is theoretically ruled out. Notably, we compute the in-batch 290 

classification accuracy by conducting 10-fold cross-validation within every batch. 291 

These results are regarded as a reference to the classification performance without 292 

being interfered by batch effect, which are listed in the last column of Table 1b 293 

that represent corresponding results within the target batch. We observe that our 294 

method produces the results that get much closer to the ceilings where batch 295 

effect is completely ruled out. 296 

 297 

4. multi-source multi-target situation  298 

Dataset. For further certificating that our algorithm is equally applicable to multi-299 

source and multi-target data, 1203 individuals were recruited in the same way as 300 

previous, consisting of 562 healthy controls and 641 coronary heart disease (CHD) 301 

patients from the Shanghai Chest Hospital Affiliated to Shanghai Jiao Tong 302 

University. For controls, serum samples from 562 healthy volunteers who had no 303 

clinical evidence of cardiovascular diseases and other major disease were 304 

collected as controls. The same preprocessing pipeline as the MI’s was utilized in 305 

this experiment. For four batches of this dataset totally, we collected 1559, 1478, 306 



1523, 1449 samples for 312, 296, 305, 290 subjects, respectively. 307 

Prove the existence of batch effect. In this experiment, we prove the existence 308 

of batch effect by computing the MMD values between source and target batches 309 

before and after calibration by each algorithm. We firstly compute from a subset 310 

of 500 samples randomly drawn from all samples available in one batch and then 311 

take over 30 permutation runs shown by the form of boxplot. Since it could only 312 

be calculated in pairwise, we randomly select batch 3 and batch 4 as an example 313 

and show in Figure S1b. Apparently, our calibration decreases the MMD value 314 

between the two batches (i.e., 0.152±0.007 after being processed by our method, 315 

which is lower than raw data and the results calibrated by other methods). The 316 

above results prove that our algorithm can suppress batch effect effectively. 317 

 318 

 319 



Figure 3. t-SNE Visualization of four batches on the private CHD data of MALDI MS. a 320 

raw data, b ComBat, c NormAE, d BERMUDA, e DESC, f our calibration. The left part of each 321 

method is colored by batch indices. In the right half, the samples are colored by disease labels. 322 

 323 

We also visualize the distribution by projecting the raw and calibrated data by 324 

each method to the same space by t-SNE, as shown in Figure 3. The four batches 325 

are mixed together (in the left part of Figure 3f) compared with the case before 326 

calibration (the left part in Figure 3a). In this regard, ours is better than BERMUDA 327 

(Figure 3d) and comparable to DESC (Figure 3e), but inferior to ComBat (Figure 328 

3b) and NormAE (Figure 3c). On the other hand, if colored by the class labels (CHD 329 

vs. control), one may observe that the samples are almost inseparable before 330 

calibration (in the right half of Figure 3a), similar scenarios also occur after 331 

calibration of other methods (Figure 3b~3e), yet much more separable through 332 

our calibration (the right half in Figure 3f). This is exactly what we expect. Such 333 

results present different tunes but are rendered with equal skill as the experiments 334 

on previous MI data. 335 

Quantitative comparison. We then evaluate the classification performance 336 

quantitatively. Given two source batches for training and another two target 337 

batches for test, we take the average of different training sets under three cases 338 

when each batch as the test set to facilitate intuitive comparison, as shown in 339 

Table 2a. Specifically, we also display the comparisons of pairwise calibration in 340 

the middle column, which prove that our framework of joint multi-batch 341 

calibration is superior to previous pairwise ones in most cases. The original 342 

classification results before averaging can be found in Table S1. For example, 343 



when batch (1,2) are used as the training set and batch (3,4) for test, the metrics 344 

of ACC, Fscore, AUC, and MCC have increased by (13.0%, 19.4%), (3.7%, 6.1%), 345 

(16.0%, 19.3%) and (25.6%, 29.9%), respectively. 346 

 347 

Table 2. Classification results on the CHD data of MALDI MS348 

 349 
a The result of four indicators evaluating the cross-batch prediction about before calibration, 350 

averaging pairwise calibration, and after multi-batch calibration. b Comparison of 351 

classification accuracy with multiple source batches for training and multiple target batches 352 

for testing. The implication of “Recon_T” is the same as Table 1b. 353 

 354 

Next, we still evaluate the methods involved in the previous section. Since the 355 

source and target batch are paired, there exists (42) cross-batch prediction tasks. 356 

A complete list of the approaches analyzed in this section is provided in Table 2b. 357 

The performance of our method is optimal on all experimental groups. Particularly, 358 

the last combination, namely batch (3,4) as source and batch (1,2) as target, yields 359 

the most improvement for our method (15.9%, 7.9%) compared to the second-360 

ranking approach (DESC). Furthermore, from an ablation experiment in the 361 



penultimate column, the results of reconstructing all batches are inferior to that 362 

only reconstructing source batches. These results in overall indicate that our 363 

approach not only be suitable for multi-source single-target situations, but also 364 

performs well on multi-source multi-target circumstances. 365 

 366 

5. scRNA-seq:  367 

Dataset. In order to prove that our method could also achieve better performance 368 

in the multi-classification application of other omics besides metabolomics, we 369 

focused on the human pancreatic data through several scRNA-seq protocols. We 370 

have combined three publicly available datasets generated using CelSeq from 371 

Gene Expression Omnibus (GSE81076)
28
, Fluidigm C1 (GSE86469)

29
 and SMART-372 

Seq2 from the European Bioinformatics Institute (E-MTAB-5061)
30
 and each 373 

platform represents one batch. The pancreas is a highly heterogeneous tissue with 374 

several well-defined cell types. 13 cell type labels have been taken either from the 375 

provided metadata or been derived according to the methodology described in 376 

the original publication, annotated as “acinar”, “activated stellate”, “alpha”, “beta”, 377 

“delta”, “ductal”, “endothelial”, “epsilon”, “gamma”, “macrophage”, “mast”, 378 

“quiescent stellate”, “schwann” (further details of data preprocessing as follows). 379 

Prove the existence of batch effect. We also visually compare this data set and 380 

the t-SNE results are shown in Figure 4. Notice that in the real-world data, the 381 

multiple training and test instances often do not come from the same underlying 382 

distribution, but we have projected them onto the same subspace. In the left part 383 



of Figure 4a, the underlying cause of such clustering is the sequencing platform 384 

and this is clear because we plot the points marking each point according to 385 

protocol numbers. The left part of Figure 4b~4f presents results after calibration 386 

by each method, where we can observe that the differences are much smaller 387 

after our calibration than ComBat (Figure 4b), NormAE (Figure 4c) and 388 

comparable to BERMUDA (Figure 4d), DESC (Figure 4e). In the right half of Figure 389 

4f, the points cluster belonging to the same cell-types appears more compact 390 

than before calibration and by most algorithms (the right half in Figure 4a~d), and 391 

equal to DESC on this dataset. It implies that the calibration process makes the 392 

actual category marker structure significantly more similar. 393 

 394 

 395 
Figure 4. t-SNE visualization of the public pancreas data of scRNA-seq. a raw data, b 396 

ComBat, c NormAE, d BERMUDA, e DESC, f our calibration. In the left part of each section, 397 



different colors highlight the batches (sequencing platforms). In the right half, different colors 398 

identify 13 actual labels of cell-types. 399 

 400 

Quantitative comparison. In this section, the accuracy of cross-batch prediction 401 

is still used to evaluate the effectiveness of those algorithms mentioned above. 402 

There are (31) classification tasks and the comparing results are reported in Table 403 

3. Due to a multi-classification task (13 categories), it is much more difficult to 404 

improve accuracy than pair-wise classification. Nevertheless, our approach still 405 

wins out of the others. Take the second group (batch (1,3) as source and batch 2 406 

as target) as an example, ours outperforms the second-ranking algorithm 407 

(NormAE) 24.3 percentage points. In addition, we also make comparisons with the 408 

previous pairwise calibration algorithm developed by ourselves, as shown in the 409 

"Pairwise" column of Table 3. For each platform, we first use the other two 410 

platforms to calibrate separately and then average. These results overall indicate 411 

that our approach not only be more suitable for binary classification diagnosis of 412 

metabolomics than other methods, but also suitable for multi-classification 413 

scenarios of other omics. 414 

 415 

Table 3. Classification results on the pancreas data of scRNA-seq 416 

 417 



Comparison of classification accuracy with multiple categories on the scRNA-seq of 418 

transcriptomics. Note that "Pairwise" represents the two-batch calibration method designed 419 

by ourselves. 420 

 421 

Discussion 422 

In recent decades, high throughput omics analysis technology has become much 423 

more mature. However, batch effects are ubiquitous in high-throughput 424 

experiments (e.g., RNA sequencing, metabolomics), the source of which is far-425 

ranging, including different platforms, different periods of the same platform, 426 

different reagents and times of the same sample, etc. To this end, we introduce 427 

an end-to-end deep learning framework and demonstrate that our proposed 428 

method can effectively remove batch effect by the experiments on two 429 

metabolomics and one transcriptomics datasets. Our framework outperforms all 430 

compared methods in terms of classification accuracy through the experiments. 431 

This is partially attributed to multiple modules that are interacted with each other 432 

in the architecture. In addition, the "two-step" adversarial strategy we adopted 433 

during training also dramatically facilitates the compromise between the 434 

classification and reconstruction modules, something other algorithms fails to 435 

account for. The mutual restraint of these modules is substantially improving the 436 

overall performance of our network. 437 

A considerable number of computational methods in genomics and 438 

transcriptomics have been developed to remove batch effects. However, they 439 

might be less effective in improving the accuracy of classification based on 440 

different omics, because it is not easy to generalize their findings to the sample 441 



level for the sake of individualized biological diagnosis and treatment
31
. Although 442 

NormAE is based on metabolomics, it is not superior to others in MALDI MS 443 

diagnosis. A possible reason lies that it doesn’t take advantage of the supervisory 444 

information provided by the source labels. DESC takes subsequent classification 445 

tasks into account, so it can yield better performance than NormAE or BERMUDA. 446 

Although DESC is an adversarial model and the application scenario also involves 447 

classification, and BERMUDA utilizes the deep transfer learning network, both 448 

depend too much on the clustering similarity matrix. Overall, those methods are 449 

intrinsically driven by data size/scale that is susceptible to bias introduced by 450 

batch effects and cannot effectively address these deviations especially 451 

concerning the need for classification. 452 

There are some deficiencies in this work that cannot be underestimated. In the 453 

cases where exist multiple cell types in transcriptome, the improvement of some 454 

batches is not apparent. Generally, assumptions made by learning algorithms that 455 

identical cell types in different batches are often violated, resulting in degradation 456 

of the algorithms’ performance during inference of test data. We might as well 457 

calculate the distribution distance of test set with those labels-known source data 458 

and choose the closest ones as training set under this circumstance from now on. 459 

Furthermore, conclusions reached in this study are based on the application of 460 

batch effect removal in the context of cross-batch prediction. Beyond the fact that 461 

this approach is no longer unsupervised and requires domain knowledges, the 462 

amount of labeled data that might be needed to achieve reasonable performance 463 



could be large. These are still outstanding questions and need further 464 

investigation. 465 

 466 

Conclusion 467 

The rise of omics techniques has resulted in an explosion of high throughput data 468 

in modern biomedical research. However, these analytical barriers are further 469 

compounded, since the bias introduced by the non-biological nature of the batch 470 

effect can be strong enough to mask, or confound actual biological differences. 471 

Therefore, it is necessary to develop a novel tool, which will be time efficient, 472 

incorporate flexibility for data types, investigator-driven batch adjustment 473 

approach choices, and the ability to evaluate such adjustment approaches, with 474 

great application potential for the analysis of large samples in clinical studies. 475 

We have introduced a novel end-to-end learning framework for simultaneous 476 

multi-batch calibration and classification, and we conduct adversarial training by 477 

“walk-in two steps” strategy. Upon the private MALDI MS and public scRNA-seq 478 

datasets, we confirm that our framework can effectively suppress batch effect and 479 

accomplish classification, outperforming the second-ranking algorithm by a 480 

substantial margin on many groups. We have witnessed the applications to 481 

transcriptomics and metabolomics datasets here and released publicly available 482 

codes on the GitHub. Furthermore, in the same way that general deep learning 483 

techniques, operating on raw data outperform traditional algorithms tailored for 484 

specific data types, involving domain knowledge, or massive pre-processing, we 485 



demonstrate that our proposed algorithm and experimental results really 486 

promising and may open new horizon for removing batch effects in biological 487 

datasets. 488 

 489 

Methods 490 

1. Loss Function 491 

Calibration loss MMD. Our calibrator 𝐶  is responsible for lessoning the 492 

discrepancy between source and target batches by matching them into a 493 

common space. It comprises a batch normalization (BN), a fully connected (FC), a 494 

dropout layer, a Tanhshrink activation and again an FC layers. The number of 495 

nodes in each hidden layer remains the same as the feature dimensionality of 496 

inputs. In addition, it is critical to define a measurement of divergence among 497 

source and target batches’ distributions. Therefore, we train the calibrator 𝐶 by 498 

minimizing the maximum mean discrepancy (MMD) in the latent space: 499 ℒ𝐶 = (𝑁2)−1 ∑ ∑ ‖𝐶(𝐗𝒊) − 𝐶(𝐗𝒋)‖𝑁𝑗=𝑖+1𝑁−1𝑖=1 1,      (1) 500 

where 𝐗𝑖  and 𝐗𝑗  indicate the 𝑖 -th source batch and the 𝑗 -th target batch 501 

respectively, and ‖⋅‖1  is the L1-norm operator. MMD value approaches zero 502 

when the underlying distributions of the observed samples are highly similar. 503 

Reconstruction loss MSE. In order to prevent losing the intrinsic biological states 504 

encoded in the latent code 𝐙, we require 𝑅(𝐙) to transform the encodes 𝐙 back 505 

to the reconstructed 𝐗′ that reflects the characteristics of the original data. All of 506 

reconstructors have the same structure that consists of first and last two FC layers, 507 



a dropout layer and a Tanhshrink activation. The reconstruction loss was 508 

calculated as the residual in L2-norm between the input prior to calibration and 509 

the reconstructed output of the encoder-decoder backbone for self-learning: 510 

  ℒ𝑅 = 1𝐾 ∑ ‖𝐗𝒊– 𝑅𝑖(𝐶(𝐗𝒊))‖22𝐾𝑖=1 .      (2) 511 

Note that 𝐾  denotes the number of source batches and each reconstructor 512 

corresponds to a certain batch. 513 

Classification loss CE. In addition, we introduce 𝐷 to be a task-specific class label 514 

classifier. It should be noted that we distinguish the category labels for the source 515 

batches in the training stage. The class label information of the target batches is 516 

only used when evaluating the prediction performance. 517 

The internal structure of discriminator 𝐷 has similar components but different 518 

arrangement with 𝐶 or 𝑅. Specifically, it involves three partitions: the first one only 519 

contains a BN layer; the second partition is a residual structure, including two 520 

alternating Leaky ReLU activation layers and FC whose number of nodes switching 521 

between input scale and 100; the last one contains three alternating Leaky ReLU 522 

activation layers and FC, in which the node reduced from input scale to 50, 16, 523 

and finally to the number of categories. When the application scenario is only 524 

binary classification considered, the last layer utilizes the Sigmoid activation 525 

function. We calculate the loss as cross-entropy (CE) between its output and 526 

sample biological labels: 527 

 ℒ𝐷 = − 1𝐾 ∑ ∑ ∑ 𝒚𝑗𝑐𝑀𝑐=1𝑗𝐾𝑖=1 log 𝐷 (𝐶(𝐱𝑗𝑐)).      (3) 528 

where 𝐾 and 𝑀 represent the number of batches or categories respectively, and 529 



𝒚𝑗𝑐 can be assigned 1 when the true category of sample 𝑗 is equal to 𝑐, otherwise 530 

0.  531 

2. Training Process 532 

In order to control the iterative epochs in training the discriminator and 533 

reconstructor(s) more conveniently, we adopt a "two-step" strategy in the training 534 

process. We set two hyperparameters 𝜆1 , 𝜆2 to control the step A and step B 535 

respectively, as shown in formula (4). Note that the parameters of calibrator 𝐶 are 536 

always kept updating. The benefits of doing so lies that when the reconstruction 537 

converges slowly, we increase the number of rounds of step A, and on the 538 

contrary, increase the number of iterations of step B. These two steps are repeated 539 

back and forth until reaching convergence of the model. The total loss of our 540 

framework is then calculated by considering the calibrator, reconstructor, and 541 

discriminator as a whole, i.e., to minimize 542 ℒ = 𝜆1 ⋅ (𝛼1 ⋅ ℒ𝐶 + 𝛽 ⋅ ℒ𝐷) + 𝜆2 ⋅ (𝛼2 ⋅ ℒ𝐶 + 𝛾 ⋅ ℒ𝑅),      (4) 543 

where 𝜆1, 𝜆2 denote the number of reincarnations aiming at step A and step B, 544 

and 𝛼1 , 𝛽 , 𝛼2 , 𝛾 are scalar weights for each component network in two steps, 545 

respectively. 546 

We implement the proposed scheme with PyTorch (version 1.8.1+cu102) and 547 

Sklearn (version 0.21.3) framework. The downstream analysis has been carried out 548 

using Python (version 3.6.8), and R (version 4.0.4) for visualization. For details, we 549 

use ADAM for training with default settings (i.e., the exponential decay rate of the 550 

first/second moment estimation). To achieve fair comparison, the types and 551 



numbers of classification network layers remain the same before and after 552 

calibration. The gradient update rule of mini-batch in deep learning is used to 553 

train our model where corresponding losses are calculated from a sampled “mini-554 

batch” during each iteration of the corresponding step. All the experiments are 555 

run on the same host with 16GB memory and an Nvidia RTX 2080Ti GPU. 556 

3. Information for Other Methods 557 

Corresponding open source code could be found about those algorithms 558 

involved in comparative experiments. The ComBat has been implemented by 559 

ComBat() function into R software package sva 560 

(http://bioconductor.org/packages/3.5/bioc/html/sva.html). The source codes of 561 

NormAE algorithm are publicly available at https://github.com/luyiyun/NormAE. 562 

Since our data based MALDI MS or scRNA-seq instead of LC MS in NormAE, which 563 

not exist so-called injection order, therefore, it is eliminated in training and testing 564 

process. In addition, the mass quality control was conducted using standard 565 

molecules on the stage of serum plates, so it doesn’t appear at the preprocessing 566 

matrix. The source codes of BERMUDA are publicly available at 567 

https://github.com/txWang/BERMUDA. In principle, we compute the similarity 568 

matrix based on the MetaNeighbor algorithm by following recommended 569 

protocols in its reports. An open-source implementation of the DESC can be 570 

downloaded from https://eleozzr.github.io/desc/. We generally yield a .h5ad file 571 

through preparing an AnnData object based on the processing pipeline for 572 

following analysis. 573 

http://bioconductor.org/packages/3.5/bioc/html/sva.html
https://github.com/luyiyun/NormAE
https://github.com/txWang/BERMUDA
https://eleozzr.github.io/desc/


4. MI Dataset 574 

The collection process for the MALDI MS data was introduced by Huang, et al.
32
. 575 

According to the protocol, ~2 mL of blood was collected by venipuncture and 576 

centrifuged at 3000 rpm for 10 min. Then, the serum was transferred to a 577 

microtube and stored at -80℃. For each subject, we repeated detection five times 578 

to enhance the reproducibility and stability. The samples with a relative standard 579 

deviation (RSD) less than 5% were discarded in subsequent quality control. 580 

Consequently, each subject would eventually yield 1-5 (mostly 5) samples. While 581 

each sample could have a predicted label in test, the diagnosis result should be 582 

ensembled to the subject level as the median of all samples in one subject. In total, 583 

for the three batches, we collected 1330, 1305, 1345 samples for 266, 261, 269 584 

subjects, respectively. Note that the following results were all reported at the 585 

sample level. All data was processed through smoothing filter, baseline correction, 586 

peak extraction and peak alignment
32
. As for each sample, the m/z range was set 587 

from 100 to 300
33
, and about 200 features were extracted through data 588 

preprocessing. 589 

In the experiment of classification before calibration, the learning rate, number of 590 

epochs, size of mini-batch and learning step are set to 10−4, 100, 128 and 104 591 

respectively. In order to prevent overfitting the network, the L2 weight decay is 592 

set to 5 × 10−5  during training. For training our network after calibration, the 593 

learning rate is set to 10−3 and the number of epochs is set to 100. We set the 594 

mini-batch size to 128 and the coefficients of losses are 𝛼1 = 10, 𝛽 = 10 in step 595 



A for 𝜆1 = 1  and 𝛼2 = 10 , 𝛾 = 0.01  in step B for 𝜆2 = 1  by grid-search. The 596 

learning step, L2 weight decay are set to 104, 5 × 10−5 during training. In order 597 

to compare all the results on the same benchmark, the classification network of 598 

in-batch 10-fold cross-validation shares the same framework as cross-batch 599 

experiments. The learning rate, number of epochs, size of mini-batch, learning 600 

step and L2 weight decay are set to 10−3, 10, 128, and 100,5 × 10−5, respectively. 601 

For most of other methods, including ComBat, BERMUDA and DESC, we evaluate 602 

their performance based on the default parameters and by following 603 

recommended pipeline in their tutorials. As for NormAE, in order to ensure the 604 

convergence of the model, except for the (lr_rec, lr_disc_b), epoch and batch_size 605 

which are set to (0.0002, 0.0001), (200, 100, 150) and 200, other parameters are 606 

defaulted. 607 

5. CHD Dataset 608 

In this set of experiment, the structure of classification network is also consistent 609 

with the previous rule, namely keeping the same before and after calibration. The 610 

learning rate, number of epochs, size of mini-batch, learning step and L2 weight 611 

decay are set to 10−4, 50, 128, 104 and 5 × 10−5, respectively. For parameters 612 

after calibration, the learning rate, number of epochs, size of mini-batch and 613 

learning step are set to 10−4, 50, 128 and 104, respectively. In addition, the hyper-614 

parameters of the coefficients of losses are set to 𝛼1 = 10, 𝛽 = 10 in step A for 615 𝜆1 = 4 and 𝛼2 = 10, 𝛾 = 0.01 in step B for 𝜆2 = 1 by grid-search. The L2 weight 616 

decay is set to 5 × 10−5  during training, the same with first experiment. We 617 



evaluate most of other methods except NormAE based on the default parameters 618 

and tutorials as prior. As for NormAE, the (lr_rec, lr_disc_b), epoch and batch_size 619 

are set to (0.0002, 0.0001), (100, 50, 100), 200, and other parameters are defaulted. 620 

6. scRNA-seq Dataset 621 

The data batches were introduced in the form of Seurat
23
 R objects featuring 622 

standardized annotations, which relies on anchor cells between pairs of datasets. 623 

However, misidentification of anchors from different batches might have led to 624 

reduced classification accuracy. Therefore, we need segment objects according to 625 

different protocols and transform them into Single Cell Experiment (SCE) objects. 626 

Metadata and counts were extracted from the SCE R objects and used for 627 

performing standard preprocessing. Next, we explored common genes by “scran” 628 

R package and only genes that were detected in all three experiments were kept. 629 

Through a series of procedures such as filtering low-quality cells, standardizing, 630 

and selecting the most informative genes by calculating the degree of variation 631 

for each gene, the resulting dataset consists of three batches for a total of 4036 632 

cells with 325 genes each.  633 

For classification before calibration, the learning rate, number of epochs, size of 634 

mini-batch, learning step and L2 weight decay are set to 10−5, 50, 128, 104 and 635 5 × 10−5, respectively. For framework after calibration, the learning rate, number 636 

of epochs, size of mini-batch, learning step and L2 weight decay are set to 637 5 × 10−6 , 55, 128, 104  and 5 × 10−5 , respectively. Moreover, the hyper-638 

parameters of the coefficients of losses are set to 𝛼1 = 10, 𝛽 = 10 in step A for 639 



𝜆1 = 1 and 𝛼2 = 10, 𝛾 = 0.1 in step B for 𝜆2 = 1. The ComBat, BERMUDA and 640 

DESC still utilize the default parameters and tutorials. In NormAE, the (lr_rec, 641 

lr_disc_b), epoch and batch_size are set to (0.0002, 0.0001), (100, 50, 100), 200, 642 

while other parameters are yet defaulted. 643 

 644 

Abbreviations 645 

scRNA-seq , single-cell RNA sequencing 646 

MS,    mass spectrometry 647 

MALDI,   matrix assisted laser desorption/ionization 648 

SVA,   surrogate variable analysis 649 

MMD,   maximum mean discrepancy 650 

MSE,   mean square error 651 

AE,    Autoencoder 652 

GAN,   Generative Adversarial Network 653 

MCC,   Matthews correlation coefficient 654 

MI,    myocardial infarction 655 

CHD,   coronary heart disease 656 
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