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Randomized grouping statistical analysis in clinical
omics biomarker discovery

Abstract

When using omics technology to study disease biomarkers, the differences are usually
screened between disease group and control group. Because omics data is huge but sample
size is limited, the differences between two groups may be randomly generated. To this end,
we have proposed a randomized grouping statistical analysis strategy, which is suitable for
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Introduction

Recent advancements in high-throughput omics based on mass
spectrometry have promoted the study of disease biomarkers. In the
basic stage of using omics data to study biomarkers, the differences
between the disease group and control group are usually as candidate
biomarkers for disease. However, whether these differences are
caused by randomly generated is a question we should consider. First,
it is easy to screen out differences between the two groups that meet
the statistical criteria because the omics data is huge. For example, to
investigate the urinary proteome differences between the Li and Han
ethnic groups, the urine samples from 6 Li and 6 Han ethnic volunteers
were analyzed by LC/LC-MS. In total, 1,555 urinary proteins were
identified, and twenty-five of the urinary proteins were statistically
significantly different.! Second, given the large time and economic
costs of mass spectrometry identification and analysis, the quantity
of samples based on omics research is often restricted. The number
of human samples used in many omics clinical studies is relatively
small.>”® Therefore, the differences between two groups are likely to
be randomly generated in omics studies with limited sample size. For
example, to distinct early- and advanced-stage lung adenocarcinoma,
the proteome from 11 early and 11 advanced tumor samples were
determined. In total, 155 proteins differentially expressed between
early- and advanced-stage lung adenocarcinoma groups.” Since these
differential proteins were identified in the proteomic data of limited
clinical samples, it may be questioned whether these differences
were generated randomly. Therefore, to improve the credibility
of differences identified between two groups, we need to invest a
larger number of samples in clinical omics studies. However, large
numbers of clinical samples are difficult to collect, such as brain tissue
samples of Alzheimer’s disease, so the results of many studies may
be questioned by the limited number of samples. Especially at the
discovery stage of disease biomarkers, if the identified differences are
randomly generated, it is difficult to succeed in the clinical verification
stage, which is one of the reasons why only a few omics biomarkers
enter clinical practice. How do we examine the differences between
two groups are random when the clinical samples are limited?

In this paper, we proposed the randomized grouping statistical
analysis strategy, which is suitable for the study of clinical omics

disease biomarkers with limited sample size, and to determine
whether differences between the two groups are randomly generated.

Randomized grouping statistical analysis

Randomized grouping statistical analysis is a strict strategy
that should be performed when screening differences between two
groups using omics data of limited samples. Specifically, screen the
differences between the disease group and the control group, divide
all samples into two groups randomly, screen the differences in each
random combination, and calculate the average number of differences
in all combinations. We compare it with the number of differences in
the normal group to determine whether these are randomly generated.
To realize randomized grouping statistical analysis, we use python
to write a simple program. The workflow of randomized grouping
statistical analysis is presented in Figure 1.
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Figure | The workflow of randomized grouping statistical analysis program.
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Example

We have performed randomized grouping statistical analysis of
many urine proteome studies. For example, to examine the sensitivity
of urine proteome, 9 rats were subcutaneously inoculated with
approximately ten Walker-256 tumor cells, and urine proteomes on
day 0, 13, and 21 were analyzed.® The results showed that 123 and
165 differentially proteins were identified on day 13 and 21 compared
with day 0, respectively. It should be noted that no detectable tumor
mass was observed in this study, and theoretically there should be
no differences in urine proteomes. Were these differential proteins
identified randomly generated? So, we conducted randomized
grouping statistical analysis on the proteomics data. We imported 18
samples (Number1-18) from 9 rats on days 0 and 13 into the program.
First, 18 samples were randomly divided into two groups, with a total
0f'48620 combinations. Then, the differential proteins in each random

Random Group |
combinations

I 123456789

2 1,2,34,56,78,10

3 1234567811

4 1234567812

5 1234567813

o 1,234,56,78,14
43613 9.10,11,12,13,15,16,17,18
48616 9.10,11,12,14,15,16,17,18
48617 9.10,11,13,14,15,16,17,18
48618 9,10,12,13,14,15,16,17,18
43619 9.11,12,13,14,15,16,17,18
48620 10,11,12,13,14,15,16,17,18
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combination were screened according to the same criteria, and the
average number of differential proteins in all random combinations
was calculated. Final, the statistical analysis report of this random
grouping was output. The results showed that the average number of
differential proteins for all random combinations is 4, which indicates
that only 3.25% of the 123 differential proteins we identified are likely
to be randomly generated, indicating that the reliability is high. The
output report is shown in Figure 2, and the statistical result is presented
in Table 1. Similarly, we ran the data on days 21, and the results
showed that only 2.42% of the 165 differential proteins identified
were likely to be generated randomly, indicating that the reliability
is high. The output report is shown in Figure 3, and the statistical
result is presented in Table 1. In summary, these differential proteins
identified in this study were due to subcutaneously inoculation of ten
Walker-256 tumor cells rather than random differences.

Differential
Group Il ,
proteins

10,11,12,13,14,15,16,17,18 123
9,11,12,13,14,15,16,17,18 58
9,10,12,13,14,15,16,17,18 62
9,10,11,13,14,15,16,17.18 66
9,10,11,12,14,15,16,17,18 53
9,10,11,12,13,15,16,17,18 63
1234567814 65
1,2,34,56,78,13 53
1234567812 66
1234567811 62
1234567810 58
1,2,34,5,6,78,9 123

Figure 2 The output report of randomized grouping of 18 samples on days 0 and days|3. Number|-8 represent Ratl-D0-Rat 9-DO; Number 9-18 represent

Ratl-D13-Rat9-D13.

Random Group |
combinations

| 123456789

2 1234567819

3 12345673820

A 1,23456,7821

5 1.234,56,78.22

6 1,2,34,56,7823
48615 9192021222425 2627
48616 9,19.20,21.23,24 25 26,27
48617 9,19.20,22.23 24 25 26,27
48618 91921.222324252627
48619 9.2021.222324252627
48620 192021222324252627

Group Il Dil’l’ere!ﬂial
proteins
19,20,21,22,23,24.25,26,27 165
9.20,21,22,23,24.25,26,27 38
9,19,21,22,23,24,25,26,27 il
9,19,20,22,23,24,25,26.27 69
9,19.20,21.23.24,25.26.27 49
9,19,20,21,22,24,25,26,27 64
1234567823 64
1234367822 49
1234567821 69
1234567820 5l
1234567819 59
123456789 163

Figure 3 The output report of randomized grouping of 18 samples on days 0 and days2 1. Number|-8 represent Ratl-D0-Rat 9-D0; Number 19-27 represent

Ratl-D2[-Rat9-D21.
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Table | The results of randomized grouping of urine proteome at different time points of subcutaneous inoculation of approximately ten Walker-256 tumor

cells in rats

Total number

Average number of differential

C:;Z';:for screening differential Time point of random D;if::;:l :tml proteins with all random Percentage
P combinations P combinations
123 4 3.25%
D13(n=9) 9
FC2>1.5 or £0,67;P <0.01 e Cls =48620
D21(n=9) 165 4 2.42%
Discussion Acknowledgments

In many clinical omics biomarker studies, grouping method is
used to screen differences between the disease group and the healthy
group, and these differences are believed to be caused by disease.
However, when the omics data is huge but the clinical sample size is
limited, it is easy to screen the differences between the two groups.
Whether these differences are caused by randomly generated is a
question we should consider. In addition, many complex diseases
have different phenotypes, such as psychiatric conditions, and both
health and disease groups may be heterogeneous. Therefore, we need
to prove whether the direct grouping method is feasible for these
complex diseases. Randomized grouping statistical analysis is a non-
negligible strategy for studying disease biomarkers using omics data,
especially in clinical studies with limited sample size. We compared
the number of differences in normal grouping with the average number
of differences in random grouping, to determine whether these are
randomly generated.

If there is no difference in random grouping or the number
of differences accounts for a small proportion of the number of
differences in the normal group, it means that these differences
between the two groups are caused by the disease, not randomly. If
the number of differences in random grouping accounts for a large
proportion of the difference in normal grouping, it means that the
differences between the two groups may be generated at random and
have little relationship with the disease itself. We need to consider
whether the grouping method of the two sets of samples is appropriate.
It should be noted that after screening the differences between the
disease group and the control group, we will search for the existing
biological evidence for these differences to further determine whether
they were identified as candidate biomarkers.

Conclusion

In conclusion, we provide a randomized statistical analysis strategy
that should be considered in clinical omics biomarker studies, and
advocate that more researchers try to use this method in future studies.
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