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Study on conversion of microstates in breast cell ensemble at the gene
level based on the eigen-microstate method

Su-Hua Zhang(张素花)1,†, Xue-Zhi Niu(牛雪芝)2,†, Xu-Zhao Wang(王徐朝)1, Chang Qu(屈畅)1,
Hai-Long An(安海龙)1, Tong-Jun Zhao(赵同军)1, and Yong Zhan(展永)1,‡

1Institute of Biophysics, Hebei University of Technology, Tianjin 300401, China
2School of Systems Science, Beijing Normal University, Beijing 100875, China

(Received 26 October 2022; revised manuscript received 19 December 2022; accepted manuscript online 8 February 2023)

Breast cancer is a malignant disease that seriously threatens women’s health. Studying the mechanism of cancer
occurrence and development is an urgent problem to be solved. In this paper, the eigen-microstate method was used to
study conversion of normal breast cells into breast cancer cells and the reason. The main conclusions are as follows: the
microstates of normal breast cell and breast cancer cell are different. There is a state conversion when a normal breast cell
transforms into a breast cancer cell. The main reason for this state conversion is the combined effect of tumor suppressor
genes and oncogenes. By analyzing the function of key genes, it was found that these genes do play an important role in
the development of breast cancer. The findings contribute to understanding the mechanism by which breast cancer occurs
and progresses, and key genes can serve as potential biomarkers or target genes for breast cancer treatment.
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1. Introduction
Breast cancer is a non-contagious and malignant disease

that ranks among the leading causes of death in women. Ac-
cording to the latest statistics on global cancer in 2018 released
by the World Health Organization’s International Research
Agency, there were about 2.1 million new cases of breast can-
cer and 6× 105 deaths. Last year’s cancer statistics showed
that breast cancer accounted for 30 percent of all new female
cancer cases in the United States.[1] Breast cancer places a
double health and financial burden on patients. The best way
to fight this disease is to know how it occurs and how a normal
breast cell becomes a cancer cell. It is well known that cells
are the basic functional units of all living things, their func-
tions are controlled by gene expression. Selective expression
or mutation of certain genes in cells may lead to dysfunction,
while activation of certain oncogenes will cause the cells to
proliferate abnormally and become cancerous. Many studies
have shown that it is gene mutations that lead to the occurrence
of most breast cancer cases,[2] and analyzing gene expression
profiles is an effective means of understanding the complex-
ity of breast cancer.[3] For example, the mutations in breast
cancer 1 (BRCA1) and breast cancer 2 (BRCA2) increase the
likelihood that women will develop breast cancer.[4] Ribonu-
cleotide reductase M2 (RRM2) has close relationship with ad-
vanced tumor grade and stage, and the cell division of high-
grade tumors is promoted by increasing RRM2 expression.[5]

Stanniocalcin 2 (STC2) could inhibit epithelial–mesenchymal
transformation (EMT) process in a manner of regulating the

expressions of protein kinase C (PKC) and Claudin-1, thereby
inhibiting breast cancer cells to migrate and invade.[6] There-
fore, it has a fundamental significance to study the occurrence
and development of breast cancer at the genetic level.

A cell is a complex nonequilibrium thermodynamics sys-
tem. One reason is that cells need energy to maintain cellu-
lar activity, for example, cells maintain appropriate levels of
solute by pumping potassium into cells and actively pump-
ing sodium out of cells. Another reason is that the number of
molecules and molecular structure in cells change over time,
for example, the structure of molecular motors always changes
when transporting substances between cells. “Clearly, liv-
ing systems have to be out of equilibrium”, says Mackintosh.
Nonequilibrium thermodynamics is a very useful method to
chase the secrets of life.[7]

A cell can be thought of as a system containing a large
number of genes that is highly non-uniform and far from equi-
librium. Gene expression is time-dependent and influenced
by environmental factors such as temperature, light, chemi-
cals, signals from other cells, and more. At a given time,
the microstate of a cell can be expressed in terms of the
amount of gene expression. The microstate varies according
to the amount of gene expressions. If we establish a high-
dimensional coordinate system in which each axis shows a
kind of gene, a point in the gene space coordinate system rep-
resents a microstate of the cell, and all phase points in this
coordinate system form a cell ensemble under certain thermo-
dynamic conditions, which can be described by the probability
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density of microstates. The process is characterized by non-
equilibrium, in which normal cells destroy their original state
and constantly establish new states, even develop into a can-
cerous state. So we can apply statistical physics to study the
state transition of cells.

For the cell ensemble above, there is a huge challenge
ahead of us. A cell is a system far from equilibrium, and the
probability density of their microstates is unknown. Recently,
Chen[8] proposed the eigen-microstate (EM) method that can
overcome this challenge. According to this method, the mi-
crostates and the ensembles of a system can be obtained from
their experimental data or simulation data. In the original en-
semble, different microstates have the same weights and are
dependent. Using the data of original microstates, we can con-
struct the matrix of microstates and then compute the correla-
tion matrix of the microstates. The eigen-microstates (EMs),
which are the eigenvectors of the correlation matrix, are inde-
pendent and form a new ensemble. When condensation does
not occur in a complex system and the number of microstates
tends to infinity, the weight of every EM approaches zero.
When condensation does occur, the characteristic microstate
weights become finite limits, and the EM become a new phase
of the system. Eigenvalues can act as order parameters in this
complex system. The EM method has been applied success-
fully to study renormalization group theory,[9] collective be-
haviors in living systems,[10] climate system,[11] and so on.

In this paper, we apply the EM method to study the con-
version of microstate in breast cell ensemble. The article is
organized as follows. In Section 2, breast cell ensemble and
its eigen ensemble were introduced. The EM, their weights
and the reason of state transition were analyzed and discussed
in Section 3. Finally, conclusions were concluded in Section 4.

2. Breast cell ensemble and its eigen ensemble
2.1. Microstates and ensembles

The Cancer Genome Atlas (TCGA), a well-known can-
cer genomics program that provides more than 2.5 petabytes
of data on 33 cancer types for anyone to use, has greatly fa-
cilitated cancer-related research. RNA sequencing (RNA-seq)
is a common method that utilizes next-generation sequencing
technology to study the entire transcriptome. The extracted
RNA is reverse transcribed into DNA and sequenced on next-
generation sequencing platform, the number of reads of each
transcript are proportional to their expression level. RNA-seq
data is a collection of all the gene expression level in samples,
including tumor samples. RNA-seq data in each sample can
be described by a matrix having N rows and 2 columns, N
represents the number of genes, the first column’s value is the
gene name and the second column’s value is the expression of
corresponding gene. We first downloaded RNA-seq data from

breast cells adjacent to cancer (normal breast cells) and breast
cancer cells. The sample size is denoted by M. We use Ti(t)
represents the expression of gene i = 1,2, . . . ,N in the sample
t = 1,2, . . . ,M. For a given t, the matrix T (t) with N rows and
1 column denotes the microstate of a cell from sample t. The
average gene expression of sample t is

〈Tt〉=
1
N ∑

N
i=1 Ti (t). (1)

The root-mean-square value of the sample t is

∆t =

√
1
N ∑

N
i=1 δTi(t)2, (2)

where δTi(t) represents

δTi (t) = Ti (t)−〈Tt〉. (3)

For a given sample t, there are fluctuations of gene i =
1,2, . . . ,N

δSi (t) =
Ti (t)−〈Tt〉

∆t
. (4)

The microstate t is

δ𝑆 (t) =


δS1 (t)
δS2 (t)
. . .
δSN (t)

 . (5)

For M samples, there are M microstates and these microstates
form a statistical ensemble. this ensemble can be described by
an 𝑁 ×𝑀 matrix with elements

Ait = δSi (t) . (6)

2.2. EM and weights

The correlation between microstate t and microstate t ′ is
obtained by their vector product

Ctt ′ = δS (t)T ·δS
(
t ′
)
=

N

∑
i=1

δSi (t)δSi
(
t ′
)
, (7)

where Ctt ′ is its elements, then we get an M×M correlation
matrix of microstates

𝐶 =𝐴T ·𝐴. (8)

The correlation between gene i and gene j is

Ki j = δS (t) ·δS (t)T =
M

∑
t=1

δSi (t)δS j (t) , (9)

Ki j represents its elements and N ×N correlation matrix of
genes is gotten

𝐾 =𝐴 ·𝐴T. (10)

An M×M unitary matrix is composed by the eigenvectors Vt

of C

𝑉 = [V1 V2 · · · VM] . (11)
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With eigenvectors Ui of K, we can compose an N×N unitary
matrix

U = [U1 U2 · · · UN ] . (12)

The ensemble matrix 𝐴 can be factorized by using the singular
value decomposition (SVD) as[12]

𝐴=𝑈 ·𝛴 ·𝑉 T, (13)

where 𝛴 is an N×M diagonal matrix with elements

Σi j =

{
σi, i = j ≤ r,

0, otherwise,
(14)

where the rank r ≤min(N,M).
Combining the Eqs. (13) and (14), the ensemble matrix

𝐴 can be decomposed as

𝐴= ∑
r
I=1 σI𝑈I⊗𝑉I , (15)

where, 𝑈I ⊗𝑉I ≡ Ae
I is called an eigen-ensemble matrix and

it is orthogonal. The decomposition here is similar to the de-
composition of the wave function in quantum mechanics into
the characteristic wave function.

Based on the relations above, we interpret ωE
I as the prob-

ability of eigen-ensemble matrix Ae
I in the statistical ensemble

𝐴 and ωE
I satisfies

ω
E
I =

σ2
I

r
∑

I=1
σ2

I

. (16)

For an overview of the weight distribution of EM, we define
the cumulant of m EMs

c(m) =
m

∑
I=1

ω
E
I . (17)

For the normal breast cell ensemble (NBCE) and the breast
cancer cell ensemble (BCCE), we can calculate the weights of
all EMs ωE

I . If all the weights ωE
I tend to zero in the limits of

N → ∞ and M→ ∞, there is no localization in the ensemble.
if one of weights becomes dominant and finite in the limits of
N → ∞ and M → ∞, there is a localization in the ensemble,
the ensemble microstate condenses to the corresponding EM
Ae

I . the phase of cell system can be expressed by UI and the
time fluctuation mode can be expressed by VI . In Section 3,
the EMs and their weights will be discussed.

3. Results and discussion
3.1. The EMs and their weights

In this paper, the sample sizes of normal breast cells and
breast cancer cells are the same and M is equal to 109. For
each sample, there is 10022 kinds of genes and so N is 10022.

The NBCE and the BCCE were constructed. The EMs and
their corresponding weights of the two ensembles were cal-
culated by using the EM method as described above, and the
weights of the first ten EMs are represented in Fig. 1.
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Fig. 1. The weights of the first ten EMs of NBCE and BCCE, in which
blue dots represent the EMs of NBCE and orange dots represent the EMs
of BCCE.
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Fig. 2. The first EM of NBCE and BCCE, in which blue line represents
the first EM of NBCE and orange line represents the first EM of BCCE.
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Fig. 3. The second EM of NBCE and BCCE, in which blue line repre-
sents the second EM of NBCE and orange line represents the second EM
of BCCE.
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Fig. 4. The third EM of NBCE and BCCE, in which blue line represents
the third EM of NBCE and orange line represents the third EM of BCCE.

As can be seen from Fig. 1, the first EM weight of NBCE
is about 80%, and the first EM weight of BCCE is about 65%.
They are much larger than those of other EMs in the same
ensemble. Compared with the weight of the first EM, the
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weights of the second EMs of the two ensembles are signif-
icantly reduced, but they are more important than other EMs.
The weights of the EMs of the two ensembles decrease as the
number of the microstates increases. The corresponding cu-
mulative weights of the first three EMs of the two ensembles
are large enough so that the original microstate can be ex-
pressed by superposition of the first three EMs, respectively.

Figures 2–4 show the first three EMs of NBCE and
BCCE. The horizontal axis in each figure shows the gene num-
ber and each gene has a given number. The vertical axis is the
contribution rate of each gene to the EM. From these figures,
it can be concluded that the contribution rates of every gene
are different among the first three EMs of the two ensembles,
which means that the EMs of NBCE differ from the corre-
sponding microstates of BCCE. The results suggest that there
is a state transition when a normal cell becomes a cancer cell.

It can be seen from Fig. 5 that the correlation coefficients
among the EMs of the two ensembles is neither 0 nor 1, which
shows that they are related and different. The correlation co-
efficient between the first EM of the two ensembles is biggest
and is 0.76, which is consistent with the results in Fig. 1. The
close relationship and the difference between the first three
EMs again demonstrate that there is a state transition when a
normal cell becomes a cancer cell, but the reason needs to be
further elucidated.
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Fig. 5. The correlation coefficients among the first three EMs of NBCE
and BCCE.

3.2. The reason for state conversion

The conversion of normal cells into cancer cells has been
studied in many different cancers and cell types, and the re-
sults indicated that gene expression differences or gene mu-
tations are closely relevant to this conversion.[14–16] We have
concluded that the contribution rate difference of every gene
leads to the difference of the EMs. We will further investigate
which genes are the main drivers of state conversion.

First, we defined the important genes whose contribution
rate values are greater than or equal to the threshold. The im-

portant genes form the new EM. We then calculated the Pear-
son correlation coefficient between the new EM and the origi-
nal EM, and the results are shown in Fig. 6. If the correlation
coefficient is larger than 0.95, we thought the new EM can
replace the original EM.

EdgeR was designed for the analysis of replicated count-
based expression data and is an implementation of method-
ology developed by Robinson and Smyth in 2007. EdgeR
has been widely used on sources of count data, including bar-
coding experiments and peptide counts so far.[17] we applied
the software edgeR to analyze the expression differences of
10022 genes, and the results are shown in Fig. 6. The results
indicate that the number of differentially expressed genes is
2012, including 1004 upregulated genes and 1008 downregu-
lated genes.

We defined the key genes are the common genes of the
important genes and the differentially expressed genes. We in-
vestigated further the function of the key genes and classified
them as oncogenes (OG) or tumor suppressor genes (TSG). In
Tables 1 and 2, we summarized the numbers, the total contri-
bution rate to the EMs, and a detailed list of these key genes.

Table 1. Analysis of the number and contribution rate of key genes to EM.

EM
TSG OG

Numbers Rates (%) Numbers Rates (%)

EM1
NBCE 24 10.31 31 12.29
BCCE 19 5.63 37 18.75

EM2
NBCE 21 21.79 21 18.78
BCCE 6 4.48 20 26.17

EM3
NBCE 6 27.68 9 17.92
BCCE 15 12.11 28 30.43

The superposition state NBCE 30 10.46 35 11.60
of EM1, EM2, and EM3 BCCE 25 4.24 26 14.64

From Table 1, we can get the results as follows: the con-
tribution rates of TSG to the first three EMs of normal breast
cells are greater than those of breast cancer cells. However,
the contribution rates of OG to the first three EMs of normal
breast cells are smaller than those of breast cancer cells. For
the superposition state of the first three EMs, the contribution
rates of TSG and OG have the same characteristics as those of
the first three EMs. These details above lead us to believe that
the different contribution rates of TSG and OG turn a normal
breast cell into a breast cancer cell.

In our study, we recognized 113 key genes listed in the
Table 2, including 46 TSG and 67 OG. Many researches have
shown that these key genes play important role in the occur-
rence and development of the breast cancer. For instance,
down-regulation of GATA3 expression promotes the develop-
ment of invasive breast cancer. KLF6 is considered as a potent
growth inhibitor of breast cancer cells. Knockout of TRPS1
reduces nucleokinesis, apoptosis and tumor growth of breast
cancer cell. Overexpression of ZFP36L2 is an effective driver
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Table 2. The summary of key genes.

NBCE
TSG OG

EM1 ACSL1[18] ACTA2[19] ANXA1[20] AHNAK[21] DCN[22] COL1A1[23]

CCN1[25] CD36[26] CX3CL1[27] DST[28] SFRP1[29] SPARCL1[30]

EGR1[33] GSN[34] KIT[35] FHL1[36] TAGLN[37] FOSB[38]

KRT17[44] LDHB[45] LRP1[46] FN1 EMP1[47] DUSP1[48]

LUM[50] MCAM[51] MYL9[52] SORBS1[53] KLF6[54] GPAM[55]

MYLK[62] NFIB[63] PDK4[64] CRYAB[65] CXCL12[66] SCGB2A2[67]

PIK3R1[72] SCD[73] SLC39A6[74] DHCR24 CTSD[75] EFEMP1[76]

VIM[78] ZFP36[79] ZFP36L2[80] DPT[81] MAGED2[82] ARF1[83]

AEBP1[84] EHD2[85] COL17A1[86]

UTRN[88] CHRDL1[89] CAV1[90]

SPTBN1[93]

EM2 SCD GSN CD36 AHNAK FHL1 DCN
VIM LRP1 ACSL1 SORBS1 GPAM SFRP1

MCAM PDK4 ACTA2 DPT CRYAB DST
PRKAR2B[98] KRT17 RBP4[99] CHRDL1 EMP1 ITIH5[100]

ZFP36 ANXA1 CAT[101] FN1 FOSB EHD2
LAMA4[102] KIT SLC39A6 G0S2[103] SCGB2A2 TACC1[104]

MYLK CX3CL1 KRT18[105] ITGA7[106] SPTBN1 CAV1

EM3 SCD GSN ACSL1 DCN COL1A1 FHL1
VIM CD36 LUM GPAM DPT SFRP1

FN1 CRYAB EMP1

BCCE
TSG OG

EM1 SLC39A6 VIM SCD COL1A1 FN1[24] AHNAK
LUM KRT18 SFRP2[31] POSTN[32] SCGB2A2 CTSD

GATA3[39] CA12[40] CRABP2[41] ERBB2[42] DHCR24[43] AEBP1
TBC1D9[49] LRP1 GSN MAGED2 DCN ARF1
SULF1[56] GJA1[57] GPRC5A[58] TRPS1[59] AGR2[60] VCAN[61]

SLC9A3R1 CERS2 MMP11[68] ESR1[69] COL5A1[70] CCND1[71]

FOXA1 CPB1[77] STAT1 MMP14
HDGF HSPB1 SH3BGRL
ERBB3 EZR SDC1[87]

FKBP4[91] MAL2 PRDX1[92]

GFRA1 IFI6 ENAH[94]

PRSS23[95] PRLR[96] SPARCL1
SPTBN1

EM2 SLC39A6 LUM SCD COL1A1 FN1 POSTN
SFRP2 MMP11 CA12 AEBP1 CTSD DCN

COL5A1 AGR2[97] VCAN
ESR1 ERBB2 ARF1
HDGF STAT1 TRPS1

COL11A1 SCGB2A2 MMP14
FKBP4 MAL2

EM3 SLC39A6 TBC1D9 GJA1 FN1 SCGB2A2 COL1A1
CA12 GATA3 BMPR1B[107] CPB1 ESR1 CTSD

FOXA1 KRT17 MLPH AGR2 AHNAK MAGED2
SCGB2A1 TSPAN13 SFRP2 S100A8 ERBB2 S100A7[108]

SLC9A3R1 EGFR[109] VIM STAT1 CCND1 CASP14[110]

GFRA1 SPP1 SDC1
DHCR24 ERBB3 HDGF
PRSS23 SLC7A5 NUCB2
STMN1 MAL2 TRPS1
POSTN
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of breast cancer. ACSL1 can inhibit cell proliferation, migra-
tion, and growth. The expression of CA12 is closely related to
the histological grade and degree of tumor. Down-regulation
of PRDX1 expression can slow the growth rate of MCF-7 and
ZR-75-1, which are breast cancer cell lines. Overexpression

of CTSD can promote the migration, invasion, and metastasis
of breast cancer cells by increasing the expression of the adhe-
sion molecule ICAM-1. A decrease in BMPR1B expression is
associated with a poor prognosis in breast cancer patients and
increases the proliferation of breast cancer cells in vitro. LRP1
promotes aggressiveness of breast cancer cells. These results
proved that the key genes are involved in the development of
the breast cancer and they may become potential biomarkers
for breast cancer treatment.

4. Conclusion and perspectives
Breast cancer is a very common malignant disease and

is the leading cause of cancer death in women. Studying the
evolutional mechanism of breast cancer is very important to
improve its treatment and prognosis. Breast cell is a system
that is far from equilibrium, and the EM method is a very ef-
fective way to study state conversion in non-equilibrium sys-
tems. First, data on normal breast cells and breast cancer cells
are downloaded from TCGA. Second, the original microstates
of normal breast cells and breast cancer cells are obtained by
processing the data. Third, the EMs of normal breast cells and
breast cancer cells are obtained by using the EM method. Fi-
nally, the results were analyzed and the results showed that the
EMs of normal breast cells and breast cancer cells were differ-
ent. We further investigated the causes of differences in EMs.
The main results are as follows: the weights of the EMs of
NBCE and BCCE are not equal to zero and are finite values.
The weights of the first three EMs of normal breast cells and
breast cancer cells are greater than the weights of other EMs.
We can think that the microstate of the breast cells ensemble is
superposed by the first three EMs respectively. The first three
EMs of normal breast cells differ from those of breast cancer
cells, indicating that there is a state conversion when normal
cells evolve into cancer cells. By analyzing the contribution
rates of key genes, it was found that different contribution rates
of TSG and OG led to this conversion.

In physics, we are able to distinguish microstates of breast
cells and identify the core drivers of the conversion — the dif-
ferent contribution rates of TSG and OG. In biology, we find
that key genes do play an important role in the development of
breast cancer when analyzing the function of these genes.

In conclusion, the research sheds light on the mechanisms
by which breast cancer occurs and progresses, with key genes
that may be potential biomarkers for clinical diagnosis and tar-
get genes for breast cancer treatment. This work is of great
significance for the breast cancer.
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