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The herbs have proven to hold great potential to improve people’s health and wellness

during clinical practice over the past millennia. However, herbal medicine for the

personalized treatment of disease is still under investigation owing to the complex

multi-component interactions in herbs. To reveal the valuable insights for herbal

synergistic therapy, we have chosen Traditional Chinese Medicine (TCM) as a case

to illustrate the art and science behind the complicated multi-molecular, multi-genes

interaction systems, and how the good practices of herbal combination therapy are

applicable to personalized treatment. Here, we design system-wide interaction map

strategy to provide a generic solution to establish the links between diseases and

herbs based on comprehensive testing of molecular signatures in herb-disease pairs.

Firstly, we integrated gene expression profiles from 189 diseases to characterize the

disease-pathological feature. Then, we generated the perturbation signatures from the

huge chemical informatics data and pharmacological data for each herb, which were

represented the targets affected by the ingredients in the herb. So that we could assess

the effects of herbs on the individual. Finally, we integrated the data of 189 diseases

and 502 herbs, yielding the optimal herbal combinations for the diseases based on

the strategy, and verifying the reliability of the strategy through the permutation testing

and literature verification. Furthermore, we propose a novel formula as a candidate

therapeutic drugs of rheumatoid arthritis and demonstrate its therapeutic mechanism

through the systematic analysis of the influencing targets and biological processes.

Overall, this computational method provides a systematic approach, which blended

herbal medicine and omics data sets, allowing for the development of novel drug

combinations for complex human diseases.

Keywords: systems pharmacology, herbal medicines, perturbation signatures, network pharmacology,

personalized medicine, mathematical modeling
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INTRODUCTION

Common complex diseases are caused by a combination
of heritable and environmental factors that affect the gene
expression of individual (Kalf et al., 2014). In the past decades,
drug design and development strongly focused on a limited
number of targets considered crucial for disease (Sams-Dodd,
2005). Although enormous efforts have been made to obtain
potent and specific drugs, the side effects caused by these drugs
and the emergence of resistance to complex diseases are still
not negligible (Lounkine et al., 2012; Holohan et al., 2013). By
contrast, it becomes more and more evident that, for complex
diseases like rheumatoid arthritis, an interference from multiple
molecules andmultiple targets is superior to classical “one-target-
one-disease” approach regarding drug efficiency, side-effects and
drug resistance (Sheng and Sun, 2011; Koeberle andWerz, 2014).

Traditional Chinese Medicine (TCM), whose therapeutic
efficacy is based on the multi-target perturbation of a mixture
of ingredients, offers new treatment opportunities by targeting
signaling and metabolic pathways, and the mediation process of
genetic central dogma (Efferth and Koch, 2011). Furthermore,
the traditional herbal formulas have achieved tremendous
achievements in clinical practice based on TCM clinical practice
guidelines (e.g., “Jun-Chen-Zuo-Shi,” 君-臣-佐-使), which are
the clinical summary of Chinese herbalists over the past millennia
(He et al., 2015; Zhao et al, 2015). However, the synergistic
therapeutic mechanism of the formulas is still blurred, and that
resulting in the fatigued and weak of the formulas on modern
complex diseases. Hence, the fundamental challenge that arises
throughout TCM is the need to establish the relationship between
diseases and the action of herb therapeutics.

At present, the traditional paradigm of diagnostic and
therapeutic methods in TCM is generally regarded as
experiential, which is a result of the comprehensive analysis
of a practitioner’s clinical symptoms and signs based on the
accumulated experience (Lu et al., 2012). Moreover, to ensure
the treatment efficacy for the disease, a substantial portion
of the clinical formulas contain multiple herbs. Although the
combination of these herbs can be effective in treating diseases,
the antagonistic effects or side effects of different ingredients
in herbs could also lead to the decline of the patients’ quality
of life (Benzie and Wachtel-Galor, 2011; Shenefelt, 2011; Chan
et al., 2012). Hence, identifying the optimal herb combination
for disease opens a new approach to mitigate the burden
and risks in clinical treatment, increase the understanding
of the mechanisms of combination therapy, and offers new
personalized and effective treatment solutions. And it is
important to note that the rapid development of the analytical
methods for diseases and herbs allows us to assess a disease’s
pathological state and herb’s potential therapeutic qualities.
Furthermore, a recent study has demonstrated that the persistent
changes in gene expression direct shifts in the pathological states
that including the occurrence, development, and healing of the
disease (Figure 1A;Kleinjan and Van Heyningen, 2005). These
conditions provide inspiration for us to solve this problem.

Here, we performed system-wide interaction map strategy
between the expression signatures of human diseases and the

perturbation signatures of the exogenous substances (e.g., the
herbs or the herbal combination). Using this approach, our
goal is to provide a generic solution to establish a link between
diseases and herbs by attempting to describe the disease-
pathological state in terms of genomic signatures, create a large
database of perturbation signatures of herbs (Figure 1B), and
develop pattern-matching tools to detect similarities among
these signatures (Figures 1C,D). To address concerns about the
application of our method, we present an instance that this
strategy can confirm already known therapeutic uses of herbs
and uncover new herb combination for diseases (Figure 1E). It is
envisioned that this strategy will personalize medicine, not only
for the diagnosis and treatment of common complex diseases
(e.g., rheumatoid arthritis, type 2 diabetes, etc.) but also for the
exploring of the synergistic therapeutic mechanism of herbs in
the formula. And to our knowledge, systematic integration and
analysis of herbal perturbation data and disease genome data
have not been performed.

MATERIALS AND METHODS

Disease-Pathological State Profiles
To capture the transcriptional profiles in disease conditions, we
traversed the transcriptional profile from GEO database (https://
www.ncbi.nlm.nih.gov/geo/; Barrett et al., 2013) and calculated
the differential expression genes by comparing disease-group
samples and healthy control samples in the same experiment.
During the analysis, the samples from different states, including
disease-related status and health status, were identified for
further analysis. Then, the RMA-normalized expression values
of the samples were produced, and differential expression
analysis was performed by the Bioconductor package (Gentleman
et al., 2004; Robinson et al., 2010). To make cross-platform
comparisons compatible, we standardized gene identifiers from
probe identifiers of 45 sequencing platform to NCBI Human
Gene Symbol identifiers, selecting individual probe with the
minimum p-value. Finally, we represented the pathological state
of diseases by a series of differentially expressed genes that
were ranked by fold change. And we obtain 460 disease-related
pathological state profiles (Supplementary Table 1).

Herb-Perturbation Signatures
Herbal concoctions are a complex system, which contains many
ingredients and plays a therapeutic role by hitting multiple
biological targets involved in various pathogenesis (Huang
et al., 2014). Hence, we represented the therapeutic effects
of herbs as the herb-perturbation signatures, which are the
targets that influenced by the ingredients in herbs. To create
the perturbation signatures for each herb, we firstly obtained
502 herbs, 10,329 ingredients, and 31,288 herb-ingredient
relationships from the Traditional Chinese Medicine Systems
Pharmacology database (TCMSP), which is one of the TCM
databases containing the most comprehensive molecular, target,
and disease information in the world (Ru et al., 2014). To
make the ingredients compatible with different platforms, we
map the ingredients to the PubChem compound database to
acquire the PubChem CID of each ingredient (Kim et al.,
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FIGURE 1 | Overview and workflow used in this study. (A) Pathological changes in the human from the normal state to disease state and then to post-treatment. For

each pathological state, the nodes in the biological network will change to characterize the current pathological state. (B) The preparation of the disease-pathological

state profiles and herb-perturbation signatures for the algorithm in this study. (C) Description of the algorithm used to identify the optimal herb for a disease.

(D) Description of the algorithm used to identify the optimal herbal combination for a disease. (E) A case study of the algorithm.
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2015). Then, experimentally supported targets of each ingredient
were extracted from two major public domain compound data
repositories: the Binding Database projects (Liu et al., 2006)
and ChEMBL database version 23 (Gaulton et al., 2011). The
ChEMBL contains 2,275,906 small molecules and 12,091 protein
targets. And the BindingDB contains 1,454,892 binding data, for
7,082 protein targets and 652,068 small molecules. These two
databases are considered as the largest molecular-target databases
supported by experimental data. To overcome the shortage of
experimental data of the natural product molecules acting on the
targets, a large-scale direct target prediction method, weighted
ensemble similarity (WES) algorithm (Zheng et al., 2015) that
recently developed by our group was performed to obtain
the targets for each ingredient. To assess the pharmacological
action of the ingredient and corresponding targets, a PreAM
model developed earlier by our group was used to determine
the relationship between ingredient and target in two types:
activated (+1) or inhibited (−1) (Wang et al., 2015). Then, we
construct the initial perturbation signatures for each ingredient.
And the initial perturbation signatures of each herb were the
superposition of the perturbation signatures of the ingredients
in herb (Supplementary Figure 1A). During in the process of
the superposition, we consider the influence of the content
of ingredients on the perturbation signatures. If the content
of herbal ingredients is not clear, we set its parameter to 1
in the calculation of the herbal perturbation signatures. If the
ingredients’ content is clear, the percentage of the ingredients is
used as a parameter to calculate the perturbation signatures of
the herb. Finally, we obtained the initial perturbation signatures
of the herbs. Simultaneously, the initial perturbation signatures
of the herbal combination were the superposition of the
perturbation signatures of the herbs in herbal combination.

To further understand the influence of each
ingredient/herb/herbal-combination on the whole biological
network, the physical protein-protein interactions (PPI)
with experimental support from several sources including
regulatory interactions, binary interactions, literature-curated
interactions, metabolic enzyme-coupled interactions, protein
complexes, kinase network (kinase-substrate pairs), and signaling
interactions, were obtained to establish a PPI network including
13,460 proteins and 141,296 interactions (Menche et al., 2015).
And the correlation matrix of the PPI network was defined as
An × n:

αij =

{

1

0

{

i, j | 1 ≤ i ≤ n, 1 ≤ j ≤ n
}

where n is the total number of the proteins in PPI network
and αij represents the interaction between the i-th protein
and j-th protein: 1 (interaction) or 0 (no-interaction). Then,
we converted the initial perturbation signatures of each
ingredient into a “perturbation” matrix that each row vector
represents the perturbation intensity of the protein by the
ingredient/herb/herbal-combination. And the perturbation
intensity means the degree of activation or inhibition that a
protein affects by the ingredient/herb/herbal-combination. The
row vectors for each ingredient/herb/herbal-combination was

defined as follows:

P = {c1, c2, . . . , ci, . . . , cn}

where P represents the initial perturbation signatures of
the ingredient/herb/herbal-combination, ci represents
the perturbation intensity of the ingredient/herb/herbal-
combination on the i-th protein where the initial value of an
ingredient is +1 or −1 and the initial value of herb/herbal-
combination is an integer. And the sign of ci indicates
different perturbation patterns: activated (+) or inhibited
(–). Then, a thermal diffusion model was performed to
explore the perturbation process of the ingredient/herb/herbal-
combination through the PPI network so that we could obtain
the final perturbation signatures for the ingredient/herb/herbal-
combination (Supplementary Figure 1B). This model mainly
consists of two steps. Here, the first-step of the thermal diffusion
model was defined as follow:

Pstep1 =

n
∑

i=1

αij

(

ci

Di

)

Pstep1 =
{

c′1, c
′
2, . . . , c′i, . . . , c

′
n

}

where Di is the number of proteins that interact with the i-
th protein in PPI network and c′i represents the perturbation
intensity of the ingredient/herb/herbal-combination on the i-th
protein after first-step thermal diffusion. Then, the second-step
of the thermal diffusion model was performed to the obtain the
final perturbation signatures.

Pstep2 =

n
∑

i=1

αij

(

c′i

Di

)

Pstep2 =
{

c′′1, c
′′
2, . . . , c′′i, . . . , c

′′
n

}

where c′′i represents the perturbation intensity of the
ingredient/herb/herbal-combination on the i-th protein
after second-step thermal diffusion and the Pstep2 is the
final perturbation signatures of the ingredient/herb/herbal-
combination. Finally, we obtained 502 herb-perturbation
signatures including 13,486 perturbation protein ordered by
perturbation intensity values (Supplementary Table 2).

Prediction a Single Herb for the Disease
(HDmap-S)
To predict an herb with potential therapeutic effects for
the disease, we used the disease-pathological state profiles as
a reference database and applied a system-wide interaction
mapping strategy (HDmap-S, Single Herb-Disease Mapping) to
query this database with all perturbation signatures of the herbs
to generate a ranked list of the herbs for each disease. To
this end, we calculated the relationship between each herb and
disease as follows: (1) for each of the herbs, we determined an
“optimal signature,” i.e., a subset of the extreme perturbation
genes (the top and bottom genes) in the herb-perturbation
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signatures; (2) the HDmap-S score was calculated based on
the matching degree between the perturbation signatures of the
herbs at the top/bottom of the disease-pathological state profiles
(Figure 2A).

Once the perturbation signatures had been obtained for each
herb, we extracted the signatures

{

htop, hbottom
}

for each the
herb, where htop and hbottom represented the top and bottom
ranked genes, respectively. And this perturbation signatures were
considered as a biological response to the treatment of the herb
(Chang et al., 2003; Iorio et al., 2010). The size t of “optimal
signature” was empirically determined to be 250, which the
number of perturbation genes and the prediction performances
of the algorithm were synthetically considered (Kidd et al., 2016).

To assess the matching degree between a pair of the herb and
disease, the optimal signatures of the herb h were afforded as
follow:

htop =

{

h
top
1 , . . . , h

top
t

}

hbottom =

{

hbottom1 , . . . , hbottomt

}

where htop and hbottom were the top/bottom-perturbation genes.
Then we calculated a Total Matching Score (TMS), which
represents HDmap-S score for each trio of herb, disease and
gene set size

(

h, d, t
)

, based on the overlap of the perturbation
signatures of the herb at the top/bottom of the disease-
pathological state profiles. We defined as follow:

TMS(h,d,t) =
MS

htop
d −MS

hbottom
d

2

where d is the reference disease pathological state profile, and

MS
htop/hbottom
d

is the matching score of the perturbation signatures
of the herb with respect to the disease d. And TMS(h, d, t) ranges

in [−1, 1], it is measure based on the methodology originally
introduced by Lamb et al. (Lamb et al., 2006). If this measure
is closed to 1 or −1, it means that the herb might be a possible
treatment option for the disease, and vice versa.

The significance of a trio of herb, disease and gene set size
(

h, d, t
)

was estimated by the permutation test. The detailed
information is shown as follows. For each

(

h, d, t
)

, we calculated
a total matching score TMS0. Then, we generated 10,000
random perturbation signatures and calculated the random total
matching score TMSn, where n is an integer from 1 to 10,000.
Finally, we calculated the P-value for each

(

h, d, t
)

as follows:

P(h, d, t) =

{

N/10, 000

∣

∣

∣

∣

∣

n
∑

i=0

|TMSi| ≥ |TMS0|

}

whereN is the number of times that |TMSi| ≥ |TMS0| is true, and
the frequency of this event (N/10, 000) can be taken as a P-value
(Supplementary Table 3).

Prediction of an Herbal Combination for
the Disease (HDmap-M)
To predict an herbal combination with potential therapeutic
effects for the disease, an HDmap-S-based genetic algorithm
was implemented to identify the optimal herbal combination
(HDmap-M, Multi-Herbs-Disease Mapping; Figure 2B). The
matrix of perturbation intensity scores of all 502 herbs was input
as well as the corresponding differentially expressed genes of
one disease, which the locations of the genes were determined
by the fold change. We first generated 500 candidate solutions
(the herbal combination), in which the perturbation signatures
of each solution were merged from the perturbation signatures of
herbs in the solution. Besides, we excluded candidate solutions
that violated the clinical herbal contraindications. Finally, all
initial solutions were defined as POP0:

POP0 =







c11 · · · cm1
...
. . .

...

c1n · · · cmn







where n is the number of the solution and the number is 500, and
m is the number of the perturbation signatures of the solution
and is set to 500 (250 top and 250 bottom perturbation-genes)

based on the above analysis, and c
j
i represents the perturbation

intensity of the j-th perturbation signature of the i-th solution.
Then, each solution was scored to evaluate the treatment effect
by the HDmap-S. These HDmap-S scores of all solutions were
ranked and one solution with the largest absolute score was
called as the optimal solution. The HDmap-S scores of all initial
solutions were displayed as follow:

POP
HDmap−S
0 = {|TMS1| , |TMS2| , . . . , |TMSi| , . . . , |TMSn|}

where |TMSi| is the HDmap-S score of the i-th solution.
Subsequently, some solutions are selected through a score-based
process, where a solution with high score is typically more likely
to be selected to breed a new generation. And the selection
method of the process was defined as follow:

Pi =
|TMSi|

∑n
j=1

∣

∣TMSj
∣

∣

where Pi represents the probability that the i-th solution is
selected. The next step is to generate a new generation population
of solutions from those selected through a combination of genetic
operators: crossover andmutation. And the parameters of genetic
operators were based on the experiences from the previous
research literature (Deb et al., 2002). The new generation
population of solutions was defined as POP1:

POP1 =







c′
1
1 . . . c′

m
1

...
. . .

...

c′
1
n . . . c′

m
n
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FIGURE 2 | Overview of the HDmap-S and HDmap-M. (A) HDmap-S is used to query the herb-perturbation signatures against the disease reference expression set

to assign an enrichment score to each herb-disease pair based on profile similarity. These scores are interpreted, resulting in a list of candidate therapeutics for each

disease of interest. (B) HDmap-M is an HDmap-S-based genetic algorithm used to identify the optimal herbal combination. For each disease, the inputs of the

algorithm are the disease-pathological state profile and all 502 herb-perturbation signatures; (1) At initiation, the genetic algorithm generates a “population” of a

random combination of herbs, termed “individuals”, and assigns them the perturbation signatures. For each one, a matching score was calculated to evaluate the

therapeutic potential of the herbal combination for the disease; (2) The genetic algorithm sub-routines are then used to generate a new population, biasing toward

higher enrichment score. Optimal solutions are maintained without modification, and lower scoring individuals are combined (“crossed over”) and modified (“mutated”)

to search the solution space in a heuristic manner. The termination criteria are typically the number of generations without improvement; (3) The genetic algorithm

yielding the highest prediction enrichment score is considered the optimal herbal combination.

The above generational process is repeated until the
termination conditions have been reached. And the termination
conditions are: (1) fixed number of generations reached;
(2) The highest-ranking solution has been obtained, and
successive iterations no longer produce better results. Finally,
the optimal herbal combination for all disease cases was
obtained according to the process described above. And we
explored the differences between the herbal combinations and
the classic TCM formulas. And we also further explore whether
the herbal combinations obey to the role of “Jun-Chen-Zuo-
Shi.” The classic TCM formulas with the information of “Jun-
Chen-Zuo-Shi” were obtained from the Chinese Medicine
Formula Image database (http://lib-nt2.hkbu.edu.hk/database/
cmed/cmfid/index.asp?). And we compared the differences
between the herbal combinations and the classic TCM formulas.
The ingredients from the herbal combinations were considered
as a set. And the ingredients of the classic TCM formulas were
divided into four sets according to “Jun-Chen-Zuo-Shi”: the

set of “Jun,” the set of “Chen,” the set of “Zuo,” and the set
of “Shi.” And we counted the common number of ingredients
between the herbal combinations and four sets of the classic
TCM formulas, and the proportion of the four sets were also
calculated. Finally, we chosen two examples to illustrate the
differences between the herbal combinations and the classic TCM
formulas (Supplementary Figures 3A–C). To further validate
the reliability of the result calculated by the genetic algorithm,
a published gene expression data of rheumatoid arthritis was
used to predict the potential optimal herbal combination. And
the treatment mechanism of combination for the rheumatoid
arthritis is analyzed.

Literature Mining and Verification
To count the utilization of herbs in the disease and validate
our approach, we performed a large-scale text mining approach
on the PubMed database. as follows. We first constructed the
keyword of the herbs and diseases (Supplementary Table 1, 2).
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FIGURE 3 | The Jaccard distances were calculated for the herbs and ingredients in herbs. (A) The distribution of the average Jaccard distances between molecules in

herbs for different gene sets. (B) The violin diagram of Jaccard distances between the herbs for different gene sets. (C) The Hexbin plot with marginal distributions for

the Jaccard distances based on the molecules or genes in herbs, which the gene set was 200.

Then, we use the keywords to retrieve summaries of all PubMed
articles from 1992 to 2017, to statistics the number of the
keyword-related articles. And this process was done through an
R package RISmed (Kovalchik, 2015), which could download
content from NCBI databases. Finally, the hypergeometric
distribution was applied to obtain the evaluate the significance
of the co-occurrences of herb and disease:

P(h, d) = 1−

k−1
∑

i=0

(

K
i

)

(

N−K
n−i

)

(

N
n

)

where N is the total number of articles in PubMed (22,188,039
articles, as given by PubMed, access time: October 9, 2017), K
is the number of the literatures associated with disease d, n is
the quantity about herb h, k is the number of papers about the
effects of corresponding herb h on disease d. P-value indicates

the consequence of relevance between herb h and disease d
(significant when P-value <0.05).

Gene Ontology (GO) and Pathway
Enrichment Analysis
To determine the biological function of the novel herbal
combination of disease, we enriched the overrepresented
gene ontology (GO) terms and pathway terms of the
perturbation signatures. For GO analysis, GO biological
process (GOBP) terms were identified by DAVID database
(https://david.ncifcrf.gov/; Huang et al., 2008a,b), which were
represented the biological function influenced by the herbal
combination. And GOBP terms with P-value <0.01 and false
discovery rate <0.05 by Fisher’s Exact test were observed.
And the same screening conditions are used for pathway
analysis.
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Network Construction
To further explore the action mechanisms of the novel
herbal combination in the treatment of rheumatoid arthritis,
we constructed one network: Herb-“Perturbation Genes”
network (H-PG network). In the network, the nodes represent
herbs/targets, and edges represent they are linked with each other
(Supplementary Table 6). Moreover, the edge width represents
the perturbation intensity of the herb to target and the node size
represents the perturbation intensity from the herbs. Besides,
the targets are divided into three categories: targets were mainly
perturbed by AR, targets were mainly perturbed by BR, and
targets were mainly perturbed by RC. The degree of a node is the
number of edges associated with it. The topological properties of
these networks were analyzed using the Network Analysis plugin
of Cytoscape (Shannon et al., 2003).

RESULTS

Construction of a Disease Personalized
Treatment Framework
To explore the synergistic mechanism of herbal medicine and the
personalized treatment strategy for diseases, the establishment
of standard basic data is the key factor for the algorithm.
Hence, we first integrated the data of diseases and herbs on the
molecular level including the transcriptional profiles of disease
and the perturbation signatures of the herbs (see Methods).
Finally, we obtained 460 disease-pathological state profiles
(Figure 1B) including a series of differentially expressed genes,
which represented the changes in gene expression from health to
disease. And we also calculated 502 herb-perturbation signatures
(Figure 1B), which represented the targets that affected by the
ingredients in herb.

With the establishment of disease and herbal data, we
perform a system-wide interaction mapping strategy to predict
the most therapeutic potential herb for the disease based
on the perturbation signatures, termed HDmap-S (Single
Herb-Disease Mapping). The HDmap-S is a similarity-based
modeling algorithm that computes a score for each pair of
herbs and diseases by summarizing the herb-induced gene
perturbation changes and transcriptional responses in disease
states (Figure 2A). And the HDmap-S score for an herb
defined the similarity of the expression pattern of the genes
perturbed by the herbal combination to that of the differentially
expressed genes in the disease state. This similarity-based
approach was shown to be successful in predicting the interplay
between drug targets and diseases (Sirota et al., 2011; Kidd
et al., 2016). Specifically, in the present study, we assessed
the similarity between herbs and diseases by comparing the
perturbation profiles. To this end, we first extracted the
perturbation signatures for each herb by selecting 250 genes
at the top of the profiles (positive perturbation) and 250
genes at the bottom of the profiles (negative perturbation).
Then we checked if the genes in the perturbation signatures
ranked consistently at the top/bottom of the disease-pathological
state profiles, and vice versa. Finally, an HDmap-S score
of a pair of herb and disease was computed based on the

overlap of the 250 top-ranked genes and bottom-ranked genes
in each profile, and vice versa. And the higher HDmap-S
score indicates a high match between herb and disease, which
means that the herb is more likely to be used to treat this
disease.

After determining the optimal single herb for the disease,
we want to further identify the optimal herbal combination for
the disease. However, it is a challenge to effectively determine
the optimal herbal combination from a large number of
candidate herbal combinations. To this end, we used a machine
learning approach to select the optimal herbal combination of
the disease based on the HDmap-S scores, termed HDmap-
M (Multi-Herbs-Disease Mapping; Figure 2B). In brief, we
first randomly generated 500 candidate herbal combinations
and evaluated the association between these solutions and
the corresponding disease. Then, these solutions underwent
selection, crossover, and mutation to obtain new candidate
herbal combinations and performed a reassessment. This process
will continue to iterate until we found the optimal herbal
combination for the disease. Obviously, the key point in this
machine learning algorithm is how to evaluate the therapeutic
potential of the herbal combinations for the disease. Hence,
we analyzed the perturbation signatures of herbal combination
and disease-pathological state profile with the HDmap-S to
assess the therapeutic potential of herbal combinations for the
disease. Finally, we constructed a disease personalized treatment
framework.

Model Performance
The Features of the Perturbation Signatures
To determine whether the operation will lead the final
perturbation signatures of all herbs tended to be nearly
equal, we assessed the overlapping among the perturbation
signatures of herbs by the Jaccard distance between sets of
the extreme perturbation genes (the top/bottom perturbation
genes). First, we compared the distribution of the means of
Jaccard distance between the perturbed genes of the ingredients
in herbs to determine the similarity of the perturbations of the
ingredients in the herbs, which the gene sets were including
200 perturbation genes, 400 perturbation genes, 600 perturbation
genes, 800 perturbation genes, 1,000 perturbation genes, and
all perturbation genes. And we found that the average Jaccard
distance of extreme disturbance genes between ingredients in
herbs exceeded overall average background distance (Figure 3A),
which suggested that the different perturbation genes of the
ingredients in the herbs may make the herbal perturbation
signatures to be diversity. Furthermore, nearly 10,000 genes were
perturbed by the herbs and the Jaccard distance between herbs
based on all the perturbed genes was small, indicating that
the herbs perturbed the entire network and the perturbations
tended to be uniform (Figure 3B). However, despite the
high coincidence of the perturbation signatures of herbs,
the average Jaccard distance of extreme disturbance genes
showed significant differences between the herbs (Figure 3B),
and these differences are not affected by repetitive molecular
between herbs (Figure 3C). These data indicate that each
herb has a unique therapeutic mechanism by perturbing
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various target groups, while partial overlap of herbal target
groups also implied the possibility of combination therapy of
herbs.

The Performance of the HDmap-S
To evaluate the performance of the HDmap-S, we use herbs
as an example to predict their relationship with diseases based
on the HDmap-S. Finally, we calculated the HDmap-S score
for 94,878 pairs of herbs and diseases. To further evaluate
the significance of the predicted herb-disease interactions, we
used a permutation approach under which random perturbation
signatures were generated and the analysis was repeated 10,000
times for each pair of herb and disease (see Methods). We
computed the P-value of individual herb-disease score values
and the complete computational integration of the profiles of
the herbs and diseases produced 15,035 potential connections
between herbs and diseases (P-value <0.05). And each of the
502 herbs was averagely significantly associated with at least
29 diseases (Supplementary Table 3). Subsequently, we verified
these potential connections between herbs and diseases through
the literature from PubMed. In brief, we first investigated the
PubMed by a large-scale text mining with the keywords of
herbs and diseases. Then, the hypergeometric distribution was
applied to obtain the chance improbable of co-occurrences of
each herb and disease. Finally, we verified the accuracy of
HDmap-S through the relationship of herbs and diseases that
we found in the literature. And we found that the HDmap-S
model performs well in predicting the interactions of disease
and herbs with the accuracy of 83.25%. Overall, these results
serve to highlight the fact that the application of HDmap-S can
provide more information and solutions for the treatment of
diseases.

The Properties of HDmap-S on Herbs
To further examine the global landscape of the HDmap-S, we
used the HDmap-S score as a similarity metric and organized
the complete set of herb and disease interactions through
unsupervised hierarchical clustering. We then looked separately
at the clustering of diseases based on their similarity scores
across herbs (Supplementary Figure 2). And we found that
diseases tended to be co-occurrence or had similar pathogenesis
were clustered together, which suggested that similar treatment
strategy was applied to these diseases (Figure 4A). For example,
the Arthritis, Rheumatoid (D20) and Osteoarthritis (D138),
which revealed similar pathogenesis including inflammation,
pain, cartilage damage and so on (Pap and Korb-Pap, 2015),
formed a cluster. Besides, the Hypertension, Pulmonary (D86)
and Diabetes Mellitus, Type 2 (D55) that overlap in the
population (Tsimihodimos et al., 2018) were also clustered
together. And despite the clustering of these two diseases, we
also found the differences in the matching herbs between the two
diseases based on the result of the volcano plot, and the same
situation existed within rheumatoid arthritis and osteoarthritis
(Figures 4B,C). Even more, we further found that the different
manifestations of the same disease correspond to different herbs.
For example, six asthma pathological state profiles correspond
to three states that including mild asthma, severe asthma, and

allergic asthma, were used to compute the matching scores for
each herb. Reassuringly, principal component analysis (PCA)
of the HDmap-S scores showed that different states of asthma
were partial overlap, which suggested that the therapeutic
strategies for different states of asthma were not only similar
but also expanded (Figure 4D). These results indicate that the
HDmap-S could provide disease-specific personalized treatment
strategies.

The Properties of the HDmap-M
To explore the global landscape of the disease personalized
treatment framework, we analyzed the characteristics of all
herbal combinations for the 189 diseases based on the
framework. And we found that the number of the herbs
in herbal combination mainly concentrated in the range
from 2 to 5, which occupied 89.52% of all disease cases
(Figure 5A). At the same time, we also observed such a
trend of the matching scores of the herbal combination
that it peaked when the number of combinations was 3
and then gradually declined (Figure 5B). Then, we sought
to determine whether the number of herbal combinations
for different categories of diseases was differences. We found
that diseases with the characteristic of complex pathogenesis
and multiple inducement factors were required more herbs
for combination therapy, like the neoplasms, nervous system
diseases, digestive system diseases and so on (Figures 5C,D).
These results suggested that the efficacy of herbal combination
did not increase with the increase of the number of herbs,
and on the contrary, the number of herbal combinations
that achieved the best therapeutic effect was located within
a limited area. Furthermore, we also explored the differences
between the herbal combinations and the classic TCM formulas.
Interestingly, we found that some herbal combinations are
consistent with the classic TCM formulas. For instance, we
have predicted an herbal combination for breast neoplasm
(DDED0205): Arum Ternatum Thunb. (Herb_35) and Zingiber
officinale Roscoe (Herb_367) (Supplementary Figure 3A). And
this herbal combination is same with the Minor Pinellia
Decoction, which is a classic TCM formula that has been
reported to have potential therapeutic effects on the side-
effects of chemotherapy in breast cancer patients (Zhang
et al., 2007). At the same time, we found that some herbal
combinations are similar to the classic TCM formulas. For
example, we predicted an herbal combination for Crohn disease
(DDED0059): Rhizoma Cimicifugae (Herb_366), Radix Puerariae
(Herb_499), and Dioscoreae Hypoglaucae Rhizoma (Herb_124)
(Supplementary Figure 3B). Interestingly, we found that this
herbal combination is similar to the Cimicifuga and Pueraria
Decoction and obeyed to the role of “Jun-Chen-Zuo-Shi.”
The GO analysis and pathway analysis indicated that the
targets of herbal combination mainly influenced the steroid
hormone biosynthesis (hsa00140, P-value <0.01) and steroid
hormone mediated signaling pathway (GO:0043401, P-value
<0.01; Supplementary Figure 3C). And the steroid hormone
is the main treatment for Crohn disease (Andus et al., 2003).
These results indicated that HDmap-M could provide novel TCM
formula for the diseases.
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FIGURE 4 | Global properties of HDmap-S. (A) Heat map of disease-herb scores, which included four diseases [Arthritis, Rheumatoid (D20), Osteoarthritis (D138),

Hypertension, Pulmonary (D86) and Diabetes Mellitus, Type 2 (D55)] and 57 herbs (the merger of the best top 15 herbs for each disease). Red indicates a negative

(therapeutic) disease-herb score. Blue indicates a positive disease-herb score. (B) A volcano plot of herbs for osteoarthritis and rheumatoid arthritis. Green indicates

the different herbs for osteoarthritis across to rheumatoid arthritis, and pink indicates the different herbs for rheumatoid arthritis across to osteoarthritis. (C) A volcano

plot of herbs between pulmonary hypertension and type 2 diabetes mellitus. Green indicates the different herbs for type 2 diabetes mellitus across to pulmonary

hypertension, and pink indicates the different herbs for pulmonary hypertension across to type 2 diabetes mellitus. (D) Principle component analysis of the Hdmap-S

scores for six asthma pathological state profiles that mapped to mild asthma, severe asthma, and allergic asthma. Red indicates severe asthma, blue indicates mild

asthma, and green indicates allergic asthma. It is seen that these three states of asthma were overlap and difference.

Prediction of the Novel Formula of the
Rheumatoid Arthritis
Rheumatoid arthritis (RA) is considered a higher occurrence
autoimmune inflammatory disease that mainly targets the
synovial membrane, cartilage, and bone, and is caused by a series
of risk factors including the genetic susceptibility, sex, and age,
smoking, infectious agents, hormonal, dietary, socioeconomic,
and ethnic factors (Alamanos and Drosos, 2005; Mcinnes and
Schett, 2007; Singh et al., 2016). This disease is associated
primarily with articular inflammation, synovial joint damage and
increasing disability over time, which is increasingly recognized
to promote the transmission of cardiovascular morbidity,
psychological impairment, the risk of cancer and osteoporosis
(Firestein, 2014; Mcinnes et al., 2016). Although biologic therapy
and targeted therapy have enabled good therapeutic successes,
the remission rates, particularly off-therapy, remain low, and
re-establishment of immune homeostasis is elusive for all but
a minority (Smolen and Aletaha, 2015; Catrina et al., 2016).
Fortunately, Traditional Chinese Medicine (TCM), especially
herbal medicine that has been in use for more than 3,000
years, can provide a more flexible approach to obtain various
combinations and compatibility of herbs according to the
specific physiological conditions of diseases and patients. And,
rheumatoid arthritis has been clinically treated with specific

herbs or herbal combinations for many years. In the following
sections, we determined a novel formula for the rheumatoid
arthritis based on the HDmap-M: Boschniakia Rossica (BR,
Herb_53), Rhizoma Cimicifugae (RC, Herb_366), Arisaematis
Rhizoma (AR, Herb_394). Multiple studies have reported
the therapeutic effects of herbs from this predicted formula
on rheumatoid arthritis (Supplementary Table 4). And results
of the previous study demonstrated that BR-extract exerted
significant anti-inflammatory activities, macrophage activation
effect, and antioxidative activities in both chronic and acute
inflammation process (Tadashi et al., 1994; Yin et al., 2000; Liu
et al., 2011). And RC, known as a natural product to treat pain
and inflammation, was reported to increase the proliferation of
stem cell and increase the osteogenic differentiation of stem cells
(Kim and Kim, 2000; Lee et al., 2017). Furthermore, published
literature documented that AR has anti-inflammatory activity

and is one of the commonly used herbs for the management of

painful osteoarthritis (Wang et al., 2012; Sun et al., 2017). Taken
together, these results suggested that the combination of these

three herbs has a potential therapeutic effect against rheumatoid

arthritis.
To assess the therapeutic mechanism of the herbal

combination and the interaction among the herbs, a Venn
diagram (Figure 6A) has been used to quantify the distribution
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FIGURE 5 | The properties of the HDmap-M. (A) The distribution of the number of herbal combinations of all disease cases. (B) The density plot for the HDmap-M

scores of a different number of the herbal combination. (C,D) The equiangular spokes radar chart. Each spoke describes the number of the herbal combination. The

length of a spoke is the percentage of the disease category for this number of the herbal combination. And different colors indicate different disease classifications.

of BR, RC, AR and the herbal combination in the perturbation
genes. Among the 500 perturbing genes of the herbal
combination, we found that the three herbs co-perturbed
233 genes (Figure 6A), suggesting that the related biological
processes of the genes were suffered from strong perturbation
by the herbs to improve the symptoms of rheumatoid arthritis.
To further explore the function of these genes, we performed
GO enrichment analysis on the 233 genes. Finally, 21 GOBP
terms were considered as the most relevant function of the
herbal combination (Supplementary Table 5). And the GO

enrichment results provided the corresponding evidence that
the herbs achieved therapeutic effects by perturbing rheumatoid
arthritis (RA)-related biological processes (Figure 6B). The
common gene set of three herbs showed GO enrichment for the
synthesis, metabolism and signal regulation of steroid hormone
(Figure 6B-rounded), a class of endogenous substances that
regulated the immune system and inflammation and was
considered as an important substance involved in the treatment
of rheumatoid arthritis (Grossman, 1985; Buttgereit et al.,
2011; Coutinho and Chapman, 2011). And the herbs may
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regulate steroid hormone through their influence on the
transcription process (Figure 6B-triangle). Furthermore, this
herbal combination also associated with the oxidation-reduction
process, the stem cell population maintenance, drug metabolism
process and regulation of signal transduction by the p53
class mediator, which were required for effective therapeutic
intervention of RA (Phillips et al., 2010). Overall, these results
indicate that the herbal combination treats RA from multiple
levels of anti-inflammatory effects, immunosuppressive effects,
drug metabolism and so on, through regulation of endogenous
steroid hormones and modulation of intracellular signaling.

To decipher the action mechanism of herbal combination
and discover the most potential RA-linked key targets, we
generate the Herb-Perturbation Genes network (H-PG
network). The bipartite H-PG network graph (Figure 6C;
Supplementary Table 6) was constructed for the 500
perturbation genes by connecting to the three herbs through
1,360 interactions. Fascinatingly, we found that the perturbation
strong for the herbs on the same genes was differentiated and
each herb has a gene set that contributed more than 50% of the
perturbation strong, particularly the RC and AR. For example,
HSD11B2 [Corticosteroid 11-beta-dehydrogenase isozyme
2] is the target mainly perturbed by RC and is involved in
the activation of synthetic glucocorticoids and modulation of
intracellular glucocorticoid levels, that is also one of the main
drugs to treat RA (Orsida et al., 2002; Mullins et al., 2015).
And in the present studies, the HCAR2 (Hydroxycarboxylic
acid receptor 2), perturbed by BR, demonstrated anti-
inflammatory effects by activates a downstream pathway
mediated through activation of the AMPK/SIRT1 axis, inhibiting
the transcription factor NF-κB, and subsequently the secretion
of pro-inflammatory cytokines (Kieseier and Wiendl, 2015).
Moreover, AR could also alter the lipid levels by influencing
the DGAT1 (Diacylglycerol O-acyltransferase 1) to reduce the
inflammatory burden and cardiovascular risk in RA patients
(Koliwad et al., 2010). These results suggested that each herb
in the herbal combination has its unique treatment mechanism
for RA.

DISCUSSION

The mapping of herbs to diseases is of great importance in
the clinical treatment of traditional medicine. The prevailing
approach to obtain the herbal combination is based on
established tools and techniques developed for screening libraries
of drugs with optimal pharmacodynamics and pharmacokinetics,
which is a labor-intensive and costly process. Computational
approaches are naturally suited to overcome the high costs
and other logistical limitations associated with the experiment,
allowing for capturing the optimal herbal combination for the
disease. And it is worth noting that most of these approaches
are applicable only to the well-characterized information (e.g.,
when the ingredients of the herb are documented). Fortunately,
with the rapid accumulation of genomics in the past decade,
expression profile-based methods do not require any prior
information about the object, which are the most general ones

(Musa et al., 2017). For example, the “Connectivity Map” (Lamb
et al., 2006; Lamb, 2007), one of the most promising approaches,
is a method based on “gene signatures.” This method has been
used to clarify multiple biological issues, such as interaction
analysis between drugs and immune cell types (Kidd et al.,
2016), inferring host response to infection (Han et al., 2015),
etc. And we have gained tremendous inspiration from this
method to establish a connection between herbs and diseases.
Unfortunately, the herbs face severe challenges and suffer from
an insufficient accumulation of genomics (Wang et al., 2011;
Zhang et al., 2012), whichmakes it difficult to obtain perturbation
data of herbs. Hence, the existence of reliable and valid profiles to
assess the herbs are essential to bridge the current gap between
diseases and herbs.

Systems pharmacology and network perturbation approach
developed in recent years may be able to provide such a
framework to solve this problem owing to the huge chemical
informatics data (e.g., the connections between the compounds
and targets) that obtained in the past decade (Barabasi et al.,
2011; Cheng et al., 2012; Huang et al., 2014; Woo et al., 2015).
And protein-protein interaction (PPI) network, as the basic
data of network perturbation approaches, has been derived in
attempts to shed light on the exogenous substances underlying
influence, which had successfully applied to elucidate the
treatmentmechanisms of drugs and new drug discovery (Menche
et al., 2015; Guney et al., 2016). Therefore, the integration and
application of these methods may be an appropriate starting
point to reveal the accurate and consistent gene perturbation
signatures in biological systems imparted by the herbs. And we
could provide a way to compensate the defects in the herbal data,
which could establish the links between herbs and diseases.

In the present study, we describe the integrative
computational approach to map the effects of herbs on
diseases. And this approach exhibits reasonable reliability based
on the results of random verification and literature verification.
These results indicate that this reliable computational approach
would have a role in the development of traditional medicine.
In addition, attention needs to be particularly paid to the
basic profiles in the construction of the algorithm. Although
a large amount of biochemistry information about the herbs
has been accumulated over the past decade, there is still some
herb’s biochemical information is not complete. Hence, the
refinement of this algorithm is depended on the identification
of the ingredients of herb and the determination of ingredient
direct targets through the research of the pharmacologist and
chemist. Fortunately, the development of chemical technology
and biological experiment technology has made it possible to
solve this problem and improve the generalization ability of
our algorithm in predicting the relationship between herbs and
diseases.

Moreover, the novel herbal combination predicted by our
algorithm confirmed that our method is reliable and can provide
a reference for the personalized clinical treatment of rheumatoid
arthritis. And the global trends extracted from our data could
provide guidelines and specific predictions on how to treat the
disease, uncover a complete picture of the complexity of herb
effects on the disease, and identify the new therapeutic target.
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FIGURE 6 | Overview of the novel formula. (A) Four-set Venn diagram analysis of the perturbation genes by three herbs and their combination. (B) Gene Ontology

(GO) analysis of the common perturbation genes of the three herbs in the herbal combination. The y-axis shows significantly enriched “Biological Process” categories

in GO of the target genes, and the x-axis shows the percent of perturbation genes in GO term (%). And the shapes represent three categories: the functions of

transcriptional and translational regulation (triangle), the functions in metabolic process and signaling pathway (rounded), and other functions (square). Besides, the

size of the shapes represents the number of the perturbation genes and the color of the shapes represents the enrichment scores of these terms (P-value <0.01).

(C) The Herb-Perturbation Genes network (H-PG network) of the herbal combination. The herbal combination includes three herbs: Boschniakia Rossica (yellow),

Rhizoma Cimicifugae (Turquoise.), Arisaematis Rhizoma (pink). There are 500 genes nodes. The size of the gene nodes represents the perturbation intensity that

affected by the herbal combination. And the ratio of the three colors on the nodes represents the contribution of the respective herbs to the perturbation intensity.
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And the unknown interactions identified in the method may
include a lot of information that warrant experimental follow-
up. Overall, our results validate the concept of computational
analysis of public gene expression databases as a potentially useful
approach to the clinical treatment of herbs that may uncover
additional uses for herbs, which will help us better understand
their treatment mechanism.
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Supplementary Figure 1 | Herb-perturbation signatures generation framework.

(A) Generate the initial “Perturbation signatures” for the herbs and ingredients

based on the databases and approves that including TCMSP, ChEMBL, Binding

DB, WES, and PreAM. (B) Generate the final “Perturbation signatures” of the

herbs and ingredients based on the thermal diffusion.

Supplementary Figure 2 | The Heat map of the HDmap-S scores for the herbs

and diseases.

Supplementary Figure 3 | Comparison of classic TCM formulas and herbal

combinations. (A) The herbal combination for breast neoplasm (DDED0205) is

same with the Minor Pinellia Decoction. (B) The herbal combination for Crohn

disease (DDED0059) is similar to the Cimicifuga and Pueraria Decoction. The

composition of the ingredients between the herbal combination and Cimicifuga

and Pueraria Decoction illustrates that these two formulas have same “Jun” drugs

and “Chen” drugs, and the “Zuo” drugs and “Shi” drugs showed a certain degree

of overlap. (C) The analysis of the therapeutic mechanism of the herbal

combination: Rhizoma Cimicifugae, Radix Puerariae, and Dioscoreae

Hypoglaucae Rhizoma.

REFERENCES

Alamanos, Y., and Drosos, A. A. (2005). Epidemiology of adult rheumatoid

arthritis. Autoimmun. Rev. 4, 130–136. doi: 10.1016/j.autrev.2004.09.002

Andus, T., Klebl, F., Rogler, G., Bregenzer, N., Schölmerich, J., and Straub, R.

(2003). Patients with refractory Crohn’s disease or ulcerative colitis respond to

dehydroepiandrosterone: a pilot study. Aliment. Pharmacol. Ther. 17, 409–414.

doi: 10.1046/j.1365-2036.2003.01433.x

Barabasi, A. L., Gulbahce, N., and Loscalzo, J. (2011). Network medicine: a

network-based approach to human disease. Nat. Rev. Genet. 12, 56–68.

doi: 10.1038/nrg2918

Barrett, T., Wilhite, S. E., Ledoux, P., Evangelista, C., Kim, I. F., Tomashevsky,

M., et al. (2013). NCBI GEO: archive for functional genomics data sets–update.

Nucleic Acids Res. 41, D991–D995. doi: 10.1093/nar/gks1193

Benzie, I. F., and Wachtel-Galor, S. (2011). Herbal Medicine: Biomolecular and

Clinical Aspects. Boca Raton, FL: CRC Press/Taylor & Francis.

Buttgereit, F., Burmester, G. R., Straub, R. H., Seibel, M. J., and Zhou, H. (2011).

Exogenous and endogenous glucocorticoids in rheumatic diseases. Arthritis

Rheumatol. 63, 1–9. doi: 10.1002/art.30070

Catrina, A. I., Joshua, V., Klareskog, L., and Malmström, V. (2016). Mechanisms

involved in triggering rheumatoid arthritis. Immunol. Rev. 269, 162–174.

doi: 10.1111/imr.12379

Chan, K., Shaw, D., Simmonds, M. S., Leon, C. J., Xu, Q., Lu, A., et al. (2012).

Good practice in reviewing and publishing studies on herbal medicine, with

special emphasis on traditional Chinese medicine and Chinese materia medica.

J. Ethnopharmacol. 140, 469–475. doi: 10.1016/j.jep.2012.01.038

Chang, J. C., Wooten, E. C., Tsimelzon, A., Hilsenbeck, S. G., Gutierrez, M.

C., Elledge, R., et al. (2003). Gene expression profiling for the prediction of

therapeutic response to docetaxel in patients with breast cancer. Lancet 362,

362–369. doi: 10.1016/S0140-6736(03)14023-8

Cheng, F., Liu, C., Jiang, J., Lu, W., Li, W., Liu, G., et al. (2012). Prediction of drug-

target interactions and drug repositioning via network-based inference. PLoS

Comput. Biol. 8:e1002503. doi: 10.1371/journal.pcbi.1002503

Coutinho, A. E., and Chapman, K. E. (2011). The anti-inflammatory and

immunosuppressive effects of glucocorticoids, recent developments

and mechanistic insights. Mol. Cell. Endocrinol. 335, 2–13.

doi: 10.1016/j.mce.2010.04.005

Deb, K., Pratap, A., Agarwal, S., and Meyarivan, T. (2002). A fast and elitist

multiobjective genetic algorithm: NSGA-II. IEEE Trans. Evolu. Comput. 6,

182–197. doi: 10.1109/4235.996017

Efferth, T., and Koch, E. (2011). Complex interactions between phytochemicals.

The multi-target therapeutic concept of phytotherapy. Curr. Drug Targets 12,

122–132. doi: 10.2174/138945011793591626

Firestein, G. S. (2014). The disease formerly known as rheumatoid arthritis. Arthri.

Res. Ther. 16:114. doi: 10.1186/ar4593

Gaulton, A., Bellis, L. J., Bento, A. P., Chambers, J., Davies, M., Hersey, A., et al.

(2011). ChEMBL: a large-scale bioactivity database for drug discovery. Nucleic

Acids Res. 40, D1100–D1107. doi: 10.1093/nar/gkr777

Gentleman, R. C., Carey, V. J., Bates, D. M., Bolstad, B., Dettling, M., Dudoit,

S., et al. (2004). Bioconductor: open software development for computational

biology and bioinformatics.Genome Biol. 5:R80. doi: 10.1186/gb-2004-5-10-r80

Grossman, C. J. (1985). Interactions between the gonadal steroids and the immune

system. Science 227, 257–261. doi: 10.1126/science.3871252

Guney, E., Menche, J., Vidal, M., and Barabasi, A. L. (2016). Network-based in silico

drug efficacy screening. Nat. Commun. 7:10331. doi: 10.1038/ncomms10331

Han, L., He, H., Li, F., Cui, X., Xie, D., Liu, Y., et al. (2015). Inferring infection

patterns based on a connectivity map of host transcriptional responses. Sci. Rep.

5:15820. doi: 10.1038/srep15820

He, B., Lu, C., Wang, M., Zheng, G., Chen, G., Jiang, M., et al. (2015).

Drug discovery in traditional Chinese medicine: from herbal fufang to

combinatory drugs. Science 350, S74–S76.

Holohan, C., Van Schaeybroeck, S., Longley, D. B., and Johnston, P. G. (2013).

Cancer drug resistance: an evolving paradigm. Nat. Rev. Cancer 13, 714–726.

doi: 10.1038/nrc3599

Huang, C., Zheng, C., Li, Y., Wang, Y., Lu, A., and Yang, L. (2014). Systems

pharmacology in drug discovery and therapeutic insight for herbal medicines.

Brief Bioinform. 15, 710–733. doi: 10.1093/bib/bbt035

Huang, D. W., Sherman, B. T., and Lempicki, R. A. (2008a). Bioinformatics

enrichment tools: paths toward the comprehensive functional analysis of large

gene lists. Nucleic Acids Res. 37, 1–13. doi: 10.1093/nar/gkn923

Frontiers in Pharmacology | www.frontiersin.org 14 October 2018 | Volume 9 | Article 1174

https://www.frontiersin.org/articles/10.3389/fphar.2018.01174/full#supplementary-material
https://doi.org/10.1016/j.autrev.2004.09.002
https://doi.org/10.1046/j.1365-2036.2003.01433.x
https://doi.org/10.1038/nrg2918
https://doi.org/10.1093/nar/gks1193
https://doi.org/10.1002/art.30070
https://doi.org/10.1111/imr.12379
https://doi.org/10.1016/j.jep.2012.01.038
https://doi.org/10.1016/S0140-6736(03)14023-8
https://doi.org/10.1371/journal.pcbi.1002503
https://doi.org/10.1016/j.mce.2010.04.005
https://doi.org/10.1109/4235.996017
https://doi.org/10.2174/138945011793591626
https://doi.org/10.1186/ar4593
https://doi.org/10.1093/nar/gkr777
https://doi.org/10.1186/gb-2004-5-10-r80
https://doi.org/10.1126/science.3871252
https://doi.org/10.1038/ncomms10331
https://doi.org/10.1038/srep15820
https://doi.org/10.1038/nrc3599
https://doi.org/10.1093/bib/bbt035
https://doi.org/10.1093/nar/gkn923
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://www.frontiersin.org/journals/pharmacology#articles


Chen et al. Systems-Mapping of Herbal Effects on Complex Diseases

Huang, D. W., Sherman, B. T., and Lempicki, R. A. (2008b). Systematic and

integrative analysis of large gene lists using DAVID bioinformatics resources.

Nat. Protocols 4, 44–57. doi: 10.1038/nprot.2008.211

Iorio, F., Bosotti, R., Scacheri, E., Belcastro, V., Mithbaokar, P., Ferriero, R.,

et al. (2010). Discovery of drug mode of action and drug repositioning

from transcriptional responses. Proc. Natl. Acad. Sci. 107, 14621–14626.

doi: 10.1073/pnas.1000138107

Kalf, R. R., Mihaescu, R., Kundu, S., De Knijff, P., Green, R. C., and Janssens, A. C.

J. (2014). Variations in predicted risks in personal genome testing for common

complex diseases. Genet. Med. 16, 85–91. doi: 10.1038/gim.2013.80

Kidd, B. A., Wroblewska, A., Boland, M. R., Agudo, J., Merad, M., Tatonetti, N.

P., et al. (2016). Mapping the effects of drugs on the immune system. Nat.

Biotechnol. 34, 47–54. doi: 10.1038/nbt.3367

Kieseier, B. C., and Wiendl, H. (2015). Nrf2 and beyond: deciphering the mode of

action of fumarates in the inflamed central nervous system. Acta Neuropathol.

130, 297–298. doi: 10.1007/s00401-015-1457-5

Kim, S., Thiessen, P. A., Bolton, E. E., Chen, J., Fu, G., Gindulyte, A., et al.

(2015). PubChem substance and compound databases. Nucleic Acids Res. 44,

D1202–D1213. doi: 10.1093/nar/gkv951

Kim, S. J., and Kim, M. S. (2000). Inhibitory effects of Cimicifugae

rhizoma extracts on histamine, bradykinin and COX-2

mediated inflammatory actions. Phytother. Res. 14, 596–600.

doi: 10.1002/1099-1573(200012)14:8<596::AID-PTR731>3.0.CO;2-V

Kleinjan, D. A., and Van Heyningen, V. (2005). Long-range control of gene

expression: emerging mechanisms and disruption in disease. Am. J. Hum.

Genet. 76, 8–32. doi: 10.1086/426833

Koeberle, A., and Werz, O. (2014). Multi-target approach for natural

products in inflammation. Drug Discov. Today 19, 1871–1882.

doi: 10.1016/j.drudis.2014.08.006

Koliwad, S. K., Streeper, R. S., Monetti, M., Cornelissen, I., Chan, L., Terayama,

K., et al. (2010). DGAT1-dependent triacylglycerol storage by macrophages

protects mice from diet-induced insulin resistance and inflammation. J. Clin.

Invest. 120, 756–767. doi: 10.1172/JCI36066

Kovalchik, S. (2015). RISmed: download content from NCBI databases. R package

version 2.

Lamb, J. (2007). The connectivity map: a new tool for biomedical research. Nat.

Rev. Cancer 7, 54–60. doi: 10.1038/nrc2044

Lamb, J., Crawford, E. D., Peck, D., Modell, J. W., Blat, I. C., Wrobel, M.

J., et al. (2006). The connectivity map: using gene-expression signatures

to connect small molecules, genes, and disease. Science 313, 1929–1935.

doi: 10.1126/science.1132939

Lee, J. E., Kim, B. B., Ko, Y., Jeong, S. H., and Park, J. B. (2017). Effects of

Cimicifugae Rhizoma on the osteogenic and adipogenic differentiation of stem

cells. Exp. Ther. Med. 13, 443–448. doi: 10.3892/etm.2016.4010

Liu, T., Lin, Y., Wen, X., Jorissen, R. N., and Gilson, M. K. (2006). BindingDB: a

web-accessible database of experimentally determined protein–ligand binding

affinities. Nucleic Acids Res. 35, D198–D201. doi: 10.1093/nar/gkl999

Liu, Y., Sheng, Y., Yuan, G., Wang, Y., Wei, H., Guan, M., et al. (2011). Purification

and physicochemical properties of different polysaccharide fractions from the

water extract of Boschniakia rossica and their effect on macrophages activation.

Int. J. Biol. Macromol. 49, 1007–1011. doi: 10.1016/j.ijbiomac.2011.08.024

Lounkine, E., Keiser, M. J., Whitebread, S., Mikhailov, D., Hamon, J., Jenkins, J. L.,

et al. (2012). Large-scale prediction and testing of drug activity on side-effect

targets. Nature 486, 361–367. doi: 10.1038/nature11159

Lu, A., Jiang, M., Zhang, C., and Chan, K. (2012). An integrative approach of

linking traditional Chinese medicine pattern classification and biomedicine

diagnosis. J. Ethnopharmacol. 141, 549–556. doi: 10.1016/j.jep.2011.08.045

Mcinnes, I. B., Buckley, C. D., and Isaacs, J. D. (2016). Cytokines in rheumatoid

arthritis—shaping the immunological landscape. Nat. Rev. Rheumatol. 12,

63–68. doi: 10.1038/nrrheum.2015.171

Mcinnes, I. B., and Schett, G. (2007). Cytokines in the pathogenesis of rheumatoid

arthritis. Nat. Rev. Immunol. 7, 429–442. doi: 10.1038/nri2094

Menche, J., Sharma, A., Kitsak, M., Ghiassian, S. D., Vidal, M., Loscalzo, J.,

et al. (2015). Uncovering disease-disease relationships through the incomplete

interactome. Science 347:1257601. doi: 10.1126/science.1257601

Mullins, L. J., Kenyon, C. J., Bailey, M. A., Conway, B. R., Diaz, M. E., and Mullins,

J. J. (2015). Mineralocorticoid excess or glucocorticoid insufficiency: renal and

metabolic phenotypes in a rat Hsd11b2 knockout model. Hypertension 66,

667–673. doi: 10.1161/HYPERTENSIONAHA.115.05262

Musa, A., Ghoraie, L. S., Zhang, S. D., Glazko, G., Yli-Harja, O., Dehmer, M.,

et al. (2017). A review of connectivity map and computational approaches in

pharmacogenomics. Brief Bioinform. 18:903. doi: 10.1093/bib/bbx023

Orsida, B. E., Krozowski, Z. S., and Walters, E. H. (2002). Clinical relevance of

airway 11 β-hydroxysteroid dehydrogenase type II enzyme in asthma. Am. J.

Respir. Critic. Care Med. 165, 1010–1014. doi: 10.1164/ajrccm.165.7.2105003

Pap, T., and Korb-Pap, A. (2015). Cartilage damage in osteoarthritis and

rheumatoid arthritis–two unequal siblings. Nat. Rev. Rheumatol. 11, 606–615.

doi: 10.1038/nrrheum.2015.95

Phillips, D. C., Dias, H. I., Kitas, G. D., and Griffiths, H. R. (2010). Aberrant

reactive oxygen and nitrogen species generation in rheumatoid arthritis (RA):

causes and consequences for immune function, cell survival, and therapeutic

intervention. Antioxid. Redox Signal. 12, 743–785. doi: 10.1089/ars.2009.2607

Robinson, M. D., Mccarthy, D. J., and Smyth, G. K. (2010). edgeR: a bioconductor

package for differential expression analysis of digital gene expression data.

Bioinformatics 26, 139–140. doi: 10.1093/bioinformatics/btp616

Ru, J., Li, P., Wang, J., Zhou, W., Li, B., Huang, C., et al. (2014). TCMSP: a

database of systems pharmacology for drug discovery from herbal medicines.

J. Cheminform. 6:13. doi: 10.1186/1758-2946-6-13

Sams-Dodd, F. (2005). Target-based drug discovery: is something wrong? Drug

Discov. Today 10, 139–147. doi: 10.1016/S1359-6446(04)03316-1

Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage,

D., et al. (2003). Cytoscape: a software environment for integrated

models of biomolecular interaction networks. Genome Res. 13, 2498–2504.

doi: 10.1101/gr.1239303

Shenefelt, P. D. (2011). “Herbal treatment for dermatologic disorders,” in Herbal

Medicine: Biomolecular and Clinical Aspects, eds I. F. F. Benzie and S. Wachtel-

Galor (Boca Raton, FL: CRC Press/Taylor & Francis).

Sheng, H., and Sun, H. (2011). Synthesis, biology and clinical significance

of pentacyclic triterpenes: a multi-target approach to prevention and

treatment of metabolic and vascular diseases. Nat. Prod. Rep. 28, 543–593.

doi: 10.1039/c0np00059k

Singh, J. A., Saag, K. G., Bridges, S. L. Jr., Akl, E. A., Bannuru, R. R., Sullivan, M. C.,

et al. (2016). 2015 american college of rheumatology guideline for the treatment

of rheumatoid arthritis. Arthritis Rheumatol. 68, 1–26. doi: 10.1002/art.39480

Sirota, M., Dudley, J. T., Kim, J., Chiang, A. P., Morgan, A. A., Sweet-Cordero,

A., et al. (2011). Discovery and preclinical validation of drug indications

using compendia of public gene expression data. Sci. Transl. Med. 3:96ra77.

doi: 10.1126/scitranslmed.3001318

Smolen, J. S., and Aletaha, D. (2015). Rheumatoid arthritis therapy reappraisal:

strategies, opportunities and challenges. Nat. Rev. Rheumatol. 11, 276–289.

doi: 10.1038/nrrheum.2015.8

Sun, D., Yan, Q., Xu, X., Shen, W., Xu, C., Tan, J., et al. (2017).

LC-MS/MS analysis and evaluation of the anti-inflammatory activity of

components from BushenHuoxue decoction. Pharm. Biol. 55, 937–945.

doi: 10.1080/13880209.2017.1285327

Tadashi, T., Aiko, S., Liu, Y. Z., Kazumi, K., Hisao, T., Hiroshi, K., et al. (1994).

Radical scavenger effect of Boschniakia rossica. J. Ethnopharmacol. 41, 85–90.

doi: 10.1016/0378-8741(94)90062-0

Tsimihodimos, V., Gonzalez-Villalpando, C., Meigs, J. B., and Ferrannini, E.

(2018). Hypertension and diabetes mellitus: coprediction and time trajectories.

Hypertension 71, 422–428. doi: 10.1161/HYPERTENSIONAHA.117.10546

Wang, X., Cao, Y., Pang, J., Du, J., Guo, C., Liu, T., et al. (2012). Traditional Chinese

herbal patch for short-term management of knee osteoarthritis: a randomized,

double-blind, placebo-controlled trial. Evid. Based Complement. Alter. Med.

2012:171706. doi: 10.1155/2012/171706

Wang, X., Sun, H., Zhang, A., Sun, W., Wang, P., and Wang, Z. (2011). Potential

role of metabolomics apporoaches in the area of traditional Chinese medicine:

as pillars of the bridge between Chinese and Western medicine. J. Pharm.

Biomed. Anal. 55, 859–868. doi: 10.1016/j.jpba.2011.01.042

Wang, Y., Zheng, C., Huang, C., Li, Y., Chen, X., Wu, Z., et al. (2015).

Systems pharmacology dissecting holistic medicine for treatment of complex

diseases: an example using cardiocerebrovascular diseases treated by TCM.

Evid. Based Complement. Alter. Med. 2015:980190. doi: 10.1155/2015/

980190

Frontiers in Pharmacology | www.frontiersin.org 15 October 2018 | Volume 9 | Article 1174

https://doi.org/10.1038/nprot.2008.211
https://doi.org/10.1073/pnas.1000138107
https://doi.org/10.1038/gim.2013.80
https://doi.org/10.1038/nbt.3367
https://doi.org/10.1007/s00401-015-1457-5
https://doi.org/10.1093/nar/gkv951
https://doi.org/10.1002/1099-1573(200012)14:8$<$596::AID-PTR731$>$3.0.CO
https://doi.org/10.1086/426833
https://doi.org/10.1016/j.drudis.2014.08.006
https://doi.org/10.1172/JCI36066
https://doi.org/10.1038/nrc2044
https://doi.org/10.1126/science.1132939
https://doi.org/10.3892/etm.2016.4010
https://doi.org/10.1093/nar/gkl999
https://doi.org/10.1016/j.ijbiomac.2011.08.024
https://doi.org/10.1038/nature11159
https://doi.org/10.1016/j.jep.2011.08.045
https://doi.org/10.1038/nrrheum.2015.171
https://doi.org/10.1038/nri2094
https://doi.org/10.1126/science.1257601
https://doi.org/10.1161/HYPERTENSIONAHA.115.05262
https://doi.org/10.1093/bib/bbx023
https://doi.org/10.1164/ajrccm.165.7.2105003
https://doi.org/10.1038/nrrheum.2015.95
https://doi.org/10.1089/ars.2009.2607
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1186/1758-2946-6-13
https://doi.org/10.1016/S1359-6446(04)03316-1
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1039/c0np00059k
https://doi.org/10.1002/art.39480
https://doi.org/10.1126/scitranslmed.3001318
https://doi.org/10.1038/nrrheum.2015.8
https://doi.org/10.1080/13880209.2017.1285327
https://doi.org/10.1016/0378-8741(94)90062-0
https://doi.org/10.1161/HYPERTENSIONAHA.117.10546
https://doi.org/10.1155/2012/171706
https://doi.org/10.1016/j.jpba.2011.01.042
https://doi.org/10.1155/2015/980190
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://www.frontiersin.org/journals/pharmacology#articles


Chen et al. Systems-Mapping of Herbal Effects on Complex Diseases

Woo, J. H., Shimoni, Y., Yang, W. S., Subramaniam, P., Iyer, A., Nicoletti, P., et al.

(2015). Elucidating compound mechanism of action by network perturbation

analysis. Cell 162, 441–451. doi: 10.1016/j.cell.2015.05.056

Yin, Z. Z., Jin, H. L., Yin, X. Z., Li, T. Z., Quan, J. S., and Jin, Z. N. (2000). Effect

of Boschniakia rossica on expression of GST-P, p53 and p21ras proteins in early

stage of chemical hepatocarcinogenesis and its anti-inflammatory activities in

rats.World J. Gastroenterol. 6:812. doi: 10.3748/wjg.v6.i6.812

Zhang, A., Sun, H., Wang, P., Han, Y., and Wang, X. (2012). Future perspectives

of personalized medicine in traditional Chinese medicine: a systems biology

approach. Complement. Ther. Med. 20, 93–99. doi: 10.1016/j.ctim.2011.10.007

Zhang, M., Liu, X., Li, J., He, L., and Tripathy, D. (2007). Chinese medicinal herbs

to treat the side-effects of chemotherapy in breast cancer patients. Cochrane

Database Syst. Rev. 2:CD004921. doi: 10.1002/14651858.CD004921.pub2

Zhao, X.-F., Zheng, X.-H., Fan, T.-P., Li, Z., Zhang, Y., and Zheng, J. (2015). A

novel drug discovery strategy inspired by traditional medicine philosophies.

Science 347, S38–S40.

Zheng, C., Guo, Z., Huang, C., Wu, Z., Li, Y., Chen, X., et al. (2015). Large-

scale direct targeting for drug repositioning and discovery. Sci. Rep. 5:11970.

doi: 10.1038/srep11970

Conflict of Interest Statement: The authors declare that the research was

conducted in the absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.

Copyright © 2018 Chen, Zheng, Wang, Guo, Gao, Ning, Huang, Lu, Fu, Guan,

Lu and Wang. This is an open-access article distributed under the terms

of the Creative Commons Attribution License (CC BY). The use, distribution

or reproduction in other forums is permitted, provided the original author(s)

and the copyright owner(s) are credited and that the original publication in

this journal is cited, in accordance with accepted academic practice. No use,

distribution or reproduction is permitted which does not comply with these

terms.

Frontiers in Pharmacology | www.frontiersin.org 16 October 2018 | Volume 9 | Article 1174

https://doi.org/10.1016/j.cell.2015.05.056
https://doi.org/10.3748/wjg.v6.i6.812
https://doi.org/10.1016/j.ctim.2011.10.007
https://doi.org/10.1002/14651858.CD004921.pub2
https://doi.org/10.1038/srep11970
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://www.frontiersin.org/journals/pharmacology#articles

	Systems-Mapping of Herbal Effects on Complex Diseases Using the Network-Perturbation Signatures
	Introduction
	Materials and Methods
	Disease-Pathological State Profiles
	Herb-Perturbation Signatures
	Prediction a Single Herb for the Disease (HDmap-S)
	Prediction of an Herbal Combination for the Disease (HDmap-M)
	Literature Mining and Verification
	Gene Ontology (GO) and Pathway Enrichment Analysis
	Network Construction

	Results
	Construction of a Disease Personalized Treatment Framework
	Model Performance
	The Features of the Perturbation Signatures
	The Performance of the HDmap-S
	The Properties of HDmap-S on Herbs
	The Properties of the HDmap-M

	Prediction of the Novel Formula of the Rheumatoid Arthritis

	Discussion
	Author Contributions
	Funding
	Supplementary Material
	References


