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Objective  To  address  the  challenges  of  systematically  identifying  herb  pairs  in  traditional
Chinese  medicine  (TCM),  we  proposed  HerbGL,  a  framework  for  predicting  potential  herb
pairs that integrates network propagation and graph regularization.
Methods  Based on the assumption that herbal actions induce subtle perturbations in biologi-
cal systems, a framework named HerbGL was proposed. Random walk with restart (RWR) was
first applied to the protein-protein interaction (PPI) network to reconstruct herb-specific per-
turbation effects and generate weighted subnetworks. Then, to quantify affinity between herb
pairs,  two  network-proximity  metrics,  Closeness  and  PageRank,  were  computed  from  the
weighted subnetworks to construct herb-pair affinity matrices. Finally, these matrices, togeth-
er  with  known  herb  pairs  (derived  from  co-occurrence  analysis  of  TCM  formulas  with  a
threshold determined from the inflection point of the frequency distribution), were incorpo-
rated  into  a  graph  regularization  model  to  predict  potential  herb  pairs.  Model  performance
was assessed through baseline comparison, ablation and robustness experiment under differ-
ent ratios of positive and negative samples, using the area under the receiver operating char-
acteristic curve (AUROC), the area under the precision-recall  curve (AUPRC),  accuracy,  and
precision  as  evaluation  metrics.  Furthermore,  the  predicted  herb  pairs  were  validated
through both literature evidence and Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment analyses.
Results  The  weighted  subnetworks  constructed  by  RWR  provided  a  refined  simulation  of
herb-specific  perturbation  effects,  which  formed  the  basis  for  subsequent  affinity  modeling
and  prediction.  Analysis  of  herb  pair  co-occurrence  frequencies  revealed  a  marked  change
around  150,  which  was  selected  as  the  threshold  to  distinguish  herb  pairs  from  non-herb
pairs.  HerbGL  exhibited  superior  predictive  performance  compared  with  baseline  models
(AUROC = 0.970 5, AUPRC = 0.955 5, accuracy = 0.726 6, precision = 0.970 6). Ablation results
showed  that  removing  the  Closeness  and  PageRank  metrics  substantially  degraded  perfor-
mance (AUROC = 0.819 1, AUPRC = 0.876 8), confirming their necessity. Robustness evalua-
tion under an imbalanced positive-to-negative sample ratio of 1 : 5 yielded AUROC = 0.969 6
and AUPRC = 0.840 4, indicating stable predictive ability. Moreover, multiple case studies fur-
ther  validated  the  rationality  of  the  predicted  herb  pairs,  such  as  Fangfeng  (Saposhnikoviae
Radix)  and  Qingpi  (Citri  Reticulatae  Pericarpium  Viride)  which  are  recorded  in Liangpeng
Huiji (《良朋汇集》, Collection of Excellent Recipes) Vol. 3: Fangfeng Shengma Tang (防风升
麻汤). Additionally, pathway enrichment analysis of the Renshen (Ginseng Radix et Rhizoma)
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and  Lianqiao  (Forsythiae  Fructus)  pair  further  supported  the  biological  plausibility  of  their
compatibility.
Conclusion  HerbGL  offers  an  effective  and  biologically  informed  framework  for  identifying
herb pairs in TCM. Beyond improving herb pair prediction, the framework also provides data
support  for  research  on  herb  compounds  and  mechanisms,  thereby  supporting  data-driven
exploration of TCM compatibility.

 

 1 Introduction

Traditional Chinese medicine (TCM) formulas play a cru-
cial  role  in  disease  treatment  by  leveraging the synergis-
tic or complementary effects of multiple herbs to achieve
optimal  therapeutic  outcomes.  In  particular,  herb  pairs,
the  fundamental  unit  of  TCM  formulas,  have  attracted
growing attention owing to their straightforward compat-
ibility  and  notable  therapeutic  effects.  The  rationale  un-
derlying herb pairs is that their rational combination can
produce  complementary  or  synergistic  effects  while
counteracting  each  other’s  undesirable  properties,  serv-
ing as the building block for more complex formulas. For
example,  Huanglian  (Coptidis  Rhizoma)  and  Wuzhuyu
(Evodiae  Fructus)  are  combined  in  the  formula  Zuojin
Wan (左金丸), a basic herb pair widely prescribed for gas-
tric  diseases [1].  Suxiao  Jiuxin  Wan  (速效救心丸 ),  com-
posed  of  Chuanxiong  (Chuanxiong  Rhizoma)  and  Bing-
pian (Borneolum Syntheticum), is a commonly used Chi-
nese  patent  medicine  for  coronary  heart  disease  and
angina  pectoris [2].  However,  systematically  identifying
herb pairs remains challenging due to the inherent com-
plexity  of  herbs  originating  from  their  multi-component
nature.

Recently,  large-scale  databases  focusing  on  compre-
hensive  molecular  and  pharmacological  characteriza-
tions of herbs are rapidly growing and becoming increas-
ingly  accessible.  Some  examples  include  the  Traditional
Chinese Medicine Information Database (TCMID) [3], the
Encyclopedia of Traditional Chinese Medicine (ETCM) [4],
the Symptom Mapping (SymMap) [5],  and the Traditional
Chinese  Medicine  Bank  (TCMBank) [6].  The  wealth  of
herb-related  data  offers  great  opportunities  to  elucidate
novel mechanisms of herbal actions and devise computa-
tional strategies that expedite the integration of TCM well
into  clinical  practice.  Several  studies  have  introduced
graph-based  deep  learning  models  to  explore  the  com-
plex  relationships  in  TCM  systems.  For  example,  LIU
et al. [7] combined graph convolutional networks with her-
bal properties to predict the efficacy of TCM formulas. To
capture the correlation between TCM formulas and their
targets,  a  Knowledge  Graph  Relational  Path  Network  for
Target  Prediction  of  TCM  Prescriptions  (KGRN)  was  de-
veloped  for  this  very  purpose [8].  Other  studies  have  fo-
cused  on  the  application  of  interpretable  artificial
intelligence  in  TCM  and  treatment-recommendation

systems. For instance, LIU et al. [9] offered a unique frame-
work  for  disease  treatment  based  on  traditional  herbal
theories. JIN et al. [10] leveraged the meta-path guided at-
tention  network  to  provide  the  explainable  herb  recom-
mendations,  and  ZENG  et  al. [11] presented  an  inter-
pretable graph artificial intelligence framework to quanti-
fy  such  mechanisms  in  TCM.  Despite  these  advances  in
artificial  intelligence  modeling  and  treatment-recom-
mendation systems for TCM, most of them focus only on
formula-level prediction, herb recommendation, or herb-
disease  associations,  while  systematic  investigations
specifically targeting herb pairs remain limited.

Unlike  predicting drug combinations  based on a  sin-
gle  compound  in  modern  medicine,  computational  ap-
proaches  targeted  at  herb  pairs  have  been  designed  ac-
cording  to  their  characteristics  as  a  holistic  system  with
multiple  compounds.  To  address  this  complexity,  recent
studies  have  increasingly  adopted  network-based  phar-
macology  and  network-based  medicinal  frameworks  to
investigate  the  interactions  among  herbs,  compounds,
and  biological  targets [2, 3].  These  approaches  typically
quantify  the  functional  relationships  between  herbal
components  and  disease-related  targets  by  analyzing
their  topological  proximity  in  biological  networks.  Previ-
ous  studies  have  suggested  that  network-based  pharma-
cology models  of  the drug-target  interactions underlying
herb  combinations  may  provide  novel  insights  into  the
mechanism of actions of herb pairs, which are critical for
phenotypic-based  TCM  medication  discovery [12, 13].  For
example,  WANG  et  al. [14] proposed  five  distance  metrics
based  on  the  network  proximity  method  to  identify  po-
tential  herb  pairs.  GAN  et  al. [15] established  a  network-
based  medicinal  framework  for  TCM  by  leveraging  the
human protein-protein interaction (PPI) network to infer
novel  network  relationships  among  TCM  components.
However,  these approaches mainly  rely  on the statistical
or  topological  properties  of  biological  networks  and  do
not  explicitly  model  the  perturbation  effects  induced  by
herbs on the network structure.

To  address  this  limitation,  we  proposed  a  network
propagation-based  graph  regularization  framework,
HerbGL, to identify herb pairs. Based on the assumption
that  herbal  actions  may  induce  subtle  perturbations  in
biological  systems,  this  study  aimed  to  predict  potential
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herb pairs  by leveraging network propagation and graph
regularization, combined with known co-occurrence pat-
terns from TCM formulas.

 2 Data and methods

Based on the assumption that herbal actions induce sub-
tle  perturbations  in  biological  systems,  we  proposed  a
framework  named  HerbGL.  As  shown  in Figure  1.  First,
we collected herbs and their targets from ETCM 2.0,  and
the  human  PPI  network  was  obtained  from  Search  Tool
for  the Retrieval  of  Interacting Genes/Proteins (STRING)
(version  11.5).  Based  on  the  known  herb-target  map-
pings  and  the  PPI  network,  connected  herb-specific  tar-
get  subnetworks  were  reconstructed to  capture  their  po-
tential  biological  effects.  And  then,  a  RWR-based  net-
work propagation algorithm was applied to model the dif-
fusion  of  herb-induced  propagation  in  the  PPI  network,
from which network proximity between herbs was quan-
tified  based  on  two  centrality  measures  (Closeness  and
PageRank).  Finally,  the  proximity  scores  were  converted
into a herb-pair affinity matrix and integrated with known
herb pairs in a graph regularization framework to predict
potential herb pairs.

 2.1 Data collection and preprocessing

To  comprehensively  retrieve  herb-related  data,  we
sourced TCM formulas and herb-related targets from the
ETCM 2.0 database [16].  This  platform provides standard-
ized,  comprehensive  information  on  commonly  used
TCM  herbs  and  formulas,  along  with  their  bioactive

constituents  and  molecular  targets.  Notably,  we  filtered
out  TCM  formulas  containing  fewer  than  two  herbs.  For
the  human  PPI  network,  we  retrieved  interaction  net-
works from the STRING database [17]. Accounting for net-
work  noises,  we  retained  only  interactions  with  confi-
dence scores > 0.7.

Ŷ

Inspired  by  previous  study [18],  we  also  derived  herb
pairs  from the collected TCM formulas  through pairwise
co-occurrence  analysis.  Based  on  the  assumption  that
frequently  co-occurring  herbs  are  more  likely  to  consti-
tute  herb  pairs,  by  visually  inspecting  the  histogram  of
herb-pair  co-occurrence  frequencies  and  identifying  a
natural  cut-off  point  where  the  frequency  distribution
markedly  declined,  a  threshold  was  determined  for  dis-
tinguishing herb pairs from non-herb pairs, thereby con-
structing the known herb pairs dataset .

 2.2 Herb-target network construction

i

Ti

t

Since  each  herb  contains  multiple  compounds,  charac-
terizing herbs poses a more challenging task than that of
chemical  drugs.  We  therefore  employed  a  multi-step
mapping  approach  that  employed  targets  as  a  bridge.
This strategy allowed us to represent herbs as a herb-spe-
cific target network. By doing so, we effectively translated
the intricate relationships between herbs and their thera-
peutic  effects  into  a  comprehensible  and  analyzable
framework.  Specifically,  for  each  herb ,  we  collected  its
curated  target  proteins  from  ETCM  2.0 [16] and  denoted
the  set  as .  We  then  selected  the  minimum  number  of
neighbors  required  for  each  target  within  the  PPI
network. Specifically, for each herb, we constructed a PPI
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Figure 1   The architecture of HerbGL
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Ti
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subnetwork  by  taking  all  nodes  within k-hop  neighbor-
hoods  of  its  mapped  targets.  We  tested  and
found  that  markedly  increased  the  size  of  the  sub-
networks, which not only imposed a significant computa-
tional burden but also potentially compromised the accu-
racy of herb-specific subnetwork representations. For ex-
ample,  the  Anxixiang  (Benzoinum)  subnetwork  con-
tained 1 423 targets  under ,  compared  to  only  653
targets  under .  Thus,  we  selected .  When  the
subnetwork  was  disconnected,  we  employed  the  largest
connected  component  as  the  final  herb  subgraph.  This
selection was critical to ensure that the defined target set

 could form a connected graph, which allowed us to de-
pict herbs with a target graph .

 2.3 Network  propagation  of  the  herb-target  based  on
RWR

Gi = (Vi,Ei)
Gi

To simulate the propagation of  herb perturbation effects
on  the  PPI  network,  we  applied  a  network  propagation
method  called  RWR [19] on  the  herb-specific  target  sub-
graph .  Specifically,  each  target  on  herb-spe-
cific  target  subgraph  was  used  as  the  starting  seed
node,  with  the  assignment  of  1  as  the  starting  value.  It
then  propagated  through  the  network,  assigning  higher
weights  to  targets  closely  connected  to  the  seed  herb.
During  the  propagation  process,  each  step  involved  a
probabilistic  choice:  randomly  moving  to  a  neighboring
node or restarting from the seed, as defined by:

pt+1 = (1− r)W pt + rp0 (1)

r
(r = 0.7) 1− r

W
Wi

Gi

Wi Ti

Wi(p,q) = 1
p0

Gi

ri

where  denotes the restarting probability, with the use of
an optimal value  [19];  denotes the probabili-
ty  of  moving  to  a  neighboring  node; ,  which  was  de-
fined as , denotes adjacency matrix of the herb-specif-
ic  target  subgraph ;  specifically,  both  the  rows  and
columns of  correspond to the target proteins in ; an
entry  indicates  a  direct  PPI  interaction  be-
tween the corresponding targets.  represents initial vec-
tor, in which seed target nodes were assigned value 1 and
non-seed nodes value 0. In this way, we modeled the per-
turbation  relationships  between  targets  under  the  inter-
vention of herbs and quantified the importance of targets
in  herbs.  As  a  result,  each  herb-specific  target  subgraph

 was  transformed  into  a  weighted  subnetwork,  where
the network topology remained unchanged and each tar-
get node was assigned a steady-state weight given by the
RWR score .

 2.4 Modeling  the  relationships  between  each  herb  pair
based on network-proximity metrics

Subsequently,  Closeness  and  PageRank [20] were  applied
to  quantify  herb-pair  affinity,  exploiting  network
proximity  between  their  target  interactomes.  Closeness

(Gi,ri) Gi = (Vi,Ei) ri

captures  the  efficiency  of  information  dissemination  for
each node, while the PageRank reflects the overall signifi-
cance of nodes. We denoted the RWR resulting weighted
herb subnetwork as , where  and  is the
steady-state  probability  vector  obtained  by  RWR,  Close-
ness was defined by:

Cclose (v) =
|Vi| −1∑

u∈Vi,u,v

dGi (v,u)
, v ∈ Vi (2)

vC
i = argmax

v∈V
Cclose(v) dGi(v,u)

Gi

in  which .  represents  the

shortest path length between target v and u in the weight-
ed herb subnetwork . PageRank was defined by:

PR(v) = (1−α) · 1
|Vi|
+α

∑
u∈N−(v)

PR(u)
deg(u)

, v ∈ Vi (3)

PR(u) =
1
n

α

N − (v)
Gi deg(u) u

Gi Vi

Gi

S Closeness

S PageRank

Initially,  initializes all nodes evenly,  is the

damping factor,  denotes the set of in-neighbors of
node v in ,  represents the out-degree of  node 
in ,  denotes the set  of  target  nodes in the herb-spe-
cific  subnetwork .  Subsequently,  the  targets  with  the
maximum  values  were  identified  to  characterize  the
topological  position  of  this  herb.  And  then,  two  types  of
distances  were  then  computed  as  shortest  path  lengths
on the global PPI network. Finally, we used the means of
min-max  normalization  to  transform  distances  to  the
affinity matrix between each herb pair, set as  and

.

 2.5 Predicting the herb pairs based on graph regulariza-
tion

Ŷ
S com

Ŷ
S Closeness

S PageRank

Some  studies  have  demonstrated  that  computational
methods  based  on  graph  regularization  can  effectively
predict  diversified  relationships  among  various  biologi-
cal  entities [21-23].  Thus,  to  jointly  learn  herb  synergy  and
complementarity  from  both  the  herb-target  subnetwork
and pharmacological patterns, we introduced a graph co-
regularization  approach  that  effectively  extended  tradi-
tional  graph  regularization  for  predicting  potential  herb
pairs.  Assuming  that  the  known  herb  pairs  dataset  is ,
the known herb pairs matrix for training is  which was
constructed based on , the Closeness-based affinity ma-
trix  is ,  and  the  PageRank-based  affinity  matrix  is

, specifically, the Closeness/PageRank affinity ma-
trix  that  was  label-independent  was  computed  solely
from  the  PPI-derived  subnetworks.  During  cross-valida-
tion,  only  training-fold  labels  in Y, which  was  initialized
based on known herb pairs,  were used in the supervised
objective,  while  labels  in  the  test  fold  were  masked.  The
proposed  graph  co-regularization  simultaneously  pre-
served the geometric structures of the herb-pair network,
the  herb  Closeness-based  similarity  network,  and  the
herb  PageRank-based  similarity  network  through  the
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following objective function:

FGC (Y) =
1
2

(
λcom

n∑
i, j=1

L
(
Yi,Y j

)
S com

i j +

λCloseness
n∑

i, j=1

L
(
Yi,Y j

)
S Closeness

i j +

λPageRank
n∑

i, j=1

L
(
Yi,Y j

)
S PageRank

i j

) (4)

λcom ∈ (0,1) λCloseness ∈ (0,1) λPageRank ∈ (0,1)

λcom λCloseness

λPageRank
n∑

i, j=1

L(Yi,Y j)S com
i j

n∑
i, j=1

L(Yi,Y j)S Closeness
i j

n∑
i, j=1

L(Yi,Y j)

S PageRank
i j

where , ,  and  are
three  regularization  hyperparameters,  implying  the  im-
portance of the herb pair network, herb Closeness-based
similarity  network,  and  herb  PageRank-based  similarity
network,  respectively.  After  grid  search  on  the  training
folds,  the  final  values  were  selected  (  =  0.1,  =
0.3,  = 0.3). Thus, in the objective function, the cost

terms , , and 

 were used to apply herb subnetwork information,
herb  Closeness-based  similarity  network  information,
and  herb  PageRank-based  similarity  network  informa-
tion to predict potential herb pairs. Similar to graph regu-
larization, the loss function is defined as:

L (F,Y) = ∥M⊙ (F −Y)∥2F (5)

F

⊙
∥ · ∥F

In the above formulation, and Y denote the predict-
ed  and  ground-truth  herb-pair  matrices,  respectively; M
is a binary mask for training samples,  denotes element-
wise  multiplication,  and  is  the  Frobenius  norm.  In
addition, we applied a normalization technique in graph-
based  learning  to  suppress  hub  effects,  which  has  been
widely validated in previous study [24]. Through analytical
derivation  and  algebraic  transformation,  the  final  objec-
tive function is as follows:

F = Y × (λcomL
com
+λClosenessL

Closeness
+λPageRankL

PageRank
+ I)−1

(6)

I n × n Lcom

LCloseness LPageRank

L = D−1/2LD−1/2 D

L
com

L
Closeness

L
PageRank

λcomL+λClosenessL+λPageRankL+ I

where  is  the  identity  matrix  of  size ,  the ,
, and  denote the graph Laplacian matrices

constructed  from  the  known  herb-pair  network,  the
Closeness-based  affinity  network,  and  the  PageRank-
based  affinity  network,  respectively.  The  normalized
Laplacian  is  defined  as ,  where  is  the
corresponding  degree  matrix.  In  this  way,  their  normal-
ized  forms, , ,  and ,  were  obtained  to
suppress hub effects  and ensure numerical  stability,  and
the matrix  is a positive defi-
nite  and  invertible. F represents  the  scores  of  predicted
herb pairs which we set as the F value.

 2.6 Experimental setup and validation framework

 2.6.1  Threshold  determination  for  herb  pair  classifica-
tion　 By  examining  the  histogram  of  herb-pair
co-occurrence  frequencies,  a  threshold  was  established

⩾

based  on  an  observed  inflection  point  in  the  frequency
distribution, which served to differentiate herb pairs from
non-herb pairs. Model generalization was assessed using
five-fold  cross-validation.  Specifically,  the  positive  herb
pairs  (co-occurrence  frequency  threshold)  were  ran-
domly  divided  into  five  folds.  In  each  round,  one  fold
served as the test set, with its positive labels masked dur-
ing co-regularization to ensure their invisibility. Each test
set  contained  positive  samples  and  an  equal  number  of
negatives  randomly  selected  from  pairs  with  co-occur-
rence  frequency  <  threshold  with  the  use  of  a  fixed  ran-
dom seed for reproducibility.

S Closeness S PageRank

 2.6.2 Baseline comparison, ablation, and robustness eval-
uation　 To  evaluate  HerbGL’s  predictive  performance,
we  employed  four  metrics:  the  area  under  the  receiver
operating  characteristic  curve  (AUROC),  the  area  under
the precision-recall curve (AUPRC), accuracy, and preci-
sion.  Using  these  metrics,  we  compared  HerbGL  against
several  baselines,  including k-nearest  neighbors  (KNN,
k =  3),  logistic  regression  (L2-regularized),  a  multi-layer
perceptron  (MLP,  two  hidden  layers  of  64  and  32  neu-
rons, ReLU activation), random forest (10 trees), and gra-
dient boosting. All models received identical feature rep-
resentations derived from the  and  affinity
matrices  to  ensure  the  fairness  of  the  comparison.  Abla-
tion experiments were conducted to assess the contribu-
tion of  multi-source  affinity  matrices  by  comparing Her-
bGL with and without incorporating both similarity mea-
sures.  Robustness  was  further  evaluated  by  varying  the
positive-to-negative  sample ratio  from 1 :  1  to  1  :  5,  test-
ing model stability under imbalanced conditions.

 2.6.3  Pathway  level  validation  based  on  Gene  Ontology
(GO)  and  Kyoto  Encyclopedia  of  Genes  and  Genomes
(KEGG) enrichment analyses　To validate the biological
relevance  of  predicted  herb  pairs,  a  multi-level  evalua-
tion  strategy  was  adopted  in  this  study.  First,  high-scor-
ing candidates were cross-referenced with classical TCM
literature and modern pharmacological studies to identi-
fy historical or clinical support. And then, GO and KEGG
enrichment analyses were performed on the target sets of
individual  herbs  and  their  combinations.  Enrichment
analyses  were  conducted  using  the  gseapy  package  (En-
richr platform) with the KEGG and GO gene set libraries.
An  adjusted P value  (Benjamini-Hochberg  false  discov-
ery rate, BH-FDR) threshold of 0.05 was considered statis-
tically significant. For both of GO and KEGG enrichment
analyses, we defined synergy as identifying the pathways
which  were  significantly  enriched  in  the  combination  of
herbs A + B, but not in A or B alone, and where the inten-
sity  of  the  combination  enrichment  was  significantly
higher than the average single-herb enrichment. Similar-
ly,  the  complementarity  analysis  aimed  to  discern
pathways  that  demonstrated  significant  enrichment

Weixiang Liu, et al. / Digital Chinese Medicine 9 (2026) 265-277 HerbGL: network based herb pairs prediction    269



solely in A or B, yet also in the combination of A + B. This
suggested  that  the  combination  might  integrate  the  dis-
tinct mechanisms of action inherent in single herb, there-
by yielding complementary effects.

 3 Results

 3.1 The co-occurrence analysis of herb pairs

With 46 057 TCM formulas and 1 810 herbs obtained from
ETCM 2.0 [16],  we counted the co-occurrence frequencies
of  all  herb  pairs  in  the  same  formulas.  As  frequently  co-
occurring combinations are more likely to represent true
herb  pairs [25, 26],  this  assumption  is  further  supported  by
Figure  2A,  where  the  high-frequency  combination
Renshen  (Ginseng  Radix  et  Rhizoma)  and  Gancao  (Gly-
cyrrhizae Radix et Rhizoma) is commonly recognized as a
classical  herb  pair.  We  also  constructed  a  histogram  of
co-occurrence frequencies. Figure 2B revealed a  marked
change around a frequency of 150, which was selected as
the  threshold  to  distinguish  herb  pairs  from  non-herb
pairs,  as  indicated  by  the  dashed  line  in  the  figure.  In
network  pharmacology,  TCM  network  distances  are
typically classified as either dissociated or intersecting [27].
In Figure  2C,  the  comparison  of  shared  targets  among
high-frequency  herb  pairs  showed  substantial  overlap,

supporting their biological relevance. Building on this, we
applied HerbGL to compute F values, reflecting the likeli-
hood  of  each  combination  forming  a  true  herb  pair.  To
validate  that F values  distinguish  high-frequency  herb
pairs from low-frequency ones, we extracted the top 500,
750, 1 000, 1 250, 1 500, and 1 750 herb pairs ranked by co-
occurrence frequencies and calculated their  mean F val-
ues. As a baseline, we randomly sampled the same num-
ber  from  negative  samples  and  computed  their  mean F
values. The results shown in Figure 2D demonstrated that
F values  effectively  discriminated  high-frequency  herb
pairs from those below the 150-frequency threshold.

 3.2 Performance comparison of HerbGL with other base-
line models

AUROC,  AUPRC,  precision,  and  accuracy  were  used  to
evaluate  the  performance  of  HerbGL.  The  results  found
that although the neural network achieved the highest ac-
curacy  (0.824  7),  HerbGL  exhibited  an  overall  optimal
performance  in  predicting  potential  herb  pairs  with
AUROC = 0.970 5, AUPRC = 0.955 5, and precision = 0.970 6
(Figure 3 and Table 1).  We further compared the perfor-
mance of HerbGL with and without incorporating multi-
source affinity matrices. The results showed that HerbGL
with  multi-source  affinity  matrices  achieved  superior
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Figure 2   Analyses of herb pairs based on frequencies and targets in co-occurrence relationships
A, the top 20 frequent herb pairs. RS: Renshen (Ginseng Radix et Rhizoma), GC: Gancao (Glycyrrhizae Radix et Rhizoma), DG: Dang-
gui  (Angelicae  Sinensis  Radix),  CX:  Chuanxiong  (Chuanxiong  Rhizoma),  BZ:  Baizhu  (Atractylodis  Macrocephalae  Rhizoma),  CP:
Chenpi  (Citri  Reticulatae  Pericarpium),  HQ:  Huangqin  (Scutellariae  Radix),  FF:  Fangfeng  (Saposhnikoviae  Radix),  MD:  Maidong
(Ophiopogonis Radix), BX: Banxia (Pinelliae Rhizoma), AR: Huangqi (Astragali Radix), FL: Fuling (Poria), HP: Houpu (Magnoliae Of-
ficinalis Cortex). B, histogram of herb pair co-occurrence frequencies. C, shared targets between herbal combinations of the top four
high-frequency herb pairs. D, herb pairs of top frequency and random herb pairs. The baseline were randomly sampled with co-occur-
rence frequencies below 150.
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predictive  performance  compared  with  the  model  with-

out them (AUROC = 0.891 9, AUPRC = 0.876 8). Addition-

ally,  robustness  experiments  were  further  conducted  to

evaluate the resistance of HerbGL under varying positive-

to-negative  sample  ratios.  Specifically,  the  proportion  of

positive-to-negative  samples  was  adjusted  from  1  :  1  to

1  :  5.  The  results  demonstrated  that  HerbGL  maintained
robust  performance  even  under  imbalanced  conditions
(Table 2), thereby confirming its high stability.

 3.3 Prediction and validation of the potential herb pairs

Based  on  the F values  of  each  herb  pair  obtained  from
HerbGL  according  to  Equations  (4)  and  (5),  several  po-
tential herb pairs were identified, which were initially in-
put  into  the  model  as  non-herb  pairs.  To  validate  these
potential  pairs,  we  screened  out  the  top  four  potential
herb pairs with the highest F values (F > 0.7).

 3.3.1 Shared targets and literature evidence validation of
potential herb pairs　First,  we calculated the number of
shared targets  among them. As shown in Table 3,  a  sub-
stantial  overlap  of  targets  was  observed,  suggesting  their
potential pharmacological relevance.

Then, among the potential herb pairs, three groups of
potential  herb  pairs,  Fangfeng  (Saposhnikoviae  Radix)
and  Qingpi  (Citri  Reticulatae  Pericarpium  Viride),
Chuanxiong (Chuanxiong Rhizoma) and Zexie (Alismatis
Rhizoma),  and  Danggui (Angelicae  Sinensis  Radix)  and
Baifuzi  (Typhonii  Rhizoma),  caught  our  attention  for
their  combined use had been reported and documented
in previous  literature  and clinical  records.  The herb pair
of  Fangfeng  (Saposhnikoviae  Radix)  and  Qingpi  (Citri
Reticulatae Pericarpium Viride) is recorded in Liangpeng
Huiji (《 良 朋 汇 集 》 , Collection  of  Excellent  Recipes)
Vol. 3: Fangfeng Shengma Tang (防风升麻汤) for treating
toothache.  The  herb  pair  of  Chuanxiong  (Chuanxiong
Rhizoma)  and  Zexie  (Alismatis  Rhizoma)  has  been  re-
ported in a study on their combined treatment for hyper-
tension [28].  The herb pair of Danggui (Angelicae Sinensis
Radix) and Baifuzi (Typhonii Rhizoma) has precedent ap-
plication in migraine treatment [29].
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Figure 3   Comparison of HerbGL with baseline models in
predicting herb pairs
A, the AUROC results for each model.  B,  the AUPRC results for
each model.

 

Table 1   Comparison of the performance of HerbGL with
other baseline models

Model AUROC AUPRC Accuracy Precision

HerbGL 0.970 5 0.955 5 0.726 6 0.970 6

HerbGL w/o affinity 0.891 9 0.876 8 0.631 9 0.964 3

KNN 0.805 5 0.741 6 0.739 9 0.683 6

Logistic regression 0.860 2 0.855 9 0.772 0 0.762 7

Neural network 0.905 9 0.907 9 0.824 7 0.812 8

Random forest 0.831 5 0.814 4 0.758 7 0.793 3

Gradient boosting 0.777 8 0.779 1 0.702 7 0.730 6

 

Table 2   Robust experimental results of HerbGL

Positive-to-negative ratio AUROC AUPRC

1 : 1 0.970 5 0.955 5

1 : 2 0.969 5 0.917 8

1 : 3 0.969 1 0.887 8

1 : 4 0.971 8 0.875 3

1 : 5 0.969 6 0.840 4

 

Table 3   The number of shared targets between potential herb pairs

Herb 1 Herb 2 Herb 1 target Herb 2 target Shared target

Chuanxiong (Chuanxiong Rhizoma) Zexie (Alismatis Rhizoma) 246 149 124

Renshen (Ginseng Radix et Rhizoma) Lianqiao (Forsythiae Fructus) 235 236 161

Fangfeng (Saposhnikoviae Radix) Qingpi (Citri Reticulatae Pericarpium Viride) 205 92 62

Danggui (Angelicae Sinensis Radix) Baifuzi (Typhonii Rhizoma) 286 123 69
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 3.3.2  GO  and  KEGG  enrichment  analysis  of  Renshen
(Ginseng  Radix  et  Rhizoma)  and  Lianqiao  (Forsythiae
Fructus)　 Of  the  four  candidate  herb  pairs,  Renshen
(Ginseng  Radix  et  Rhizoma)  and  Lianqiao  (Forsythiae
Fructus) showed the largest number of shared targets (n =
161)  and  were  thus  selected  as  a  representative  pair  for
subsequent GO and KEGG pathway enrichment analysis.
In the ancient  book Shennong Bencao Jing (《神农本草
经 》, Shennong’s  Classic  of  the  Materia  Medica),  it  is
recorded  that  Renshen  (Ginseng  Radix  et  Rhizoma)  can
replenish  the  vital  energy,  and  mainly  treats  deficiency
and  low  immunity.  Meanwhile,  Lianqiao  (Forsythiae
Fructus) is recorded in Bencao Gangmu (《本草纲目》 ,
Compendium  of  Materia  Medica)  as  clearing  away  heat
and removing toxins, as well as treating heat and inflam-
mation.  The  combination  of  the  two  reflects  the  TCM
principle  of  strengthening  the  body’s  resistance  to
pathogenic factors and eliminating them: Renshen (Gin-
seng  Radix  et  Rhizoma)  reinforces  Qi  and  consolidates
the  root  [Fuzheng  (扶 正 ,  supporting  the  righteous)],
while  Lianqiao  (Forsythiae  Fructus)  clears  heat  and
purges  fire  [Quxie  (驱 邪 ,  eliminating  the  pathogenic
heat)]. Together, they regulate the pathological state of Qi
deficiency and the excess of pathogenic factors.

Therefore, we can tell from Figure 4 that the two herbs
were  enriched  in  metabolic  and  immune-related  path-
ways,  such  as  protein  phosphorylation,  which  plays  an
important  role  in  immune  cell  signaling  and  the  activa-
tion of immune cells, is often accompanied by a series of
protein phosphorylation events that mediate signal trans-
duction. Furthermore, by observing the results in Figure 5,
the two exhibited a high degree of overlap in KEGG path-
ways,  reaching  up  to  238,  and  we  found  that  in  the
complementary  KEGG  pathways  diagram,  these  two
herbs  mainly  complement  each  other  in “other  glycan
degradation” “steroid biosynthesis” and “terpenoid back-
bone  biosynthesis”,  which  were  found  to  be  mainly  in-
volved  in  substance  metabolism  and  synthesis,  affecting
the  metabolic  homeostasis  of  the  organism.  Abnormal
metabolism  may  be  associated  with  metabolic  diseases
(e.g.  diabetes  and  hyperlipidemia).  There  were  also “as-
thma” “allograft  rejection” “primary  immunodeficiency”
“graft-versus-host  disease” and “type  I  diabetes  mellitus
pathways”,  which  were  still  directly  associated  with  im-
mune and inflammatory related diseases.

Through the above analyses, it is easy to find that the
results of both synergistic and complementary analyses of
KEGG and GO indicate that this herb pair mainly focuses
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Figure 4   GO enrichment analysis of Renshen (Ginseng Radix et Rhizoma) and Lianqiao (Forsythiae Fructus)
A − C, the top five enriched biological process (BP) terms identified from the complementary, synergistic, and comparison enrichment
analyses, respectively. D − F, the top five enriched molecular function (MF) terms identified from the complementary, synergistic, and
comparison enrichment analyses, respectively. G − I, the top five enriched cellular component (CC) terms identified from the comple-
mentary, synergistic, and comparison enrichment analyses, respectively.
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on  immunomodulatory  and  anti-inflammatory,  which  is
also  consistent  with  TCM  classics  that  writes  the  combi-
nation  of  the  two  can  clear  pathogenic  heat  and  replen-
ish Qi.

 4 Discussion

 4.1 Mechanistic insights into compound and target inter-
actions  underlying  Danggui  (Angelicae  Sinensis  Radix)
and Baifuzi (Typhonii Rhizoma)

Through  HerbGL,  weighted  herbal  subnetworks  were
constructed  to  better  represent  compound-mediated  ef-
fects  on  potential  targets,  motivating  a  supplementary
analysis.  Therefore,  Danggui  (Angelicae  Sinensis  Radix)
and  Baifuzi  (Typhonii  Rhizoma)  were  selected.  Target
screening was performed using a network centrality-driv-
en  strategy  on  RWR-derived  weighted  subnetworks,
where  nodes  with  the  highest  Closeness  and  PageRank
were  selected  as  seed  nodes,  and  only  the  top  5%
strongest  edge-weighted  interactions  with  their  first-or-
der  neighbors  were  retained.  Screening  results  showed
that  several  key  targets  were  consistent  with  previously
reported  compound  and  target  associations  in  both
herbs,  supporting  the  reliability  of  the  network  frame-
work.

As shown in Figure 6, for Danggui (Angelicae Sinensis
Radix), ligustilide has been reported to activate EGFR via
GPR30, promoting bone formation and exhibiting antiox-
idant and anti-apoptotic activities [30]. It has also been in-
vestigated  in  combination  with  EGFR  for  osteoporosis
treatment  and  bone  protection,  and  shown  to  possess
anti-inflammatory, neuroprotective, and anti-cancer effec-
ts [31].  Phenolic  acids  are  among  its  major  active  compo-
nents, where ferulic acid has been reported to bind EGFR
and TP53, thereby affecting the PI3K/AKT signaling path-
way,  while  caffeic  acid  exerts  anti-tumor  effects  through
PI3K/AKT and JAK/STAT pathways and also shows anti-
inflammatory  and  metabolic  regulatory  activities [32].  In

addition, polysaccharides exhibit multi-target pharmaco-
logical effects, with reported efficacy in anemia, metabol-
ic syndrome, tumors, cardiovascular diseases, and radia-
tion protection [33].
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Figure  6   Mechanistic  analysis  of  Danggui  (Angelicae
Sinensis Radix) and Baifuzi (Typhonii Rhizoma) based on
compounds and targets
EGFR,  epidermal  growth  factor  receptor.  PI3K/AKT,  phos-
phatidylinositol 3-kinase/protein kinase B. TP53, tumor protein
p53. JAK/STAT, janus kinase/signal transducer and activator of
transcription.  GSK3β,  glycogen  synthase  kinase  3  beta.  PTPN,
protein  tyrosine  phosphatase,  non-receptor  type.  DUSP3,  dual
specificity phosphatase 3. CDC25A/B, cell division cycle 25 A/B.
 

In contrast, key targets of Baifuzi (Typhonii Rhizoma),
including  CDC25A,  CDC25B,  DUSP3,  GSK3B,  PLA2G1B,
and  PTPN  family  members  (PTPN1,  PTPN2,  PTPN6,
PTPN7,  and  PTPRC),  are  mainly  involved  in  cell  cycle
regulation,  immune  signaling,  and  inflammatory  re-
sponses [34, 35].  These  targets  are  partially  associated  with
bioactive compounds such as β-sitosterol and choline [36].
In  particular,  β-sitosterol  has  been  reported  to  regulate
PI3K/AKT/GSK3B  signaling  and  exert  anti-inflammatory
and  immunomodulatory  effects,  suggesting  its  involve-
ment in GSK3B- and PTPN-related pathways [37].  Choline
and uracil are mainly involved in metabolic and choliner-
gic  pathways,  and  may  contribute  to  the  overall
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Figure 5   KEGG enrichment analysis of Renshen (Ginseng Radix et Rhizoma) and Lianqiao (Forsythiae Fructus)
A, the top 10 complementary enrichment analysis between Renshen (Ginseng Radix et Rhizoma) and Lianqiao (Forsythiae Fructus).
B, the top 10 synergistic enrichment analysis between Renshen (Ginseng Radix et Rhizoma) and Lianqiao (Forsythiae Fructus). C, the
overlap KEGG pathway number between Renshen (Ginseng Radix et Rhizoma) and Lianqiao (Forsythiae Fructus).
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pharmacological effects of Baifuzi (Typhonii Rhizoma) [38].
Overall,  Danggui  (Angelicae  Sinensis  Radix)  mainly

regulates  upstream  signaling  pathways,  including  EGFR
and PI3K/AKT, to promote osteogenesis and exert antiox-
idant  and  multi-system  regulatory  effects.  In  contrast,
Baifuzi  (Typhonii  Rhizoma)  is  primarily  associated  with
cell  cycle  and  phosphorylation-related  processes,  there-
by  influencing  inflammatory  responses  and  immune
homeostasis.  Both  herbs  converge  on  PI3K/AKT  and
GSK3B  signaling,  indicating  a  shared  mechanistic  basis.
Importantly,  they act  at  different  regulatory  levels,  form-
ing a  complementary  pattern characterized by  upstream
signaling  modulation  versus  downstream  immune  and
inflammatory  regulation,  which  supports  their  potential
synergistic relationship as a herb pair.

 4.2 Mechanistic  rationale  and  methodological  advan-
tages of HerbGL

Herb pairs constitute the fundamental building blocks of
TCM prescriptions,  yet  their  systematic identification re-
mains challenging due to the multi-component and mul-
ti-target  nature  of  herbal  systems [39].  To  address  this  is-
sue,  HerbGL  integrates  a  network  propagation-based
model  with  graph  regularization  to  explicitly  simulate
herb-induced  perturbations  on  the  PPI  network.  Unlike
conventional approaches that rely on static topology, co-
occurrence  statistics,  or  simple  network  proximity  met-
rics,  HerbGL  incorporates  RWR  to  construct  weighted
herb-specific  subnetworks,  enabling node importance to
reflect  both  direct  and  indirect  regulatory  effects.  This
propagation-aware representation captures dynamic net-
work  behavior  and  provides  a  mechanistic  perspective
linking  molecular  interactions  with  herbal  compatibility
principles.  Furthermore,  by  integrating  multiple  affinity
matrices through graph co-regularization, HerbGL lever-
ages  complementary  topological  information  and  achie-
ves  superior  predictive  performance  compared  with  tra-
ditional  similarity-based  and  machine  learning  models,
as reflected by improved AUROC and AUPRC values.

 4.3 Multi-level validation of herb pair compatibility

Beyond  predictive  accuracy,  the  results  in  this  study
highlighted  the  interpretability  of  HerbGL  in  relation  to
established  TCM  knowledge.  Several  high-scoring  herb
pairs  identified  by  the  model  were  supported  by  TCM
classics  and  modern  pharmacological  studies [28, 29],  sug-
gesting  that  HerbGL  reflected  the  long-recognized  com-
patibility rules. Enrichment analyses further revealed that
predicted herb combinations tended to  converge on im-
mune-regulatory  and  metabolic  pathways,  providing  a
biological basis for their synergistic or complementary ef-
fects. These findings indicated that the proposed HerbGL

not only predicted plausible herb pairs  but  also facilitat-
ed  the  generation  of  hypothesis  regarding  their  underly-
ing  mechanisms  of  action.  In  addition,  the  propagation-
based  weighting  of  herb-pair  subnetworks  enabled  sys-
tematic  exploration  at  both  the  compounds  and  target
levels.  This  multi-level  consistency provides further  sup-
port  for  the  rationality  of  herb  compatibility  and  high-
lights  the  potential  of  HerbGL  to  uncover  the  molecular
mechanisms underlying herb pair formation.

 4.4 Limitations and future prospects

Despite its advantages, this study has several limitations.
For  example,  the  proposed  framework  relies  heavily  on
the completeness and reliability of current herb-target as-
sociations and PPI databases, which may introduce bias-
es  and  restrict  data  coverage,  especially  for  less-studied
herbs.  Future research should focus on integrating more
comprehensive  and  high-quality  data  sources,  such  as
multi-omics datasets and experimentally validated inter-
actions,  to  enhance  model  robustness  and  biological  fi-
delity.  In  addition,  improving  the  accuracy  of  target  an-
notations  and  expanding  the  herb-target  database  will
help mitigate data bias.  Further extensions of  HerbGL to
incorporate  multi-herb  formulations  and  dosage-depen-
dent  effects  may  provide  deeper  insights  into  complex
therapeutic  mechanisms.  These  improvements  will  con-
tribute  to  a  more  reliable  and  mechanistically  grounded
framework,  facilitating  the  modernization  of  TCM  and
enabling  more  precise,  data-driven  strategies  of  herbal
formulation.

 5 Conclusion

This  study  proposes  HerbGL,  a  network  propagation-
based  and  interpretable  framework  for  identifying  herb
pairs. The results indicate that HerbGL can effectively un-
cover compatibility patterns consistent with both molec-
ular  evidence  and  TCM  knowledge,  with  predicted  herb
pairs  supported  by  enrichment  analysis  and  biological
plausibility.  In  addition,  by  integrating  target-level  and
component-level  information,  HerbGL  provides  mecha-
nistic  insights  into  herb  pair  compatibility  and  offers  a
scalable  approach  for  data-driven  herbal  formulation.
These  findings  contribute  to  the  modernization  of  TCM
and suggest  promising directions for  future research,  in-
cluding  multi-herb  compatibility  modeling  and  clinical
applications.
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HerbGL：一种基于网络传播与图正则化的中药药对预测框架

刘为相a, 袁倩a, 张峻杰a, 孙鑫亮b, 胡孔法a, c*, 杨涛a*
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c. 南京中医药大学江苏省智慧中医药健康服务工程研究中心, 江苏 南京 210023, 中国

 
【摘要】目的  为解决传统中医药系统性方法识别配伍药对的问题，本文提出一种融合网络传播与图正则化

的潜在药对预测框架 HerbGL。方法  基于“中药的药理作用会在生物系统中引发细微扰动”的假设，本文提

出 HerbGL 框架。首先，在蛋白质互作（PPI）网络上应用重启随机游走（RWR）算法，以重构各中药多靶

点蛋白的特异性扰动并生成中药加权子网络。随后，为量化药对间的亲和度，计算每个中药加权子网络上的

两种网络邻近度指标（Closeness 和 PageRank），从而构建药对亲和矩阵。最后，将其与已知药对信息（基

于中药方剂中药对共现频次分析，并通过频率分布拐点确定阈值筛选获得）一起整合入图正则化模型，实现

潜在药对的预测。同时，通过基线模型对比、消融实验及不同正负样本比例下的鲁棒性实验对模型性能进行

系统评估，评价指标包括受试者工作特征曲线下面积（AUROC）、精确度-召回率曲线下面积（AUPRC）、

准确率和精确率。结果  RWR 构建的加权子网络能够更细致地模拟中药特异性扰动效应，为后续的亲和度建

模与预测提供了基础表示。药对共现频次的分析结果，显示在频次为 150 处，药对数量发生显著变化，因此

该值被选作区分药对与非药对的阈值。此外，HerbGL 的预测性能优于所有对比的基线模型（AUROC =

0.970 5，AUPRC = 0.955 5，准确率 = 0.726 6，精确率 = 0.970 6）。消融实验结果表明，去除 Closeness 与

PageRank 指标会显著降低模型性能（AUROC = 0.819 1，AUPRC = 0.876 8），这验证了两类网络特征的必要

性。鲁棒性实验表明，即使在正负样本比例为 1 : 5 的情况下，模型仍保持稳定表现（AUROC = 0.969 6，

AUPRC = 0.840 4）。此外，多项现有案例亦验证了模型所识别药对的合理性，例如防风与青皮在《良朋汇

集》（第三卷：防风升麻汤）中就有合用于治疗牙疼的记载。通路富集分析进一步验证了药对人参和连翘的

生物学配伍合理性。结论  HerbGL 提供了一种有效且具有生物学依据的中药药对识别框架，不仅能提升药

对预测能力，还能为中药成分作用及机制研究提供数据支持，从而助力基于数据的中药配伍规律探索。

【关键词】中医药；药对；网络传播；图正则化；网络药理学
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