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Abstract 12 

Objective To integrate association rule mining (ARM) with network pharmacology to identify 13 

high-frequency herbal combinations for perimenopausal syndrome (PMS) and its associated anxiety, 14 

depression, and insomnia, and to explore their mechanisms. Method Traditional medical formulas, 15 

herbs, compounds, genes, and phenotypes were collected from multiple public databases (KTKP, 16 

TCM-ID, KampoDB, etc.). The Apriori algorithm was used for herb–phenotype ARM to identify 17 

core herbal combinations, validated by herb–phenotype proximity (Zh ≤ −0.15). Compound–18 

phenotype ARM and network analysis were then conducted to identify key compounds, confirmed by 19 

literature. A PPI network was built to screen core genes, followed by molecular docking and 100 ns 20 

molecular dynamics simulations to validate binding stability. Result ARM identified six core herbal 21 

combinations for PMS, two for anxiety, two for insomnia, and two for depression (e.g., “Angelica 22 

sinensis–Ligusticum chuanxiong–Rehmannia glutinosa” for PMS). All Zh values were below −0.15. 23 

Six compounds (reduced glutathione, D-tryptophan, linalool, GABA, folic acid, resveratrol) and 24 

three core genes (ESR1, MYC, APP) were obtained. All compounds showed strong binding affinity 25 

(< −6.0 kcal/mol) and stable dynamics over 100 ns. Conclusion By integrating ARM with network 26 

pharmacology, this study successfully identified high-frequency herbal combinations and core 27 

compounds for PMS and its comorbidities, supporting the “treating different diseases with the same 28 

approach” principle and providing data-driven candidates for experimental validation and drug 29 

development. 30 

1 Introduction 31 

Perimenopausal syndrome (PMS) refers to a range of physiological and psychological 32 

symptoms in women resulting from fluctuations or declines in sex hormone levels during the 33 

menopausal transition[1]. With increasing life expectancy, the menopausal transition and 34 

postmenopausal period have become the longest and most significant stages in a woman’s life. 35 
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Epidemiological data indicate that the number of perimenopausal women in China has reached 120 36 

million, representing the largest such population among all developing countries, accounting for 10% 37 

of the country’s total population and 23% of the global perimenopausal female population[2]. The 38 

quality of life of women affected by PMS is significantly impaired, placing a substantial burden on 39 

both families and society. Patients with PMS frequently present with neuropsychiatric symptoms 40 

such as anxiety, depression, and insomnia, which often co-occur and further contribute to the 41 

complexity of the condition[3]. 42 

Currently, the management of PMS in modern medicine primarily relies on hormone 43 

replacement therapy and anxiolytic and antidepressant medications; however, long-term use may be 44 

associated with certain adverse effects and contraindications[4]. In contrast, traditional medicine (TM), 45 

which emphasizes holistic regulation and treatment based on pattern differentiation, offers unique 46 

advantages in managing complex, multifactorial conditions such as PMS[5]. According to traditional 47 

Chinese medicine (TCM) theory, the fundamental pathogenesis of PMS lies in kidney essence 48 

deficiency and gradual exhaustion of Tian Gui, often involving the liver, heart, and other viscera, 49 

leading to blood deficiency with liver depression and mental restlessness[6,7]. Therefore, identifying 50 

effective herbal combinations from ancient texts and formulas is of great significance for guiding 51 

clinical practice and elucidating the scientific basis of TM. 52 

Therefore, this study employed a highly interpretable analytical framework that integrates 53 

association rule mining (ARM) with network pharmacology to identify potentially effective 54 

combinations of herbal medicines and compounds in traditional medicine. ARM, as a rule-based 55 

analytical approach[8], is capable of processing large-scale data with high interpretability, offering a 56 

potential solution to the limitations of machine learning methods. To this end, we systematically 57 

collected diverse datasets covering traditional Chinese medicine formulas, herbal ingredients, 58 

compounds, target proteins, diseases, and their interrelationships. Using these data, ARM was applied 59 

to screen candidate herbal combinations or compounds with potential therapeutic activity, while 60 

network pharmacology was employed to provide supporting evidence at the molecular level for the 61 

selected candidates. Molecular docking and molecular dynamics simulations were further conducted 62 

to validate the efficacy of the predicted herbal combinations and compounds. The framework 63 

proposed in this study not only facilitates drug discovery from traditional Chinese medicine but also 64 

advances translational medicine research by elucidating the potential pharmacological mechanisms 65 

and associated biological pathways of candidate substances. 66 

2 Materials and methods 67 

2.1 Materials 68 

Information on traditional medicine prescriptions, herbal materials, compounds, genes, 69 

phenotypes, and their interactions from Korea, China, and Japan was collected from the Korean 70 

Traditional Knowledge Portal (KTKP, https://koreantk.com/), the Traditional Chinese Medicine 71 

Information Database (TCM-ID), KampoDB (https://wakanmoview.inm.u-toyama.ac.jp/kampo/), and 72 

the COlleCtion of Open NatUral producTs (COCONUT， https://coconut.naturalproducts.net/) 73 

database. 74 

Compound–phenotype and compound–gene associations were obtained from DrugBank 75 

(https://www.drugbank.ca)[9], the Therapeutic Target Database (TTD, https://idrblab.org/ttd/)[10], the 76 

Comparative Toxicogenomics Database (CTD, https://ctdbase.org/)[11], BindingDB 77 

(https://www.bindingdb.org/rwd/bind/index.jsp)[12], the Search Tool for Interacting Chemicals 78 
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(STITCH, https://stitch.embl.de)[13], and FooDB (https://foodb.ca/). 79 

Gene–phenotype associations were collected from the CTD, while herb–compound associations 80 

were retrieved from the Collective Molecular Activities of Useful Plants 81 

(CMAUP, https://bidd2.nus.edu.sg/CMAUP/)[14]. 82 

A total of 16,260 prescriptions, 17,519 phenotypes, 5,187 herbal medicines, 43,454 compounds, 83 

and 25,344 genes were compiled. In addition, a human protein–protein interaction network 84 

comprising 26,771 nodes and 856,635 edges was retrieved from the Biological General Repository 85 

for Interaction Datasets (BioGRID, v.4.4.218, https://thebiogrid.org)[15]. 86 

Targets for perimenopausal syndrome (menopause), anxiety, depression, and insomnia were 87 

retrieved from the GeneCards database (https://www.genecards.org/)[16] and the OMIM database 88 

(https://www.ncbi.nlm.nih.gov/omim)[17] using the keywords “perimenopausal syndrome,” 89 

“menopausal syndrome,” “climacteric,” and “menopause.” Gene sets obtained from the two 90 

databases were merged, and duplicate targets were removed to obtain the final target set for each 91 

disease. 92 

2.2 Method overview 93 

The proposed integrative analysis framework in this study consists of four main steps: (i) herb 94 

level analysis, to identify potentially therapeutic herbal combinations and evaluate their associations 95 

with phenotypes; (ii) compound level analysis, to screen for effective compounds and validate 96 

consistency through intersection analysis; (iii) structural network analysis, to identify key action 97 

targets based on network topological features; and (iv) molecular docking and molecular dynamics 98 

simulation, to validate the binding characteristics between candidate compounds and targets at the 99 

molecular level (Fig 1) . 100 

 101 

Figure 1. Overview of the integrated analysis pipeline.The schematic diagram illustrates the four main steps of 102 
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the proposed framework (see Methods for details). Representative association rules, prescriptions, herb–phenotype 103 
proximity values, compound–target docking pairs, and molecular dynamics simulation results are shown for 104 
perimenopausal syndrome (PMS), anxiety, depression, and insomnia. The multi-layer network visualizes the 105 
interactions among herbs, compounds, core targets, and phenotypes. 106 

2.3 Analysis at the Herbal Level 107 

2.3.1 Herbal-Phenotype Association Rule Mining 108 

Based on the hypothesis that certain herbal combinations frequently appearing in prescriptions 109 

for specific phenotypes may possess therapeutic potential against those phenotypes, the Apriori 110 

algorithm was employed to identify optimal herbal combinations from 16,260 prescriptions involving 111 

5,279 herbs for the treatment of PMS, anxiety, depression, and insomnia. The rules were expressed in 112 

the form “herb A, herb B, … → phenotype” and evaluated using three metrics: support, 113 

confidence, and lift. The minimum support threshold was set to 0.0005. 114 

2.3.2 Herbal-Phenotypic Network Analysis 115 

  To validate the reliability of the ARM results, a network proximity approach based on shortest 116 

distance was employed to calculate the relative proximity (Zh) between the targets of the inferred 117 

herbal combinations and the phenotype-associated gene sets within the human protein–protein 118 

interaction network[18]. Protein and gene interaction data related to PMS, anxiety, depression, and 119 

insomnia were collected from BioGRID to construct the human protein–protein interaction network. 120 

The herb– phenotype proximity Zh, representing the relative proximity between the herbal 121 

combination and the corresponding phenotype using the antecedent of the selected association rule, 122 

was calculated as follows: 123 

d(P,H) = 1∥ H ∥∑minp∈Pd
h∈H

(p, h) 124 

 125 

zh = d(P,H) − μd(P,H)
σd(P,H)  126 

where P represents the phenotype-associated gene set, H denotes the herbal target set, and d(P, 127 

H) is the shortest path length between nodes in P and H. A reference distribution of expected 128 

distances (μ and σ) was obtained through 1,000 random permutation tests. A Zh value ≤ −0.15 was 129 

defined as indicating a significant association between the herbal combination and the phenotype. 130 

2.4 Analysis at the Compound Level 131 

2.4.1 Compound-Phenotype Association Rule Mining 132 

A transaction dataset comprising compounds from herbal medicines and their associated 133 

phenotype information was constructed. The Apriori algorithm was then applied to mine association 134 

rules in the form of “compound → phenotype,” with a minimum support threshold set to 0.008. 135 

2.4.2 Compound–phenotype network analysis 136 

Using the same method described in Section 2.2.2, the network proximity (Zc) between the 137 

targets of compounds present in the core herbal combinations and disease-related targets was 138 
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calculated, and compounds with Zc ≤ −0.15 were selected. Candidate compounds were obtained by 139 

taking the intersection of the results from compound–phenotype ARM and compound–phenotype 140 

network analysis. Subsequently, drug-likeness assessment (Lipinski’s rule of five) was performed 141 

using the SwissADME platform[19], combined with extensive literature review, to ultimately 142 

determine the core compounds for further in-depth analysis in this study. 143 

d(P,C) = 1∥ C ∥∑minp∈Pd
c∈C

(p, c) 144 

 145 

zc = d(P,C) −μd(P,C)
σd(P,C)  146 

2.5 Structural network analysis 147 

To identify key biological targets, herbal compound-related and herb-related targets (genes) 148 

associated with PMS, anxiety, depression, and insomnia were retrieved from databases. KEGG 149 

enrichment analysis of disease-related target genes was performed using clusterProfiler (v4.10.1)[20], 150 

with KEGG pathway annotations obtained from the KEGG database[21]. Statistical significance was 151 

determined using a threshold of adj.P < 0.05. Cytoscape was employed to visualize the herb 152 

compound-related targets, candidate compounds, and genes associated with PMS, anxiety, depression, 153 

and insomnia. 154 

2.6 Core gene screening and network construction 155 

The intersecting genes between the targets of the core compounds and disease-related targets 156 

were imported into the STRING database to construct a PPI network, with a highest confidence 157 

threshold (>0.9) applied to obtain high-reliability interactions. The resulting data were imported into 158 

Cytoscape, and multiple topological algorithms, including MCC, Degree, BottleNeck, Closeness, and 159 

Radiality from the CytoHubba plugin, were employed to identify the top five genes, the intersection 160 

of which was defined as the core genes[22,23]. Cytoscape was then used to integrate the core herbs, 161 

core compounds, core genes, and their corresponding disease associations to construct a multi-level 162 

network diagram, intuitively illustrating the multi-target synergistic action pattern of the herbal 163 

combinations. 164 

2.7 Molecular docking and molecular dynamics simulation validation 165 

2.7.1 Molecular docking 166 

The three-dimensional structures of the core compounds were downloaded from the PubChem 167 

database, and the protein structures of the core genes were obtained from the AlphaFold database. 168 

Molecular docking simulations were performed using the CB-Dock2 online platform, and binding 169 

energies (kcal/mol) were calculated. A binding energy < −5.0 kcal/mol was generally considered to 170 

indicate favorable binding activity. The conformation with the lowest binding energy was selected for 171 

visualization analysis using PyMOL software. 172 

2.7.2 Molecular dynamics simulation 173 

To evaluate the stability and dynamic behavior of the optimal docking complexes, the six 174 
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complexes with the lowest binding energies were selected for 100 ns molecular dynamics simulations 175 

using GROMACS 2024.2 software[24]. The AMBER99SB-ILDN force field and the TIP3P water 176 

model were employed. Parameters such as root-mean-square deviation (RMSD) and 177 

root-mean-square fluctuation (RMSF) were calculated to assess conformational stability, flexibility 178 

changes, and binding mode reliability of the complexes during the simulation. 179 

3 Results 180 

3.1 Herb-level analysis results 181 

3.1.1 Herb–phenotype association rule mining (ARM) 182 

To identify high-frequency herbal combinations potentially associated with PMS and its related 183 

conditions (anxiety, depression, and insomnia), the Apriori algorithm was applied to perform herb–184 

phenotype association rule mining based on 16,260 prescriptions and 628 herbs. The results showed 185 

that the combination with the strongest association with PMS was “Angelica sinensis–Ligusticum 186 

chuanxiong–Rehmannia glutinosa” (Danggui–Chuanxiong–Dihuang); for anxiety, the strongest 187 

association was observed for “Bambusa textilis–Citrus aurantium–Zingiber officinale” (Zhuru–188 

Zhiqiao–Shengjiang) and “Zingiber officinale–Citrus trifoliata–Phyllostachys nigra–Pinellia 189 

ternata”(Shengjiang–Zhiqiao–Zhuru–Banxia); for insomnia, the combination “Panax ginseng–190 

Aucklandia lappa–Zingiber officinale–Polygala tenuifolia” (Renshen–Muxiang–Shengjiang–Yuanzhi) 191 

and “Saussurea costus–Glycyrrhiza uralensis–Zingiber officinale–Polygala tenuifolia”(Muxiang–192 

Gancao–Shengjiang–Yuanzhi) showed the strongest association; and for depression, the combination 193 

“Triticum aestivum–Ligusticum chuanxiong–Forsythia suspensa–Poria cocos” (Xiaomai–194 

Chuanxiong–Lianqiao–Fuling) was the most strongly associated. The lift values of all rules were 195 

substantially greater than 1, indicating significant positive associations between these herbal 196 

combinations and the corresponding phenotypes. Using a minimum support threshold of 0.0005 and 197 

in combination with literature review, the top six recommended combinations for perimenopause 198 

were merged into a key herbal combination set, while the top two combinations for anxiety, insomnia, 199 

and depression were respectively merged into key herbal combination sets for subsequent analysis. 200 

Prescriptions containing each herbal combination were extracted (Tab 1). 201 

Tab 1 Inferred association rules and related prescriptions for phenotypes such as PMS, anxiety, depression, 202 
and insomnia 203 

Association rule Support Confidence Lift Prescriptions 

Angelica gigas,Ligusticum 
chuanxiong,Rehmannia 

glutinosa->perimenopause 

0.000504 0.0094 7.76 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 

Paeonia lactiflora,Angelica 
gigas->perimenopause 

0.000504 0.0088 7.32 
Seogyeongtang,Sojeoktonggyeonghwan,Achuls

an 

Ligusticum chuanxiong,Rehmannia 
glutinosa->perimenopause 

0.000504 0.0078 6.42 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 

Angelica gigas,Rehmannia 
glutinosa->perimenopause 

0.000504 0.0050 4.15 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 
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Association rule Support Confidence Lift Prescriptions 

Angelica gigas,Ligusticum 
chuanxiong->perimenopause 

0.000504 0.0049 4.04 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 

Angelica gigas,Glycyrrhiza 
uralensis->perimenopause 

0.000504 0.0035 2.87 
Hwagyeongtang,Seogyeongtang,Sambitang,Ac

hulsan 

Phyllostachys nigra,Citrus 
trifoliata,Zingiber 

officinale->anxiety 

0.000501 0.4167 23.25 
Samhoondamtang,Gwibiondamtang,Cheongsim

ondamtang,Ondamtang,Gamiondamtang 

Zingiber officinale,Citrus 
trifoliata,Phyllostachys 

nigra,Pinellia ternata->anxiety 

0.000501 0.4167 23.25 
Gwibiondamtang,Cheongsimondamtang,Onda

mtang,Samhoondamtang,Gamiondamtang 

Panax ginseng,Saussurea 
costus,Zingiber officinale,Polygala 

tenuifolia->Insomnia 

0.000599 0.7500 36.84 

Maehaekgigitagyeongheombang1,Gamiyukbita
ng,Gamigwibitang,Gamiondamtang,Gwibitang,

Yeongsingwibitang 

Saussurea costus,Glycyrrhiza 
uralensis,Zingiber 
officinale,Polygala 

tenuifolia->Insomnia 

0.000599 0.7500 36.84 

Maehaekgigitagyeongheombang1,Gamiyukbita
ng,Gamigwibitang,Gamiondamtang,Gwibitang,

Yeongsingwibitang 

Triticum aestivum,Ligusticum 
chuanxiong,Forsythia 
suspensa,Wolfiporia 
cocos->depression 

0.000502 0.8333 60.63 
Wolgukbohwahwan,Gungchihwadamjeon,Yugu

ltang,Sokgukbohwahwan 

Triticum aestivum,Ligusticum 
chuanxiong,Atractylodes 

lancea,Forsythia 
suspensa->depression 

0.000502 0.7143 51.97 
Wolgukbohwahwan,Gungchihwadamjeon,Yugu

ltang,Sokgukbohwahwan 

 204 

3.1.2 Herb–phenotype network proximity validation 205 

To validate the reliability of the ARM results, a network proximity-based approach was 206 

employed to calculate the relative proximity (Zh) between the target sets of the inferred herbal 207 

combinations and the disease-associated gene sets within the human protein–protein interaction 208 

network. The results showed that all screened herbal combinations exhibited Zh values below −0.15 209 

(Tab 2), indicating significant associations between these combinations and the corresponding 210 

phenotypes. 211 

Furthermore, the herb–disease proximity was calculated for the top 10 herb–phenotype 212 

association rules derived from ARM, while 10 randomly generated herbal combinations were used as 213 

a reference to compute the corresponding herb–disease proximity (Fig 2). The results demonstrated 214 

that the herbal combinations identified by ARM exhibited a lower median Zh score. 215 

Tab 2 Analysis Results of Herbal Levels for PMS, Anxiety, Depression and Insomnia 216 
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 Herb material Herb-phenotype proximity(ݖℎ) 

perimenopause 

Paeonia lactiflora -1.6314 

Glycyrrhiza uralensis -1.1484 

Angelica gigas -1.0369 

Rehmannia glutinosa -0.7336 

Ligusticum chuanxiong -1.3285 

anxiety 

Citrus trifoliata -1.0819 

Zingiber officinale -1.1426 

Pinellia ternata -1.0222 

Phyllostachys nigra -1.3660 

Insomnia 

Panax ginseng -0.6145 

Glycyrrhiza uralensis -0.4715 

Zingiber officinale -0.3817 

Saussurea costus -0.6732 

Polygala tenuifolia -0.9548 

depression 

Triticum aestivum -1.1273 

Atractylodes lancea -0.7372 

Wolfiporia cocos -1.0334 

Forsythia suspensa -1.0827 

Ligusticum chuanxiong -1.0455 
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 217 

Fig 2 Extracts the compound-phenotype ARM and the compounds identified in the compound-phenotype 218 
network analysis. The x-axis represents diseases, the y-axis represents the proximity of the drug to the disease, the 219 
red part represents the drugs selected by the ARM rule, and the green part represents the randomly selected drug 220 
combinations. 221 

3.2 Compound-level analysis results and screening of core compounds 222 

Based on the herb-level analysis, compounds present in the inferred herbal combinations were 223 

further investigated. Compound–phenotype association rule mining (minimum support threshold of 224 

0.008) and compound–phenotype network proximity analysis (threshold Zc ≤ −0.15) were performed 225 

to identify compounds associated with each phenotype, and the results from the two approaches were 226 

intersected to obtain candidate compounds (Fig 3). The results showed that the numbers of candidate 227 

compounds for PMS, anxiety, depression, and insomnia were 10, 5, 7, and 2, respectively. Combined 228 

with an extensive literature review[25-30], six compounds were ultimately selected as core compounds 229 

for further analysis in this study: reduced glutathione, D-tryptophan, linalool, gamma-aminobutyric 230 

acid (GABA), folate, and resveratrol. 231 

3.3 Structural network analysis results 232 

Cytoscape was used to visualize herb compound-related targets, candidate compounds, and 233 

genes associated with PMS, anxiety, depression, and insomnia (Fig 3). 234 
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 235 

Fig 3. Integrated herb-compound-phenotype analysis for perimenopausal syndrome (PMS), anxiety, 236 
depression and insomnia. Note: (a), Analysis results of PMS, including herb-phenotype association rules, Venn 237 
diagram of candidate compounds from two mining strategies, and compound-target-disease structural network; (b),  238 
Corresponding analytical results for anxiety; (c), Matching analytical results for depression; (d), Parallel analytical 239 
results for insomnia. All panels share three modules: herb association rule mining, candidate compound intersection, 240 
and network visualization. Separate single diagrams for each disease are shown in Supplementary Figures S1–S4. 241 

3.4 Core target screening and network construction 242 

3.4.1 Core gene screening 243 

To identify key targets through which the core compounds act on each disease, the overlapping 244 

genes between the targets of each core compound and the corresponding disease targets were 245 

obtained, and a PPI network was constructed. Five algorithms (MCC, Degree, BottleNeck, Closeness, 246 

and Radiality) from the CytoHubba plugin were used to identify the top five genes for each disease, 247 

and the intersections were defined as the core genes (Tab 3). Specifically, 47 overlapping genes were 248 

identified between the targets of resveratrol and PMS-related targets, and after screening with the five 249 

algorithms, three core genes (MYC, ESR1, and APP) were identified as shared core genes. All five 250 

targets of GABA (GABBR2, SLC6A1, SLC6A11, SLC36A1, and GABRA6) were identified as core 251 

genes. The core genes for folate were TYMS and ABCB11; for D-tryptophan, MMP3 and SLC7A5; 252 

for reduced glutathione, GLO1, GSTK1, EHMT1, and EHMT2; and for linalool, HTR3A. 253 

Tab 3 Structural Network Analysis of PMS, Anxiety, Depression, and Insomnia and Search Results of 254 
Biological Pathways 255 

disease compound herb target 

perimenopause 

resveratrol 

MYC 

ESR1 

APP 

gamma-aminobutyric acid (GABA） GABBR2 
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SLC6A1 

SLC6A11 

SLC36A1 

GABRA6 

folate 

TYMS 

ABCB11 

anxiety D-tryptophan 

MMP3 

SLC7A5 

Insomnia 

reduced glutathione 

GLO1 

GSTK1 

EHMT1 

EHMT2 

folate 

TYMS 

ABCB11 

depression linalool HTR3A 

 256 

3.4.2 Construction of the “herb–core compound–core gene–disease” network 257 

To systematically illustrate the complex regulatory relationships among the core herbs, core 258 

compounds, and core genes, a multi-level interaction network was constructed using Cytoscape (Fig 259 

4). The network comprised 9 core herbs, 6 core compounds, 16 drug targets, and 614 disease-related 260 

genes. The network intuitively revealed that core compounds (e.g., resveratrol and GABA) can act on 261 

multiple disease targets simultaneously, reflecting the “multi-component, multi-target” synergistic 262 

characteristics of traditional Chinese medicine. Notably, the APP gene was identified not only as a 263 

target of resveratrol but also as a common disease-related gene shared by PMS, anxiety, depression, 264 

and insomnia, suggesting that it may serve as a key hub linking these conditions. 265 
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 266 

Figure 4. Herb - compound - core gene - disease network analysis. Note: A, Global 267 
herb-compound-target-disease network. Rectangles with orange background denote herbal medicines, connected 268 
nodes represent bioactive compounds, blue rhombuses stand for drug targets, orange circles indicate disease targets, 269 
and rectangles with blue background represent disorders. B, Simplified network focusing on shared hub genes 270 
across perimenopausal syndrome, anxiety, depression and insomnia. The core shared targets of all four phenotypes 271 
are displayed in the central region, among which APP acts as both a drug target and a disease target. Separate 272 
individual diagrams are provided in Supplementary Figures S5–S6. 273 

3.5 Molecular docking and molecular dynamics simulation validation 274 

3.5.1  Molecular docking results 275 

To evaluate the binding potential between the core compounds and the corresponding core 276 

genes, molecular docking simulations were performed using the CB-Dock2 platform. A lower 277 

binding energy indicated more stable ligand–receptor binding. As shown in Tab S1, the binding 278 

energies of all six core compounds with their respective core proteins were as follows: folate-TYMS 279 

(−9.1 kcal/mol), resveratrol-ESR1 (−7.8 kcal/mol), D-tryptophan-MMP3 (−7.7 kcal/mol), reduced 280 

glutathione-EHMT2 (−6.8 kcal/mol), linalool-HTR3A (−6.1 kcal/mol), gamma-aminobutyric acid 281 

(GABA)-SLC6A11 (−4.3 kcal/mol), suggesting strong binding affinity[18]. Among them, folate 282 

exhibited the lowest binding energy with TYMS. The conformation with the lowest binding energy 283 
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for each complex was selected and visualized using PyMOL (Fig 5A). 284 

 285 

3.5.2 Molecular dynamics simulation results 286 

To evaluate the stability of the aforementioned optimal docking complexes under dynamic 287 

conditions, 100 ns molecular dynamics simulations were performed for the six complexes. The 288 

stability of the complexes was analyzed by calculating parameters including root-mean-square 289 

deviation (RMSD), root-mean-square fluctuation (RMSF), and total energy (Fig 5B). 290 

RMSD analysis (Fig 5Ba) showed that all complexes exhibited small fluctuations in RMSD 291 

values throughout the simulation, with none exceeding 2 nm, indicating that the systems reached 292 

equilibrium. Among them, the ESR1–resveratrol complex maintained consistently low RMSD 293 

values with the smallest fluctuations, indicating the highest structural stability; the TYMS–folate 294 

complex showed a slight increase in RMSD during the later stage of the simulation but remained 295 

generally stable. 296 

RMSF analysis (Fig 5Bb) revealed a prominent RMSF peak near residue 200 of HTR3A, 297 

suggesting high flexibility in this region, which may represent a conformational change induced by 298 

ligand binding or the location of the binding site. In contrast, proteins such as ESR1 and MMP3 299 

exhibited generally low RMSF values, indicating minimal conformational changes and relatively 300 

rigid structures throughout the simulation. 301 

Total energy analysis (Fig 5Bc) showed that the total energy of all systems remained at low 302 

levels with stable trends and no drastic fluctuations, confirming good simulation stability and high 303 

reliability of the results. 304 

Hydrogen bond count analysis (Fig 5Bd) showed that the TYMS–folate and EHMT2–reduced 305 

glutathione complexes formed a relatively high number of hydrogen bonds with fluctuations during 306 

most of the simulation, suggesting possible dynamic processes of binding and dissociation or 307 

transitions between binding sites. In contrast, complexes such as ESR1–resveratrol and MMP3–308 

D-tryptophan exhibited fewer hydrogen bonds with relatively stable patterns over most of the 309 

simulation, indicating relatively fixed binding modes. 310 

Collectively, the molecular dynamics simulation results demonstrated favorable binding 311 

stability for all six core compounds with their respective target proteins, further validating the 312 

reliability of the molecular docking findings. 313 
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 315 

Fig. 5 Molecular docking visualization and molecular dynamics simulation. Note: B(a), Root-mean-square 316 
deviation (RMSD) as a function of time. The x-axis represents time, and the y-axis represents RMSD; smaller 317 
fluctuations indicate more stable protein–ligand binding. B(b), The x-axis represents the amino acid residue number, 318 
and the y-axis represents root-mean-square fluctuation (RMSF); larger fluctuations indicate greater flexibility of 319 
protein amino acid residues. B(c), Energy changes during molecular dynamics simulation. The x-axis represents 320 
time, and the y-axis represents total energy; lower energy and smaller fluctuations indicate greater stability.  B(d), 321 
Changes in the number of hydrogen bonds formed between the compound and the protein over time. The x-axis 322 
represents time, and the y-axis represents the number of hydrogen bonds; a higher number of hydrogen bonds 323 
indicates more stable binding. 324 

4 Discussion 325 

This study adapted and extended the multi-level association rule mining and network 326 

pharmacology integration framework proposed by Yu et al. [31] to systematically identify potential 327 

high-frequency herbal combinations for the treatment of perimenopausal syndrome (PMS) and its 328 

commonly associated conditions (anxiety, depression, and insomnia). Traditional Chinese medicine 329 

(TCM) formulas, characterized by their multi-component and multi-target features, offer unique 330 

advantages in managing complex psychosomatic disorders such as PMS[32,33]; however, the 331 

underlying principles governing herb compatibility are often rooted in empirical experience and lack 332 

data-driven systematic interpretation. By mining high-frequency herb pairs through algorithmic 333 

approaches, this study not only provides a scientific basis for clinical practice but also offers new 334 

perspectives for understanding the dialectical logic of “treating different diseases with the same 335 

approach” and “treating the same disease with different approaches” in TCM. 336 

4.1 Interpretation of high-frequency herbal combinations from the perspective of TCM theory 337 

Through association rule mining, this study identified a series of herbal combinations strongly 338 

associated with the core symptoms of PMS as well as with associated mood and sleep disturbances. 339 

For PMS itself, the combination “Angelica sinensis–Ligusticum chuanxiong–Rehmannia glutinosa” 340 

(Danggui–Chuanxiong–Dihuang) emerged with the highest frequency, closely aligning with the core 341 

structure of the classic formula Siwu Tang (Four Substances Decoction, composed of Danggui, 342 

Chuanxiong, Baishao, and Shudihuang). According to TCM theory, the fundamental pathogenesis of 343 

PMS lies in kidney essence deficiency and gradual exhaustion of Tian Gui, often involving the liver, 344 

heart, and other viscera, leading to blood deficiency with liver depression and mental 345 

restlessness[34,35]. Siwu Tang is a representative formula for nourishing and invigorating blood, and its 346 

core herb group “Danggui–Chuanxiong–Dihuang” embodies the therapeutic principles of nourishing 347 

blood, activating blood circulation, and tonifying kidney yin[36], and is commonly used to alleviate 348 

core symptoms such as hot flashes and night sweats. Moreover, the frequent occurrence of 349 

sub-combinations such as “Baishao–Danggui” and “Chuanxiong–Dihuang” further supports the 350 

synergistic roles of this core herb group in harmonizing qi and blood and nourishing the liver and 351 

kidney. 352 

More notably, this study uncovered specific herb pairs associated with common comorbid 353 

conditions. For perimenopausal anxiety, the high-frequency combinations “Bambusa textilis–Citrus 354 

aurantium–Zingiber officinale” (Zhuru–Zhiqiao–Shengjiang) and “Pinellia ternata–Zingiber 355 

officinale–Bambusa textilis–Citrus aurantium” (Banxia–Shengjiang–Zhuru–Zhiqiao) reflect the 356 

therapeutic strategies of regulating qi, resolving phlegm, harmonizing the stomach, and calming the 357 

mind. In TCM, anxiety and irritability are often attributed to liver qi stagnation and phlegm-heat 358 

disturbing the heart[37,38]; such combinations may alleviate tension by modulating autonomic nervous 359 
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function and neurotransmitter balance[39]. For perimenopausal depression, combinations such as 360 

“Triticum aestivum–Ligusticum chuanxiong–Forsythia suspensa–Poria cocos” (Xiaomai–361 

Chuanxiong–Lianqiao–Fuling) and “Triticum aestivum–Ligusticum chuanxiong–Atractylodes 362 

lancea–Forsythia suspensa” (Xiaomai–Chuanxiong–Cangzhu–Lianqiao) suggest a therapeutic 363 

strategy that simultaneously emphasizes “soothing the liver, relieving depression, strengthening the 364 

spleen, and calming the heart” along with “clearing heat, resolving phlegm, invigorating blood, and 365 

opening stagnation.” Within these combinations, the pairing of Xiaomai (the principal herb in 366 

Ganmai Dazao Tang)[40] and Chuanxiong (which invigorates blood and circulates qi)[41] appears 367 

particularly critical. For insomnia, combinations such as “Panax ginseng–Polygala tenuifolia–368 

Aucklandia lappa–Zingiber officinale” (Renshen–Yuanzhi–Muxiang–Shengjiang) and “Aucklandia 369 

lappa–Glycyrrhiza uralensis–Zingiber officinale–Polygala tenuifolia” (Muxiang–Gancao–370 

Shengjiang–Yuanzhi) highlight the therapeutic approaches of “supplementing qi, nourishing the 371 

middle, communicating heart and kidney, regulating qi, and calming the mind.” Yuanzhi calms the 372 

mind and enhances cognition, Renshen supplements qi and generates fluids, and Muxiang 373 

regulates qi and invigorates the spleen, collectively targeting the insomnia pathogenesis associated 374 

with dual deficiency of heart and spleen and disharmony between heart and kidney[42]. 375 

4.2 Pharmacological mechanisms of the core compounds 376 

Through network pharmacology and literature review, this study identified six core compounds: 377 

resveratrol, GABA, folate, D-tryptophan, reduced glutathione, and linalool. These compounds may 378 

exert synergistic effects in the treatment of PMS and its associated conditions. 379 

Resveratrol is a natural polyphenolic compound widely found in plants such as grapes 380 

and Polygonum cuspidatum. Molecular docking results showed that resveratrol exhibits high binding 381 

affinity for the estrogen receptor ESR1, and molecular dynamics simulations further confirmed the 382 

structural stability of this complex throughout the 100 ns simulation. Multiple studies have 383 

demonstrated that resveratrol can improve pain perception, bone metabolism, menopausal symptoms, 384 

and overall health status in postmenopausal women[43,44]. As a key molecule in the estrogen signaling 385 

pathway, ESR1 plays a central role in the pathogenesis of PMS[45]. Resveratrol may partially 386 

substitute for estrogen by modulating ESR1 activity, thereby alleviating symptoms such as hot 387 

flashes and mood swings caused by estrogen fluctuations. 388 

γ-Aminobutyric acid (GABA) is the primary inhibitory neurotransmitter in the central nervous 389 

system and plays a critical role in regulating mood, sleep, and anxiety[46,47]. This study found that 390 

GABA acts on multiple targets, including GABBR2, SLC6A1, and SLC6A11, which are involved in 391 

GABA synthesis, transport, and receptor binding[48]. Dysfunction of the GABAergic system is closely 392 

associated with anxiety and insomnia[26]. The high-frequency herbal combinations identified in this 393 

study may exert sedative and calming effects by influencing GABAergic neurotransmission. 394 

D-Tryptophan is the D-isomer of tryptophan, which can be converted in the body to serotonin 395 

and subsequently participates in melatonin synthesis[27]. Melatonin is a key neurohormone regulating 396 

sleep–wake rhythms. This study found that D-tryptophan targets MMP3 and SLC7A5, suggesting 397 

that it may improve sleep and mood by modulating amino acid metabolism and neurotransmitter 398 

balance. This finding is consistent with previous studies indicating that the tryptophan metabolic 399 

pathway plays an important role in the pathogenesis of depression and insomnia[49]. 400 

Reduced glutathione is a major antioxidant in the body that protects cells from oxidative stress 401 

damage[50]. Oxidative stress is recognized as an important pathological mechanism underlying 402 

various diseases, including PMS, anxiety, and depression[28]. This study found that reduced 403 
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glutathione targets genes such as GLO1, GSTK1, EHMT1, and EHMT2, which are involved in 404 

oxidative stress responses and epigenetic regulation[51,52]. Linalool is a natural monoterpene 405 

compound with anxiolytic and sedative effects, and its target HTR3A is the 5-hydroxytryptamine 406 

receptor 3A subunit, which participates in mood regulation and anxiety responses[29]. Folate is 407 

involved in one-carbon metabolism and is essential for neurotransmitter synthesis and DNA 408 

methylation; folate deficiency has been associated with an increased risk of depression[30]. 409 

4.3 Molecular mechanisms of core genes 410 

Through PPI network analysis and multiple topological algorithms, this study identified core 411 

genes including MYC, ESR1, and APP. APP (amyloid precursor protein) is a key gene in Alzheimer’s 412 

disease[53], but its role in PMS and related conditions has garnered increasing attention in recent 413 

years[54]. This study found that APP serves not only as a target of resveratrol but also as a common 414 

disease-related gene shared by PMS, anxiety, depression, and insomnia, suggesting that it may serve 415 

as a key hub linking these conditions. Previous studies have shown that sleep disturbances may 416 

induce the production of pro-inflammatory cytokines, leading to abnormal APP metabolism and 417 

amyloid accumulation, thereby increasing the risk of neurodegenerative diseases[55]. Fluctuations in 418 

estrogen levels in patients with PMS may affect APP expression and processing, consequently 419 

influencing neural function. 420 

MYC, an important transcription factor, is involved in cell proliferation, apoptosis, and 421 

metabolic regulation. Recent studies have suggested that MYC may participate in regulating 422 

circadian rhythms and sleep homeostasis[56]. ESR1 is estrogen receptor alpha, a core molecule in the 423 

estrogen signaling pathway, and its role in the pathogenesis of PMS has been widely recognized[57]. 424 

The multi-level “herb–core compound–core gene–disease” network constructed in this study 425 

intuitively reveals that core compounds (e.g., resveratrol and GABA) can act on multiple disease 426 

targets simultaneously, reflecting the “multi-component, multi-target” synergistic characteristics of 427 

TCM. 428 

4.4 Limitations of the study 429 

This study has several limitations. First, association rule mining is highly dependent on the 430 

comprehensiveness and accuracy of the databases used, and potential data bias may exist, with some 431 

potentially effective herbal combinations possibly not being captured. Second, this study is currently 432 

at the stage of data mining and mechanistic hypothesis generation; the efficacy, optimal compatibility 433 

ratios, and specific mechanisms of action of the identified herb pairs require further validation 434 

through in vitro and in vivo pharmacological experiments as well as clinical studies. 435 

5 Conclusion 436 

In summary, by integrating multi-level association rule mining with network pharmacology 437 

strategies, this study identified high-frequency herbal combinations and core compounds for the 438 

treatment of PMS and its associated conditions (anxiety, depression, and insomnia) from large-scale 439 

data and preliminarily elucidated their potential mechanisms of action. This study not only provides 440 

data-driven support for understanding the scientific basis of the “treating different diseases with the 441 

same approach” principle in traditional medicine but also offers candidate molecules for the modern 442 

treatment and drug development of PMS. Future research should further conduct in vitro and in 443 

vivo experimental validation to explore the multi-level regulatory network of “symptom–herb pair–444 

target–pathway,” thereby advancing the precision and scientific rigor of TCM formula-based 445 

treatment for complex diseases. 446 
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Key Points 

·Multi-level ARM and network pharmacology screen six high-frequency herbal combinations 
for PMS and its comorbidities.  

·Six core compounds and three core genes are validated.  

·Molecular docking and 100 ns MD simulations confirm stable compound–target binding.  

·Data-driven evidence supports the “treating different diseases with the same approach” 
principle and provides candidate compounds for drug development. 
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 652 

Figure 1. Overview of the integrated analysis pipeline.The schematic diagram illustrates the four main steps of 653 
the proposed framework (see Methods for details). Representative association rules, prescriptions, herb–phenotype 654 
proximity values, compound–target docking pairs, and molecular dynamics simulation results are shown for 655 
perimenopausal syndrome (PMS), anxiety, depression, and insomnia. The multi-layer network visualizes the 656 
interactions among herbs, compounds, core targets, and phenotypes. 657 

 658 

 659 

 660 
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 661 

Fig 2 Extracts the compound-phenotype ARM and the compounds identified in the compound-phenotype 662 
network analysis. The x-axis represents diseases, the y-axis represents the proximity of the drug to the disease, the 663 
red part represents the drugs selected by the ARM rule, and the green part represents the randomly selected drug 664 
combinations. 665 

 666 

 667 

 668 

Fig 3. Integrated herb-compound-phenotype analysis for perimenopausal syndrome (PMS), anxiety, 669 
depression and insomnia. Note: (a), Analysis results of PMS, including herb-phenotype association rules, Venn 670 
diagram of candidate compounds from two mining strategies, and compound-target-disease structural network; (b),  671 
Corresponding analytical results for anxiety; (c), Matching analytical results for depression; (d), Parallel analytical 672 
results for insomnia. All panels share three modules: herb association rule mining, candidate compound intersection, 673 
and network visualization. Separate single diagrams for each disease are shown in Supplementary Figures S1–S4. 674 
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 675 

Figure 4. Herb - compound - core gene - disease network analysis. Note: A, Global 676 
herb-compound-target-disease network. Rectangles with orange background denote herbal medicines, connected 677 
nodes represent bioactive compounds, blue rhombuses stand for drug targets, orange circles indicate disease targets, 678 
and rectangles with blue background represent disorders. B, Simplified network focusing on shared hub genes 679 
across perimenopausal syndrome, anxiety, depression and insomnia. The core shared targets of all four phenotypes 680 
are displayed in the central region, among which APP acts as both a drug target and a disease target. Separate 681 
individual diagrams are provided in Supplementary Figures S5–S6. 682 
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 683 

Fig. 5 Molecular docking visualization and molecular dynamics simulation. Note: B(a), Root-mean-squa684 
re deviation (RMSD) as a function of time. The x-axis represents time, and the y-axis represents RMSD; 685 
smaller fluctuations indicate more stable protein–ligand binding. B(b), The x-axis represents the amino acid686 
 residue number, and the y-axis represents root-mean-square fluctuation (RMSF); larger fluctuations indicate687 
 greater flexibility of protein amino acid residues. B(c), Energy changes during molecular dynamics simula688 
tion. The x-axis represents time, and the y-axis represents total energy; lower energy and smaller fluctuatio689 
ns indicate greater stability.  B(d), Changes in the number of hydrogen bonds formed between the compou690 
nd and the protein over time. The x-axis represents time, and the y-axis represents the number of hydroge691 
n bonds; a higher number of hydrogen bonds indicates more stable binding. 692 
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Tab 1 Inferred association rules and related prescriptions for phenotypes such as PMS, anxiety, depression, 694 
and insomnia 695 

Association rule Support Confidence Lift Prescriptions 

Angelica gigas,Ligusticum 
chuanxiong,Rehmannia 

glutinosa->perimenopause 

0.000504 0.0094 7.76 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 

Paeonia lactiflora,Angelica 
gigas->perimenopause 

0.000504 0.0088 7.32 
Seogyeongtang,Sojeoktonggyeonghwan,Achuls

an 

Ligusticum chuanxiong,Rehmannia 
glutinosa->perimenopause 

0.000504 0.0078 6.42 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 

Angelica gigas,Rehmannia 
glutinosa->perimenopause 

0.000504 0.0050 4.15 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 

Angelica gigas,Ligusticum 
chuanxiong->perimenopause 

0.000504 0.0049 4.04 
Hwagyeongtang,Sambitang,Sojeoktonggyeong

hwan,Achulsan 

Angelica gigas,Glycyrrhiza 
uralensis->perimenopause 

0.000504 0.0035 2.87 
Hwagyeongtang,Seogyeongtang,Sambitang,Ac

hulsan 

Phyllostachys nigra,Citrus 
trifoliata,Zingiber 

officinale->anxiety 

0.000501 0.4167 23.25 
Samhoondamtang,Gwibiondamtang,Cheongsim

ondamtang,Ondamtang,Gamiondamtang 

Zingiber officinale,Citrus 
trifoliata,Phyllostachys 

nigra,Pinellia ternata->anxiety 

0.000501 0.4167 23.25 
Gwibiondamtang,Cheongsimondamtang,Onda

mtang,Samhoondamtang,Gamiondamtang 

Panax ginseng,Saussurea 
costus,Zingiber officinale,Polygala 

tenuifolia->Insomnia 

0.000599 0.7500 36.84 

Maehaekgigitagyeongheombang1,Gamiyukbita
ng,Gamigwibitang,Gamiondamtang,Gwibitang,

Yeongsingwibitang 

Saussurea costus,Glycyrrhiza 
uralensis,Zingiber 
officinale,Polygala 

tenuifolia->Insomnia 

0.000599 0.7500 36.84 

Maehaekgigitagyeongheombang1,Gamiyukbita
ng,Gamigwibitang,Gamiondamtang,Gwibitang,

Yeongsingwibitang 

Triticum aestivum,Ligusticum 
chuanxiong,Forsythia 
suspensa,Wolfiporia 
cocos->depression 

0.000502 0.8333 60.63 
Wolgukbohwahwan,Gungchihwadamjeon,Yugu

ltang,Sokgukbohwahwan 

Triticum aestivum,Ligusticum 
chuanxiong,Atractylodes 

lancea,Forsythia 
suspensa->depression 

0.000502 0.7143 51.97 
Wolgukbohwahwan,Gungchihwadamjeon,Yugu

ltang,Sokgukbohwahwan 
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Tab 2 Analysis Results of Herbal Levels for PMS, Anxiety, Depression and Insomnia 697 

 Herb material Herb-phenotype proximity(ݖℎ) 

perimenopause 

Paeonia lactiflora -1.6314 

Glycyrrhiza uralensis -1.1484 

Angelica gigas -1.0369 

Rehmannia glutinosa -0.7336 

Ligusticum chuanxiong -1.3285 

anxiety 

Citrus trifoliata -1.0819 

Zingiber officinale -1.1426 

Pinellia ternata -1.0222 

Phyllostachys nigra -1.3660 

Insomnia 

Panax ginseng -0.6145 

Glycyrrhiza uralensis -0.4715 

Zingiber officinale -0.3817 

Saussurea costus -0.6732 

Polygala tenuifolia -0.9548 

depression 

Triticum aestivum -1.1273 

Atractylodes lancea -0.7372 

Wolfiporia cocos -1.0334 

Forsythia suspensa -1.0827 

Ligusticum chuanxiong -1.0455 

 698 
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Tab 3 Structural Network Analysis of PMS, Anxiety, Depression, and Insomnia and Search Results of 700 
Biological Pathways 701 

disease compound herb target 

perimenopause 

resveratrol 

MYC 

ESR1 

APP 

gamma-aminobutyric acid (GABA） 

GABBR2 

SLC6A1 

SLC6A11 

SLC36A1 

GABRA6 

folate 

TYMS 

ABCB11 

anxiety D-tryptophan 

MMP3 

SLC7A5 

Insomnia 

reduced glutathione 

GLO1 

GSTK1 

EHMT1 

EHMT2 

folate 

TYMS 

ABCB11 

depression linalool HTR3A 

 702 
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