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A B S T R A C T

Traditional Chinese Medicine (TCM) is an experiential form of medicine with a history dating back thousands of
years. The present study aimed to utilize neural network analysis to examine specific prescriptions for colorectal
cancer (CRC) in clinical practice to arrive at the most effective prescription strategy. The study analyzed the data
of 261 CRC cases recruited from a total of 141,962 cases of renowned veteran TCM doctors collected from
datasets of both the DeepMedic software and TCM cancer treatment books. The DeepMedic software was applied
to normalize the symptoms/signs and Chinese herbal medicine (CHM) prescriptions using standardized ter-
minologies. Over 20 percent of CRC patients demonstrated symptoms of poor appetite, fatigue, loose stool, and
abdominal pain. By analyzing the prescription patterns of CHM, we found that Atractylodes macrocephala (Bai-
zhu) and Poria (Fu-ling) were the most commonly prescribed single herbs identified through analysis of medical
records, and supported by the neural network analysis; although there was a slight difference in the sequential
order. The study revealed an 81.9% degree of similarity of CHM prescriptions between the medical records and
the neural network suggestions. The patterns of nourishing Qi and eliminating dampness were the most common
goals of clinical prescriptions, which corresponds with treatments of CRC patients in clinical practice. This is the
first study to employ machine learning, specifically neural network analytics to support TCM clinical diagnoses
and prescriptions. The DeepMedic software may be used to deliver accurate TCM diagnoses and suggest pre-
scriptions to treat CRC.

1. Introduction

Traditional Chinese medicine (TCM) is an ancient health care
system that has been trusted to manage the health care needs of the
wider Asian population for thousands of years. As such, it benefits from
the accrued knowledge of TCM practitioners over this timespan, and
has been refined by billions of clinical experiences. In terms of the
approach to treatment of ailments, TCM primarily focuses on harmo-
nizing the Yin-Yang balance.1 Though its approach to disease treatment
may not be as focused and aggressive as western medicine, TCM
treatment modalities can make patients feel comfortable by promoting
homeostasis. As such, it is commonly adopted at present as an adjunct

modality to improve the quality of life in patients after receiving wes-
tern medical treatment, and has been rediscovered as a popular treat-
ment alternative in Asia over recent decades.2

However, traditional Chinese medicine arguably suffers from var-
ious drawbacks or weaknesses. One of the foremost of which is that
TCM practitioners may have different prescriptions for individual pa-
tients, based on the practitioners’ unique education and personal clin-
ical experiences. Even renowned veteran TCM doctors will demonstrate
differing treatments. The lack of standardized diagnosis and prescrip-
tion behavior results in not only difficult or confusing learning en-
vironments for young doctors but also uncertainty or confusion for
patients. Fortunately, this situation can be remedied through the
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application of big data and machine learning, which are undergoing
rapid development and innovation, and are currently being applied in
various fields.

For the present study, we used data extraction techniques, including
e-book data structuring, data mining, and knowledge discovery to
gather the treatment experiences of renowned veteran TCM doctors.3,4

Neural networks linking symptoms, patterns, syndrome elements, Chi-
nese herbs and formulas were applied by utilizing natural language
processing to translate data into a standardized language so the neural
network could more easily learn from and analyze the data.5,6 This
software can transform the information found in medical records into
standardized symptoms and output suggested diagnoses and prescrip-
tions for treatment.7 Furthermore, the cosine similarity was applied to
evaluate the matching of these prescriptions between original medical
records and the machine learning suggestions. The suggested pre-
scriptions may be used to reach a consensus among current TCM clin-
ical practitioners.

This is the first study to explore and compare TCM patterns by
utilizing a machine learning neural network to simulate diagnosis and
arrive at the most effective prescriptions. As the third most commonly
occurring cancer in the world, this study focused on cases of CRC.8,9 We
aim to apply big data neural network analysis in TCM clinical practice
to educate doctors by improving and standardizing the treatment of
various diseases and ailments. The collection of ancient knowledge and
subsequent analysis will not only help to prevent diagnostic error in
clinic practice but also allow junior TCM doctors or researchers to
follow standardized diagnosis and prescription patterns in their edu-
cation and research.

2. Materials and methods

2.1. Data acquisitions

The CRC cases were recruited from 141,962 cases of renowned
veteran TCM doctors collected from datasets of both the DeepMedic
(DM) software and TCM cancer treatment books, as shown in
Supplementary Table 1. The key word “intestines” was used to search
the data of western medical terms, revealing 2,277 cases. We subse-
quently excluded records of non-colon cancer, records without use of
Chinese herbal medicine, and unanalyzable records. Thus, 261 CRC
cases were recruited for further analysis. The flowchart of our data
acquisition process is shown in Fig. 1.

2.2. Standardized terminologies of traditional Chinese medicine

The standardization tool designed by DeepMedic was applied to
normalize the symptoms/signs and the prescriptions of Chinese herbal
medicine in the 261 cases. The details of the related methods are de-
monstrated in the Supplementary materials. The symptoms, signs,
syndrome elements, and CHM prescriptions of the CRC cases were
analyzed and then compared between the medical records and the
neural network output.

2.3. DeepMedic neural network analysis

The DeepMedic software is a tool used to standardize and analyze
the terminologies of traditional Chinese medicine and to suggest the
most effective prescriptions. The framework of DeepMedic is depicted
in the Supplementary materials. The website accessing the demo ver-
sion of DeepMedic may be found at: http://bigdata-demo.deepmedic.
cn/.

The main purpose of the standardization process is to unify the
polysemous or synonymous vocabulary for TCM verification, valida-
tion, and accreditation to facilitate the machine learning analysis and
output.

The standardization of TCM symptoms is performed via the neural

network, facilitated by modifying symptom vocabulary to match the
over 20,000 symptom terminologies of the thesaurus within the
DeepMedic software. The standardization of TCM nomenclature is
based on the authoritative Chinese medicine pharmacology dictionary.
The standard herb name and alias comparison tables are also applied to
standardize the herb names appearing in the cases. The standardization
process of syndrome elements, TCM patterns, Western medicine diag-
noses, and treatment modalities were unified by using their respective
standard nomenclatures.

In the process of standardization, DeepMedic will carry out separate
analyses for both the symptoms and medications of each case. It also
exerts intelligent pattern identification, analysis of prescription effi-
cacy, and matching of percentages for formulas and prescription pat-
terns. The DeepMedic software selects cases with pattern identification,
disassembles those patterns into several codes, and labels the standard
symptoms or standard medication used in the case. Thus, for each case
to be analyzed as input, DeepMedic can quickly identify the higher-
weighted code group composed of different types of patterns, resulting
in pattern identification. Subsequently, DM will identify the corre-
sponding code group associated with herbs and formulas and output a
recommended prescription. Moreover, DeepMedic can identify the
higher weighting code group from the original data of each case to trace
back the accuracy of the prescription and the logical thought process of
clinical practitioners. Additionally, the approximation between the
symptoms and medication can be calculated by cosine vector formula,
to compare the matching percentages between formulas and patterns.

Cosine vector formula is the inner product of two high dimension
vectors divided by their distances which represent the formula and
pattern conclusion. The dimensions are the codes that have TCM
meanings: COS(f, p) = (f ˙p) / |f||p|

The code dimensions are semi-correlated with the TCM meaning
and the output of the neural network is between 0 and 1. Thus, simply
using COS function can give us a straightforward impression of how to
match the formulas and patterns without involving complexity.

The weightings of each code based on different symptoms are cal-
culated by a back-forward propagation of neural network consisting of
several hidden layers. The reason for not choosing deeper hidden layers
is because the relation between the codes and the symptoms is more
direct in the TCM field, therefore this prevents overfitting. The
weightings of each pattern are based on different patterns calculated by
using the well-known heuristic equation, Term-Frequency-Inverse

Fig. 1. Flow chart of study cases extracted from renowned veteran TCM prac-
titioners.
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Document Frequency (TF-IDF) with some modifications. The con-
sideration of TF-IDF is that the TCM diagnosis relies on the dis-
crimination of natural signs. Thus, we smooth the calculating results of
TF-IDF in order to know the strength of one specific symptom to
identify the pattern.

TF = (the frequencies of symptom A in code B / code)

∑= ∕

∈′

′Term frequency f ft d

t d

t d, ,

= + ∕N nInverse document frequency smooth log (1 )t

2.4. Data analysis

We calculated the frequency of occurrence for the top ten standard
major symptoms, as well as for the top five pulses and tongue diagnoses
of the CRC cases. We further compared the ten most common herbal
prescriptions between the medical records and the neural network
output suggestion. The Pearson correlation coefficient (PCC) was used
to indicate the similarities between these two comparisons. The NodeXL
software (https://nodexl.com/) was applied to interpret the associa-
tions of both standard symptoms and medication.

3. Results

3.1. The main symptoms and TCM clinical diagnoses in patients with CRC

TCM clinical data contains distinctive information, including TCM
symptoms and signs used to diagnose patterns and arrive at a pre-
scription for treatment. In this study, the top 10 main symptoms are
shown in Table 1. Over 20 percent of patients with CRC demonstrated
symptoms of poor appetite (n= 115, 44.1%), fatigue (n=102, 39.1%),
loose stool (n= 61, 23.4%), and abdominal pain (n=55, 21.1%).
While less than 20 percent of reported symptoms included insomnia
(17.6%), abdominal distension (14.6%), dry mouth and nausea
(10.7%), emaciation (10.0%), and hematochezia (9.6%).

According to TCM theory, the tongue and pulse examinations are of
great importance to the diagnostic procedure. The diagnosed patterns
illuminate what treatment options are advisable, and what symptoms
need to be addressed. Thus, we further analyzed the pulse and tongue
signs of the CRC patients. A fine pulse was the most common pulse
diagnosis (61.7%), followed by string-like pulse (35.6%), deep pulse
(27.2%), slippery pulse (17.2%), and weak pulse (8.4%), as shown in
Table 2. Furthermore, the top 5 tongue diagnoses were red (18.0%),
dark red (17.2%), light red (11.5%), ecchymosis (7.7%), and teeth
marks (4.6%). As for the tongue coating, the sequential order was thin
(41.8%), white (41.0%), yellow (33.7%), greasy (26.4%), and thin with
white (20.3%), as shown in Table 2.

An analysis was applied in this study in order to link the dominance
and association between symptoms and signs present in the TCM di-
agnostic patterns, as shown in Fig. 2. The fine pulse was dominant in

CRC patients highly associated with the other four major symptoms and
signs, including thin coating (5), poor appetite (4.93), white coating
(4.8), and fatigue (4.4), indicating a Qi deficiency and dampness.

3.2. Comparison of prescriptions of Chinese herbal medicine for CRC
patients

Herbal medicine prescription is based on the symptoms and signs
identified during the TCM diagnostic process, and is applied to reach
internal homeostasis. However, different practitioners could apply un-
ique pattern diagnoses, and therefore arrive at differing prescriptions
for treatment. Thus, we compared the differences of prescriptions be-
tween renowned veteran TCM practitioners and the suggested pre-
scriptions of the neural network. We found that Atractylodes macro-
cephala (Bai-zhu, 52.3%) and Poria (Fu-ling, 52.3%) were the most
commonly prescribed single herbs according to medical records, fol-
lowed by Radix Astragali (Huang-Qi, 43.4%), Radix codonopisis (Dang-
shen, 26.3%), and Semen Coicis (Yi-yi-ren, 23.5%); meanwhile, there
were minor differences in the sequence of prescriptions suggested by
the neural network, including Atractylodes macrocephala (Bai-zhu,
40.6%) and Poria (Fu-ling, 35.9%), Radix Glycyrrhizae Preparta (Gan-
cao, 32.7%), Radix codonopisis (Dang-shen, 29.2%) and Radix Bupleuri
(Chai-hu, 26.2). These results demonstrated a high degree of similarity
between the TCM doctors’ prescriptions and those of the neural network
output (Pearson correlation coefficient, PCC=81.9%) (see Table 3).
Most significantly, the network analysis demonstrated a high correla-
tion of Atractylodes macrocephala, Radix Astragali, Poria, Radix codono-
pisis and Radix Glycyrrhizae between medical records and the neural
network output, indicating the importance of nourishing Qi and elim-
inating dampness for patients with CRC in clinical practice (see Fig. 3).

4. Discussion

TCM is an ancient form of health care based on the accrued wisdom
and experience of practitioners. While effective clinical experiences and
prescriptions were recorded for the benefit of future generations, the
sheer amount of data gathered over thousands of years is onerous.
However, due to technological advances, this ancient wisdom is pre-
sently being transformed into a digital format by optical character re-
cognition (OCR) by the DeepMedic team. Thus, this study attempts to
integrate the information collected from renowned veteran TCM clin-
ical practitioners and utilize neural network analysis to identify the
most effective Chinese herbal medicine treatments for patients with
CRC. To the best of our knowledge, this is the first study to use a ma-
chine learning, specifically neural network analysis, to arrive at the
most effective prescriptions for clinical practitioners.

At present, the most accurate methods for the diagnosis of CRC are
by sigmoidoscopy and colonoscopy examinations.10 According to re-
ports, bloody stool and change of bowel movement habits are the most
common symptoms occurring in patients with CRC.11,12 Thus, con-
sideration of patients’ symptoms and signs may reveal important clues
to be used for the early diagnosis of CRC. In the present study, we reveal
that the top ten symptoms include six gastrointestinal issues, and the
frequency of hematochezia is 9.6%. Additionally, treatments such as
chemotherapy, radiotherapy, and/or surgery in CRC patients have been
reported to result in physical discomfort, including dyspepsia, sleep
disturbance, and GI upsets.13 This study found that poor appetite is the
chief symptom, while psychological and physical illnesses such as fa-
tigue and insomnia are also common. These symptoms may make pa-
tients feel a general sense of weakness and discomfort, and may con-
sequently restrict further western medical treatments.

In addition to the aforementioned, pulse and tongue diagnoses are
essential tools in the assessment of the homeostasis of Ying-Yang and
the five major organ systems, according to TCM theory. A fine pulse, the
most common pulse pattern identified in our study, is associated with
Qi and blood deficiencies, indicating a chronic illness. A red or dark red

Table 1
Top ten of the chief symptoms of patients with colorectal
cancer.

Symptoms Frequency (%)

Poor appetite 115(44.1)
Fatigue 102(39.1)
Loose stool 61(23.4)
Abdominal pain 55(21.1)
Insomnia 46(17.6)
Abdominal distension 38(14.6)
Dry mouth 28(10.7)
Nausea 28(10.7)
Emaciation 26(10.0)
Hematochezia 25(9.6)
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tongue coloration combined with a white or yellow coating represents
heat repletion or Ying vacuity associated with dampness.14,15 Further-
more, previous studies have reported that CRC patients’ tongue coatings
demonstrated obvious thickening in comparison with healthy people.
Interestingly, a purple tongue, equivalent to a dark red tongue, ac-
companied ecchymosis in approximately 24.9% of our study popula-
tion, and appears frequently in most cancer patients to indicate the
pattern of blood stasis.16,17

Cancer is a complicated systemic disease often affecting multiple
organs. According to TCM theory, tumors initially act as a kind of toxic
heat to exhaust the human Qi and blood, eventually leading to Qi
stagnation and blood stasis. As such, a majority of TCM practitioners
prescribe herbs to nourish the Qi and blood, clear heat, and to remove
blood stasis, in accordance with the differing diagnostic patterns asso-
ciated with cancer patients. Previous studies have reported the most
frequently prescribed formulas in patients with CRC was Xiang-Sha-Liu-
Jun-Zi-Tang, composed of Vladimiria radix (Mu-Xiang), Villous amomum
(Sha-Ren), Citri reticulatae (Chen-Pi), Pinellia ternate (Ban-Xia), Ginseng
radix (Ren-Shen), Atractylodes macrocephala (Bai-Zhu), Poria (Fu-Ling),
Glycyrrhizae preparta (Gan-Cao), Zingiberis rhizome (Gan-Jiang),
Zizyphus fructus (Da-Zao). In addition, the single herbsHedyotis diffusa

(Bai-Hua-She-She-Cao), Scutellaria barbata (Ban-Zhi-Lian), Ginseng
Radix (Ren-Shen) and Radix Astragali (Huang-Qi) are also commonly
prescribed.13,18 Most of these herbs can invigorate the spleen and sto-
mach so as to ensure production of blood and Qi to improve quality of
life and reduce side effects induced by western medical treatment.19

This study identifies significant similarities of TCM prescriptions among
previous studies, renowned veteran TCM doctors, and the neural net-
work analysis output.

As for the specific anti-cancer effects of the abovementioned CHM
prescriptions, Atractylodes macrocephala suppresses β-catenin/T-cell
factor transcriptional activity to downregulate the nuclear level of β-
catenin and inhibits proliferation of CRC cells.20 Poria has been re-
ported to potentiate immune response and inhibit tumor growth by
anti-angiogenesis via downregulation of both NF-κB and NF-κB/Rel
translocation.21 Radix Astragali exerts anti-angiogenic effects by redu-
cing VEGF ligand/receptor and anti-carcinogenesis through Akt/mTOR
and COX-2 pathways to inhibit CRC cell growth both in vitro and in
vivo.22 Codonoposide 1c, isolated from Radix codonopisis, activates
caspase cascade through the intrinsic pathway to modulate Bid, Bax,
and Smac to induce apoptosis and inhibit cancer growth.23 Pericarpium
Citri Reticulatae induces apoptosis in human colon cancer cells through

Table 2
Top five TCM clinical diagnoses of pulse and tongue in patients with colorectal cancer.

Pulse diagnosis Tongue diagnosis

Type Frequency (%) body Frequency (%) coating Frequency. (%)

Fine pulse 161(61.7) Red 47(18.0) Thin coating 109(41.8)
String-like pulse 93(35.6) Dark red 45(17.2) White coating 107(41.0)
Deep pulse 71(27.2) Light red 30(11.5) Yellow coating 88(33.7)
Slippery pulse 45(17.2) Ecchymosis 20(7.7) Greasy coating 69(26.4)
Weak pulse 22(8.4) Teeth Marks 12(4.6) Thin with white coating 53(20.3)

Fig. 2. Network of standard symptoms. Network analysis of the ten most frequent symptoms and signs for all patients with colorectal cancer. The spot size indicates
the frequency of clinical observation, and the line width indicates the association between symptoms and signs.
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Bax-related caspase-3 activation.24 While Lin et al. has reported that
Hedyotis diffusa suppresses CRC cell growth via inducing apoptosis, and
inhibiting angiogenesis through the VEGF pathway as well as the
cancer-promoting inflammatory environment through IL-6/STAT3 sig-
naling modulation.25,26 Tanshinone I and II, major extracts from Radix
Salviae Miltiorrhizae, induce CRC apoptosis and G0/G1 cell growth ar-
rest by p53 and survivin-mediated signaling pathways.27,28 In addition,
Semen Coicis, a common component in cereal products, suppresses early
events in colon carcinogenesis by reducing the number of preneoplastic
aberrant crypt foci (ACF) associated with the decrease of COX-2 protein
expression.29,30 Moreover, DangguiBuxue Tang, composed of Radix
Angelicae sinensis and Radix Astragali, induces autophagy-associated cell
death in CRC cells as a chemotherapy or radiotherapy sensitizer in CRC
treatment.31 The possible therapeutic and pharmacological effects of
these ten single herbs in CRC management are illustrated in Supple-
mentary Table 2.32–78

In the future, neural network analysis to examine colorectal cancer
(CRC) cases should also include consideration of the multi-scale and
dynamic behaviors of CRC. We know that inflammation has a close
relationship with cancer, including responses to DNA damage, gene
mutation, cell cycle behavior, population dynamics, and metabolism-
immune balance.79 Therefore, apart from TCM prescription and pattern
analysis, modern medicine laboratory data, molecular biology, and data
from other fields should be included in the analysis module in the

future.
There are several inherent limitations to this study which must be

addressed. First, the software used herein involves a neural network
and natural language processing which may neglect some symptoms
and signs potentially used for more detailed differential diagnosis.
Second, data are insufficient to distinguish the specific treatments ef-
fective at relieving side effects or inhibiting cancer growth. Finally, the
data shown in this study only present diagnosis and/or treatment from
Chinese medical literature as compared with the neural network ana-
lysis output; however, the similarities in CRC treatment prescriptions
between TCM practitioners and the neural network output require
further validation based on TCM theory, and necessitate further clinical
observation and trials to verify effectiveness.

5. Conclusion

This is the first study to utilize neural network analytics to suggest
clinical prescriptions through the analysis of big data resources. The
DeepMedic software applied in the present study identified herbs with
the purpose of nourishing Qi and eliminating dampness for its sug-
gested prescriptions, accurately corresponding to TCM prescriptions for
the treatment of CRC in clinical practice. The successful application of
this technology in TCM will improve the effectiveness of disease diag-
nosis and treatment, and may be applied to enhance education and

Table 3
Top ten single Chinese herbs prescribed for colorectal cancer patients between medical record and neural network output.

Medical record
latin name (Pin-Yin name)

Frequency (%) Neural network output
latin name (Pin-Yin name)

Frequency (%)

Atractylodes macrocephala (Bai-zhu) 147(52.3) Atractylodes macrocephala (Bai-zhu) 114(40.6)
Poria (Fu-ling) 147(52.3) Poria (Fu-ling) 101(35.9)
Radix Astragali (Huang-Qi) 122(43.4) Radix Glycyrrhizae Preparta (Gan-cao) 92(32.7)
Radix codonopisis (Dang-shen) 74(26.3) Radix codonopisis (Dang-shen) 82(29.2)
Semen Coicis (Yi-yi-ren) 66(23.5) Radix Bupleuri (Chai-hu) 73(26.0)
Radix Glycyrrhizae Preparta (Gan-cao) 65(23.1) Radix Astragali (Huang-Qi) 71(25.3)
Pericarpium Citri Reticulatae (Chen-pi) 63(22.4) Radix Paeoniae Lactiflorae (Bai-shao-yao) 63(22.4)
Pseudostellariae Radix (Tai-zi-shen) 59(21.0) Radix Angelicae sinensis (Dang-gui) 61(21.7)
Hedyotis diffusa Willd (Bai-hua-she-she-cao) 54(19.2) Pericarpium Citri Reticulatae (Chen-pi) 51(18.1)
Rhizoma Pinelliae (Ban-xia) 51(18.1) Radix Salviae Miltiorrhizae (Dan-shen) 43(15.3)

PCCa=81.9% indicated the similarity between medical record and neural network output.
aPCC Pearson correlation coefficient.

Fig. 3. Network of medicine. Network analysis of the ten most frequent herbs prescribed by renowned veteran TCM practitioners (a) and neural network (b) in
patients with colorectal cancer. The spot size indicates the frequency of Chinese herbal product prescription, and the line width indicates the association between two
Chinese herbs.

Y.-C. Lin et al. Complementary Therapies in Medicine 42 (2019) 279–285

283



research in the future.
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