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ARTICLE INFO ABSTRACT

Keywords: The broad use of traditional Chinese medicines (TCMs) and the accompanied incidences of kidney injury have
QSAR attracted considerable interest in investigating the responsible toxic ingredients. It is challenging to evaluate
Nephrotoxicity toxicity of TCMs since they contain complex mixtures of phytochemicals. Quantitative structure-activity re-
Traditional Chinese medicines lationship (QSAR) is an efficient tool to predict toxicity and QSAR study on TCMs-induced nephrotoxicity re-
mains lacked. We developed QSAR models using three datasets of 609 compounds: natural products, drugs, and
mixed (contained both kinds of data) datasets. Each dataset was used for modelling by utilizing artificial neural
networks (ANN) and support vector machines (SVM) algorithms separately. Both internal and external valida-
tions were performed on each model. Six QSAR models were developed and yielded reliable performance in the
internal validation. For external validation, 30 ingredients in the TCMs were predicted well by the natural
product models (accuracy: ANN 96.7%, SVM 93.3%). The mixed models (accuracy: ANN 76.7%, SVM 66.7%)
showed a better performance than the drug models (accuracy: ANN 50%, SVM 53.3%). Particularly, natural
product models produced the most reliable results. It has the application not only on screening the nephrotoxic

ingredients in TCMs, but it is also helpful at prioritizing the subsequent toxicity testing of natural products.

1. Introduction

Traditional medicine has gained popularity for various uses in-
cluding prevention and treatment of diseases, weight loss, and relief of
anxiety (Fan et al., 2015). The World Health Organization (WHO) re-
ported that traditional medicine serves as a medical treatment for up to
75%—-80% of the world population (WHO, 2013). Due to their natural
properties, traditional Chinese medicines (TCMs) have spread beyond
China and Asia, with increasing worldwide acceptance (Stickel et al.,
2005; Teng et al., 2016). However, there are some cases reported that
TCMs or herbal medicines caused severe side effects (Xu et al., 2012,
2015) or interacted harmfully with prescription medications (Gouws
et al., 2012). Specifically, nephrotoxicity accounts for a large propor-
tion of TCM-induced toxicities (Yang et al., 2018). According to a re-
view of adverse drug reactions (ADRs) reports (Zeng and Jiang, 2010),
over 10% of ADR cases were renal adverse effects. For example, the
aristolochic acid nephropathy (AAN), a rapidly progressive interstitial
nephritis that leads to end-stage renal disease and urothelial malig-
nancy (Debelle et al., 2008; Nortier and Vanherweghem, 2002;

Vanherweghem et al., 1993), was caused by aristolochic acids, one
major ingredient of many TCMs, such as Aristolochia fangchi, Aris-
tolochia manshuriensis Kom and Aristolochia Manshuriensis (Krumme
et al., 2001; Poon et al., 2007; Yang et al., 2007). Nephrotoxicity issue
in TCMs needs for greater awareness. However, some other potential
nephrotoxic ingredients of TCMs remain to be identified.

TCMs contain a wide variety of ingredients, the safety evaluation of
each ingredient using conventional experimental testing is time-con-
suming and labour-intensive (Barlow et al., 2012; Shaw, 2010). The
increasing public interest in reducing the number of animals used for
experimental testing are driving the need to finding alternatives such as
in vitro and computational methods (Ekins, 2014). However, it is dif-
ficult to screen potential toxic ingredients from TCMs using in vitro
methods, since many of them are not easily to get sufficient amounts of
pure compounds by isolation and purification. In silico toxicology is one
type of toxicity assessment that utilizes computational methods to
analyse, simulate, visualize, or predict the toxicity of chemicals using
only “virtual” structures of compounds (Raies and Bajic, 2016;
Roncaglioni et al., 2013; Toropov et al., 2014; Valerio, 2009). Among in
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Abbreviations

2D two-dimensional

AAN aristolochic acid nephropathy
Acc accuracy

ADRs adverse drug reactions

ANN artificial neural network

EPA Environmental Protection Agency

MCC Matthew's correlation coefficient

OECD Organization for Economic Cooperation and Development
QSAR quantitative structure-activity relationship

SE sensitivity

SP specificity

SVM support vector machine

TCMs traditional Chinese medicines

WHO World Health Organization

silico approaches, quantitative structure-activity relationship (QSAR)
modelling is a low cost, high-throughput alternative method for map-
ping molecular structural features to biological properties (Roy et al.,
2015), especially by filling data gaps in TCM safety analysis and
prioritizing additional experimental studies (Benfenati, 2016). The
Organization for Economic Cooperation and Development (OECD) has
published guidelines for QSAR model development and validation
(OECD, 2014). With the recommended procedures, several studies have
been reported to predict organ toxicity induced by synthetic com-
pounds based on the combination of chemical structure and bioactivity
(Liu et al., 2015, 2017; Zhu et al., 2014). However, there are few QSAR
models to predict various toxicity of specific ingredients of TCMs, ex-
cept the hepatotoxicity, which has been benefited from the growing
number of database regarding the liver toxicity of TCMs (Huang et al.,
2015; Zhao et al., 2017), and these models showed good performance to

predict the hepatotoxicity of pyrrolizidine alkaloids, the well-known
hepatotoxins (Wiedenfeld and Edgar, 2011). However, QSAR modelling
for evaluating nephrotoxicity induced by TCMs is still in its infancy due
to the limited TCMs-related renal toxicity experimental data.

In this study, we developed and validated QSAR models for pre-
dicting the nephrotoxicity of ingredients in TCMs, according to OECD
recommended procedures. The total modelling workflow is depicted in
Fig. 1. In order to have a wide applicability, we collected nephrotoxicity
data in human and animal studies (in vivo) from multi-source for both
natural products and drugs, and developed separately QSAR models.
The QSAR models were internally and externally validated to evaluate
the predictive performance, and to find the model with the best per-
formance.

Nephrotoxicity data collection
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Fig. 1. Overview of QSAR modelling process.
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2. Materials and methods
2.1. Data set

2.1.1. Natural product dataset

To obtain the required amount of data for QSAR modelling, we
combined the nephrotoxicity data of both natural products and com-
pounds in TCMs. First, data on herbs and dietary supplements asso-
ciated with clinical kidney injury were collected from peer-reviewed
literature (Brown, 2017; Yang et al., 2018) and the Natural Medicines
Comprehensive Database (Therapeutic Research Centre LLC, Stockton,
CA, USA). Then, the major ingredients in these herbs and dietary sup-
plements were identified in published literature using online search
engines (PubMed, National Library of Medicine) and the TCM Data-
base@Taiwan (Chen, 2011). Finally, 76 compounds were selected as
the positive set of natural products.

For the selection of negative set of natural products, nine TCM
herbs, Salvia miltiorrhiza, Liuwei Dihuang teapills, Astragalus,
Cinnamomum cassia, celery root, Schisandra chinensis, Scutellaria baica-
lensis, Ganoderma lucidum, and Phyllanthus emblica (Guan et al., 2013;
Lai et al., 2015; Lin et al., 2016; Nasri and Rafieian-Kopaei, 2014; Sayed
et al., 2015; Zhang et al., 2014; Zhong et al., 2015), have proven re-
noprotective benefits in human studies. Then, the main active in-
gredients in the above TCMs were similarly identified. In addition,
natural dietary supplements without nephrotoxicity reports were also
included. As a result, a total of 82 compounds were selected as the
negative set of natural products. The overall natural product data are
presented in Supplementary Table 1.

2.1.2. Drug dataset

Drug nephrotoxicity data were collected by searching two data-
bases: Side Effect Resource (SIDER, http://sideeffects.embl.de) data-
base (Kuhn et al., 2016) and Toxicity Reference Database (ToxRefDB)
(MARTIN, 2010). SIDER was developed by the European Bioinformatics
Institute and contains information on drugs and their ADRs in humans.
ToxRefDB, Environmental Protection Agency (EPA)'s toxicity reference
database, is a dynamic resource that lists hundreds of in vivo endpoints
observed in different tissues in animal studies and is publicly available
(http://www2.epa.gov/chemical-research/toxicity-forecaster-
toxcasttm-data). In this study, we searched the SIDER database and
chose drugs with renal ADRs with “very common” and “common” fre-
quency. Furthermore, we used kidney histopathology endpoints ob-
served in rat or mouse after oral administration of the chemicals from
the ToxRefDB database. As a result, we selected 196 nephrotoxic
compounds from two databases as positive drug dataset, and 288
compounds without nephrotoxicity from SIDER as negative drug da-
taset (see Supplementary Table 2).

For the external validation, 15 compounds in TCMs with ne-
phrotoxicity and 15 without nephrotoxicity were chosen to establish an
external validation set. The remaining 128 natural products constituted
Training set I for modelling. The composition of the datasets is shown in
Table 1. Training sets I and II included three duplicated compounds
and, therefore, training set III was not the sum of training sets I and II.
The corresponding two-dimensional (2D) structures of chemicals were
downloaded from the PubChem database (https://pubchem.ncbi.nlm.
nih.gov/), and compounds not found in the database were sketched

Table 1
Data sets used for QSAR analysis.
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using the Chemdraw” software. Fig. 2 shows the typical 2D structures of
nephrotoxic compounds in TCMs.

2.2. Chemical descriptor

ADMET Predictor™ version 9.0 (Simulations Plus, Inc, Lancaster,
CA, USA) was used to calculate hundreds of molecular descriptors from
the 2D chemical structures. The descriptors included simple constitu-
tional, topological indices, electrotopological state indices, charge-
based, and hydrogen-bonding descriptors as well as those with other
properties. For all compounds, 341 molecular descriptors from 2D
structures were calculated using ADMET Predictor™.

2.3. Model development

We developed QSAR models using the ADMET Modeler™ module, a
model-building tool in the ADMET Predictor™ software. ADMET
Modeler™ supports two machine learning algorithms for model-
building, the artificial neural networks (ANN) and support vector ma-
chines (SVM), which are both flexible high-performance methods that
are well suited for complex data (Byvatov and Schneider, 2003; Yang,
2004). These two algorithms were used to develop the QSAR models in
this study. The models based on natural products, drugs, and a mixture
of both were denoted as models N, D, and M, respectively.

2.4. Model validation and performance evaluation

In this study, two validation procedures were performed. First, for
the internal validation, the training datasets were randomly split into a
training pool and a test set, and compounds in the training pool were
used to develop the QSAR model, which was then assessed by pre-
dicting the compounds in the test set. Then, for the external validation,
we applied the optimum models to a totally external validation set (15
compounds in TCM with nephrotoxicity and 15 compounds without
nephrotoxicity) to evaluate the model's predictive performance.

Model performance was evaluated using internal and external va-
lidation. The commonly used parameters for evaluating the perfor-
mance of QSAR models are sensitivity (SE), specificity (SP), accuracy
(Acc), and Matthew's correlation coefficient (MCC). SE is the true po-
sitive rate or the percentage of positive compounds correctly predicted,
while SP is the true negative rate or the percentage of negative com-
pounds correctly predicted. MCC is a correlation coefficient between
the observed and predicted binary classifications. The four parameters
of measurement are defined as follows:

TP

E= ——
TP + FN
p-__IN
TN + FP
TP + TN
Acc= ——
TP+TN + FP+FN
MCC TPXTN — FPXFN

N J(TP + FP)(TP + FN)(TN + FN)(TIN + FP)

TP, TN, FP, and FN are the number of true positives, true negatives,
false positives, and false negatives, respectively.

Number of positive compounds Number of negative compounds

Data sets Sources of compounds Number of compounds
Training set I Natural products 128

Training set II Drugs 484

Training set III Natural products and drugs 609

External validation set Ingredients in TCMs 30

61 67
196 288
257 352
15 15
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Fig. 2. The typical 2D structures of nephrotoxic compounds in TCMs included in the dataset.
3. Results set were predicted reasonably well. Only one compound was not dis-

3.1. QSAR models for nephrotoxicity prediction

In this study, data on 484 drugs and 128 natural products were
collected and subsequently used to form three training sets to develop
predictive models for nephrotoxicity. For each training set, we con-
ducted the internal validation using descriptor selection to evaluate the
performance of the ANN and SVM machine learning algorithms. The
optimum models of each algorithm and training set were chosen using
the internal validation. The performance plot for models generated
based on different algorithms are shown in Fig. 3. As listed in Table 2,
all models for nephrotoxicity prediction yielded a reliable performance
with Acc > 75%, indicating that all models can be used for further
validation. For the two algorithms, both the SEs and SPs of all ANN-
models were > 75%, while the SVM-models showed better SPs than
SEs. Among the six models, five exhibited a better performance, with
Acc > 85%, than the Mg model did.

3.2. Predictive performance of QSAR models

External validation is the most realistic setting for the practical
application of models. In this study, the prediction Acc of the QSAR
models in the external validation are shown in Table 3. Among these six
models, the performance of model N, and Ng derived from the natural
products dataset were promising with Acc all > 90%. These two high-
quality models could be used to predict the potential nephrotoxicity of
compounds in TCMs. The prediction outcomes of the 30 ingredients in
TCMs are listed in Table 4. TCM ingredients in the external validation
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criminated by the model N, and two compounds were predicted with
error by the model Ng. Of these ingredients, some well-known ne-
phrotoxins were accurately identified including aristolochic acid
(Debelle et al., 2008), ephedrine (Powell et al., 1998), colchicine
(Huang et al., 2007), Triptolide (Li et al., 2014), and so on (detailed
prediction results of the remaining four models are available in the
Supplementary Table 3).

Moreover, the mixed models performed better than the models D
(based on drug dataset), indicating that including the natural product
data in the training set improved the predictive power of the models for
toxicity screening of ingredients in TCMs. In contrast, the performance
of models D, and Dg, which were completely based on drugs, were poor
with Acc values of 50.0% and 53.3% and low MCC values at 0 and
0.089, respectively, which indicated a very low predictive ability.

Among all the models, only N, and Ng, based on natural products,
had a balanced performance (SE and SP > 90%), whereas the other
models had a high SP but a relatively low SE.

4. Discussion

The widespread use of TCMs that are usually considered as harmless
by the general population, has been associated with the increased
number of TCM-induced adverse renal effects (Xu et al., 2015). Iden-
tifying TCMs that may cause renal injury is challenging because they
contain complex mixtures of compounds. Most of them have unknown
toxicological properties, which increases the difficulty in the rational
use of TCMs. Therefore, it is crucial to predict and determine the po-
tential nephrotoxicity of individual ingredient. Since the animal
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Fig. 3. The scatter plot for six optimum models in internal validation. Training pool points are colored blue, whereas the internal test set points are highlighted in red.
The plot includes a graphical two-way truth table with the number of each class - false negatives (FN), true positives (TP), true negatives (TN) and false positives (FP)
indicated in the top left corner of the respective quadrants. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version

of this article.)

experiment method is time-consuming and labourextensive, and the
chemical structure of ingredients in TCMs is often the only data avail-
able, the computational approaches based on QSAR are directed to-
wards their toxicity evaluation (Raies and Bajic, 2016).

To date, QSAR studies assessing the nephrotoxicity of compounds
are extremely limited. We conducted a PubMed search using the key-
words “QSAR” and “nephrotoxicity” which produced five hits (by
January 2019) with no QSAR modelling for TCMs. In fact, several ne-
phrotoxicity models were developed based on synthetic drugs and en-
vironmental chemicals (Lee et al., 2013; Myshkin et al., 2012). How-
ever, applying QSAR models completely built using synthetic
compounds to predict TCM toxicity may lead to bias (Zhao et al., 2017).
Furthermore, the nephrotoxicity data of TCMs needed for QSAR mod-
elling are insufficient. In this study, we adopted a strategy that in-
corporated natural product data into the model dataset. We collected
and sorted the nephrotoxicity related data of both natural products and
drugs, and subsequently developed QSAR models based on three types
of datasets to compare the predictive performance of models. To reduce
the bias caused by different machine learning algorithms, we used both
ANN and SVM, to construct our QSAR models.

QSAR model performance is largely dependent on three factors, the
data set size, the positive/negative distribution, and how the positive/
negative are determined (Wu et al., 2017). Thus, to expand the size of
the data set, we selected natural products instead of only ingredients in
TCMs. In addition, the ratio of positive to negative compounds in this
study was basically balanced at 1:1.47 (196:288) for drugs, 1:1.10
(61:67) for natural products, and 1:1.37 (257:352) for the mixed group.
It is worth mentioning that the criteria applied to annotate compounds
that induce nephrotoxicity are a significant consideration in data col-
lection. The reliable of our models can be explained by this point. In
this study, we searched the clinical adverse reaction SIDER database
and selected drugs with adverse effects on the kidney and with ‘very
common’ and ‘common’ frequency. Moreover, to make our models have
broader applicability, we chose in vivo animal experimental data ex-
cluding data from only in vitro toxicity studies. The internal validation
outcomes of all the QSAR models in our study were adequate with
predictive Acc > 85% except for model Mg (78.8%).

In published studies on TCM hepatotoxicity evaluation, the predic-
tion accuracy of externally validated model is 87% (Huang et al., 2015)
and 90% (Zhao et al., 2017). Our models based on natural product
dataset, performed reasonably well with a predictive Acc > 90%.
Whereas the accuracy of Models D (based on drug dataset) was only
approximately 50%, indicating models N had a better practical value
than the other models did and could play an active role in predicting
the nephrotoxicity of ingredients in TCMs. Furthermore, the mixed
models showed improved performance compared to models D. These

Table 3

Performance of QSAR models in external validation.
Model Data source SE (%) SP (%) Acc (%) MCC
Model Ny Natural products 93.3 100 96.7 0.935
Model Dy Drugs 26.7 73.3 50.0 0.000
Model My Mixed data 53.3 100 76.7 0.603
Model Ng Natural products 93.3 93.3 93.3 0.867
Model Dg Drugs 20.0 86.7 53.3 0.089
Model Mg Mixed data 33.3 100 66.7 0.447

Sensitivity (SE), specificity (SP), accuracy (Acc), Matthew's correlation coeffi-
cient (MCC).

results revealed that incorporating natural products data into model
datasets could enhance the predictive power of models.

Moreover, we found that irrespective of the machine learning al-
gorithm used, the results of the external validation of the drug and
mixed models showed they had greater SP than SE. It is noteworthy that
the chemical space (Wetzel et al., 2007), structure, and atoms of natural
products differ from those of synthetic compounds. It is universally
acknowledged that misclassifying a toxic chemical is more severe than
categorizing a non-toxic chemical falsely. Hence, although the SP of
model M, was 100%, considering that its SE was just 53.3%, it is not
advisable to apply this model practically. It was demonstrated that the
models constructed using synthetic drugs were not applicable to toxi-
city predictions of ingredients in TCMs.

To the best of our knowledge, this is the first QSAR study on pre-
dicting nephrotoxicity of ingredients in TCMs. The developed QSAR
models could predict the potential nephrotoxic ingredients in TCMs,
which would be helpful in reducing animal tests and saving money and
time. The accurate predictions in our study justify the suitability of
utilizing QSAR model for screening nephrotoxicity of ingredients in
TCMs. The limitation is that natural product dataset was small due to
the lack of known nephrotoxic phytochemicals. Furthermore, the ab-
sorption and metabolism of a specific ingredient should be considered
when applying QSAR model (Liu, 2018), since most herbal medicines
are orally administered.

In conclusion, the developed models in this study based on natural
product or mixed dataset improved the predictive power of models for
screening nephrotoxicity of the ingredients in TCMs. Importantly, the
models completely based on natural product dataset generated more
rational results and were more workable for TCM-induced ne-
phrotoxicity assessment than the other models. It is applicable to pre-
dicting the potential nephrotoxic ingredients in TCMs, and could
prioritize phytochemicals for future toxicity testing.

Table 2

Overall Performance of QSAR Models in internal validation.
Model Data sets Algorithm Number of descriptors Number of neurons SE (%) SP (%) Acc (%) MCC
Model Ny Training set I ANN 80 1 92.3 93.8 91.1 0.861
Model Dy Training set II ANN 48 3 95.7 92.5 88.4 0.867
Model My Training set III ANN 48 6 75.6 83.0 86.1 0.588
Model Ng Training set I SVM 93 - 90.9 100 96.9 0.892
Model Dg Training set II SVM 72 89.3 93.2 86.8 0.825
Model Mg Training set III SVM 72 - 67.4 87.0 78.8 0.560

Sensitivity (SE), specificity (SP), accuracy (Acc), Matthew's correlation coefficient (MCC).
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Table 4
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Prediction results of known nephrotoxic and non-nephrotoxic TCM ingredients in external validation using QSAR models based on natural products data

(P = positive, N = negative).

Source (Scientific names)” Actual Model Ny Model Ng

Ingredients Pubchem CID

Esculeoside A 10887728 Phytolacca acinosa Roxb
Ephedrine 9294 Ephedra sinica Stapf
Norephedrine 26934 Ephedra sinica Stapf
DL-Sphinganine 6603822 Semen Pharbitidis
Fangchinoline 5458555 Stephania tetrandra
Sciadopitysin 5281696 Taxus cuspidata
Paclitaxel 36314 Taxus cuspidata
Aconitine 245005 Aconitum carmichaeli Debx.
Glycyrrhizic Acid 14982 Glycyrrhiza uralensis Fisch
Parviflorin 10326164 Annona muricata
Dauricine 73400 Rhizoma Menispermi
Triptonide 65411 Tripterygium wilfordii
Colchicine 6167 Colchicum autumnale
Strychnine 441071 Strychnos nuxvomica
Aristolochic Acid 2236 Aristolochiae Fructus
Astragaloside-II 71306915 Astragalus

Astragalin 5282102 Astragalus
Astragaloside IV 158694 Astragalus
Skullcapflavone 1T 124211 Astragalus
Schisanhenol 73057 Schisandra chinensis
Gomisin A 68781 Schisandra chinensis
Schisandrol B 634470 Schisandra chinensis
Cinnzeylanine 85379763 Cinnamomum cassia
Cinnzeylanol 3085241 Cinnamomum cassia
Ganoderic Acid B 471003 Ganoderma lucidum
Ganoderic Acid A 471002 Ganoderma lucidum
Lucidenic Acid B 102410351 Ganoderma lucidum
Martynoside 5319292 Rehmannia glutinosa
Pedunculagin 442688 Phyllanthus emblica
Phyllanemblinin A 11135859 Phyllanthus emblica

zZzZ2z2z2z2z2Zzz22z22z2z2zZZ99Y9Y9YYYwYYUTYYTYTYITYI
zzzzzz22z22z222222z22Z2z2999999Z2999Y9YYIYT
zzzzzzz2z2z22z22z22z2z79Zz2999999Z9Y9Y99YYYTIT

? Indicates that there could be several TCMs containing this ingredient and here we selected the typical one.
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