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Abstract
Computational prioritization of chemicals for potential skin sensitization risks plays essential roles in the risk assessment of 
environmental chemicals and drug development. Given the huge number of chemicals for testing, computational methods 
enable the fast identification of high-risk chemicals for experimental validation and design of safer alternatives. However, 
the development of robust prediction model requires a large dataset of tested chemicals that is usually not available for most 
toxicological endpoints, especially for human data. A small training dataset makes the development of effective models dif-
ficult with insufficient coverage and accuracy. In this study, an ensemble tree-based multitask learning method was developed 
incorporating three relevant tasks in the well-defined adverse outcome pathway (AOP) of skin sensitization to transfer shared 
knowledge to the major task of human sensitizers. The results show both largely improved coverage and accuracy compared 
with three state-of-the-art methods. A user-friendly prediction server was available at https​://cwtun​g.kmu.edu.tw/skins​ensdb​/
predi​ct. As AOPs for various toxicity endpoints are being actively developed, the proposed method can be applied to develop 
prediction models for other endpoints.

Keywords  Adverse outcome pathway · Allergic contact dermatitis · Alternative method · Multitask learning · Skin 
sensitization · ExtraTrees

Introduction

Allergic contact dermatitis is the second most common 
occupational illness accounting for 10–15% of all occupa-
tional disease worldwide (Basketter et al. 2015) that can 
be caused by exposure to skin sensitizers (Karlberg et al. 
2008). The identification of hazardous chemicals and design 
of safer alternatives are essential tasks to improve human 
health. While animal testing remains the gold standard for 

the preclinical assessment of skin sensitization, its results 
are not in full concordance with human responses (Roberts 
and Api 2018). In addition, the ban of animal testing on 
cosmetic ingredients by European Union stressed out the 
need of alternative methods with regard to human health 
concerns.

In recent years, the paradigm of skin sensitization assess-
ment is shifting from traditional animal testing to adverse 
outcome pathway (AOP)-based integrated testing strategies 
(ITSs). The ITSs utilize simple weighting methods or com-
plex machine learning methods to combine experimental 
results from in chemico and in vitro assays corresponding to 
key events of the skin sensitization AOP giving better pre-
dictive performance on human skin sensitizers over animal 
testing (Bauch et al. 2012; Jaworska and Hoffmann 2010; 
Jaworska et al. 2015; Roberts and Patlewicz 2018; Urbisch 
et al. 2015). However, given the vast number of chemicals 
for testing in drug development and risk assessment, compu-
tational methods such as machine-learning techniques could 
be better alternatives for fast prioritizing potential risks than 
resource- and time-consuming ITSs.

Structural alerts (SAs) representing the knowledge of 
functional groups with peptide reactivity were developed as 
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softwares for predicting skin sensitizers (OECD 2018; Patle-
wicz et al. 2008; Sushko et al. 2012). Although SAs give useful 
mechanism information for peptide reactivity, their prediction 
performance was found to be worse than quantitative struc-
ture–activity relationship (QSAR) models (Alves et al. 2016a). 
QSAR models are statistics- or machine learning-based mod-
els constructed by identifying discriminative features and rep-
resentations of chemicals from available experimental data. 
The size of training data is therefore critical to the prediction 
performance. Due to the lack of human data, previous methods 
mainly focused on the prediction of rodent data (Golla et al. 
2009; Li et al. 2007a, b; Miller et al. 2005; Patlewicz et al. 
2004; Sarath Kumar et al. 2016; Yuan et al. 2009). Currently 
available computational methods for predicting human skin 
sensitizers suffered from insufficient data yield a low coverage 
and moderate accuracy (Alves et al. 2016b; Braga et al. 2017; 
Golla et al. 2009). It is desirable to develop novel algorithms 
capable of generating effective prediction models based on a 
small data size that is a common issue for many computational 
works.

In this work, we present the first transfer learning-based 
method leveraging three relevant learning tasks for predicting 
human skin sensitizers with high prediction performance and 
coverage. The three relevant tasks correspond to the three key 
events of the well-defined AOP of skin sensitization (Ezendam 
et al. 2016; Kleinstreuer et al. 2018) including protein binding, 
keratinocyte activation and dendritic cell activation (OECD 
Testing Guidance 442C, 442D and 442E). In contrast to tradi-
tional machine learning algorithms that learn individual tasks 
separately, the proposed method utilized a tree-based ensemble 
multitask learning algorithm (Simm et al. 2014) that can deal 
with multiple tasks simultaneously and are able to uncover 
shared knowledge for knowledge transfer. The useful knowl-
edge of SAs was also incorporated into the proposed method 
to improve prediction performance.

As the three AOP events are highly relevant to the major 
task, multitask learning boosts prediction performance with a 
high independent test accuracy of 0.909 for chemicals within 
the defined applicability domain (AD). A comparison to exist-
ing state-of-the-art methods shows the superior performance 
and coverage of the proposed method. Finally, a user-friendly 
web server named SkinSensPred has been implemented that 
is freely accessible at https​://cwtun​g.kmu.edu.tw/predi​ct. 
SkinSensPred is expected to be useful for the prioritization 
and identification of human skin sensitizers. The proposed 
multitask methods could be further applied to predict various 
toxicities with a well-defined AOP.

Materials and methods

Datasets

For developing prediction models for human skin sensi-
tizers, a total of 203, 162, 166 and 121 organic chemicals 
with peptide reactivity, keratinocyte activation, dendritic 
cell activation and human skin sensitization data were 
extracted from SkinSensDB (https​://cwtun​g.kmu.edu.
tw/skins​ensdb​, version 2018-02-05) (Wang et al. 2017). 
Human skin sensitization data is the major learning task, 
while the other three key events of adverse outcome path-
way (AOP) represent relevant tasks for knowledge trans-
fer. As there are several inconsistent results for each AOP 
event curated from different studies, the final outcome of 
activation or inactivation for each key event is determined 
by a majority vote. In case of a tie, the corresponding 
assay results were excluded. To avoid over-estimation of 
prediction performance, the data were randomly divided 
into training datasets and independent test datasets in a 2:1 
ratio. The training datasets were utilized to develop algo-
rithms and train prediction models without the involve-
ment of the independent test datasets. After the completion 
of prediction model, the independent test sets were utilized 
to test the model performance.

Development of prediction models

To develop prediction models, the samples were firstly 
converted into two kinds of feature vectors of ECFP6 
(extended connectivity fingerprint with a diameter of 6) 
and SAs (structural alerts). The ECFP6 feature consists 
of 1024 bits of ECFP6 fingerprint generated by using 
RCDK package (Guha 2007) which provides an interface 
of Chemistry Development Kit (CDK) (Willighagen et al. 
2017) to R computing environment. The SAs features were 
generated by using ToxTree software (Patlewicz et al. 
2008) consisting of 5 SAs representing alerts for acyl 
transfer agent, Michael acceptor, SN2, SNAr and Schiff 
base. Due to the high sparsity of the 5 SAs features that 
might lead to overfitting problems, the 5 SAs features were 
combined into a one-bit feature representing the occur-
rence of any of the 5 SAs. Feature vectors of ECFP6 (1024 
bits) along and combination of ECFP6 and SAs (1025 bits) 
were then utilized to develop prediction models and deter-
mine the best feature encoding.

The development of single-task and multitask predic-
tion models is based on binary tree-based ensemble learn-
ing algorithms of ExtraTrees (Geurts et al. 2006) and MT-
ExtraTrees (Simm et al. 2014), respectively. ExtraTrees 
represents extremely randomized trees that each binary 
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tree is built based on randomly selected f  features and 
s splitting values. MT-ExtraTrees is an extension to 
ExtraTrees by introducing an additional task-specific split-
ting criterion to divide samples into two branches consist-
ing of samples of separated task subsets. The conventional 
feature-wise splitting criterion represents shared knowl-
edge among learning tasks, while the task-wise splitting 
criterion represents task-specific knowledge. A default 
parameter of f∕a was utilized as the probability to apply 
the task-wise splitting criterion instead of the feature-wise 
criterion, where a represents the number of all available 
features. In this study, the parameters of f = sqrt(a) and 
s = 2 were applied to construct single-task and multitask 
models with 200 trees.

Performance measurement

To evaluate the prediction performance of the models, five 
commonly used threshold-dependent measurements were 
utilized including accuracy, sensitivity, specificity, precision, 
correct classification rate (CCR) and Matthews correlation 
coefficient (MCC) defined as follows:

where TP, TN, FP, and FN represent the numbers of true 
positives, true negatives, false positives, and false negatives, 
respectively. For imbalanced dataset, both MCC and CCR 
are considered to be more appropriate for evaluating and 
comparing model performance. In addition, a non-paramet-
ric measurement of the area under the receiver operating 
characteristic curve (AUC) useful for model comparison 
was also evaluated. The receiver operating characteristic 
curve is a plot of sensitivity versus 1-specificity showing the 
trade-off between sensitivity and specificity for each deci-
sion threshold. The AUC has also been shown to be useful 
for model evaluation and comparison for both balanced and 

(1)Accuracy =
TP + TN

TP + TN + FP + FN
,

(2)Sensitivity =
TP

TP + FN
,

(3)Specificity =
TN

TN + FP
,

(4)Precision =
TP

TP + FP
,

(5)CCR =
sensitivity + specificity

2
,

(6)

MCC =
TP × TN − FP × FN

√

(TP + FP) × (TP + FN) × (TN + FP) × (TN + FN)
,

imbalanced datasets (Huang and Tung 2017; Jin and Ling 
2005; Tung 2013; Tung and Ho 2008).

Implementation of SkinSensPred prediction server

The prediction system and user interface were implemented 
using HTML, JavaScript, JAVA and R language as well as 
AngularJS framework on an Ubuntu operation system. Users 
can either input SMILES of chemicals or draw a chemical 
structure for prediction. For each input chemical structure, 
the R package of RCDK (Guha 2007) and ToxTree (Patle-
wicz et al. 2008) software will be utilized to generate its 
corresponding feature vector. The prediction model based 
on extraTrees (Simm et al. 2014) package will be applied 
to predict the skin sensitization potential with a probability 
score. A score value close to 1 indicates a strong probability 
of a human skin sensitizer. In contrast, a score value close 
to 0 indicates a strong probability of a non-sensitizer. An 
additional column of applicability domain (AD) gives infor-
mation of whether the test chemical falls in the defined AD. 
The information of five SAs will also be shown in the result 
table to facilitate the interpretation of prediction results. All 
columns are sortable by clicking on corresponding column 
heads.

Results

Development of multitask prediction models

To develop the prediction method, curated chemical data and 
associated activation data of the four tasks were extracted 
from a curated SkinSensDB (Wang et al. 2017) database. In 
brief, chemicals were randomly divided into training and 
independent test datasets in a ratio of 2:1. Note that there are 
121 chemicals in the major task with available human data. 
The extensively utilized extended connectivity fingerprint 
with a diameter of 6 (ECFP6) (Rogers and Hahn 2010) were 
applied to encode feature vectors. ECFP6 features represent 
the presence and absence of particular substructures whose 
occurrence patterns can be analyzed for discriminating skin 
sensitizers from non-sensitizers. In this study, ECFP6 fea-
tures were mapped into a fixed-length of 1024-bit feature 
vector through a hashing procedure to reduce the required 
computation resource. As structure alerts (SAs) for peptide 
reactivity are widely utilized for identifying skin sensitizers, 
we also developed a novel combined feature vector integrat-
ing ECFP6 with SAs. As our purpose is to prioritize risk 
potentials for further validation, the measurement of pre-
diction performance is mainly based on the area under the 
receiver operating characteristic curve (AUC) representing 
a trade-off between sensitivity and specificity for various 
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decision threshold. An AUC value close to 1 indicates a 
good prioritizing ability. The system flow is shown in Fig. 1.

To determine the effect of different feature encodings on 
the prediction performance, a leave-one-out cross-validation 
(LOOCV) method was applied to the training dataset. The 
first experiment utilized the ECFP6 to encode chemicals 
into feature vectors with 1024 bits for developing prediction 
models. The proposed multitask learning method achieves 
a high AUC value of 0.840 based on LOOCV that is much 
higher than a conventional single-task learning method 
(AUC = 0.619). The second experiment utilized the multi-
task learning method with a combined feature vector con-
sisting of ECFP6 and SAs that further improved its predic-
tion performance with a higher AUC value of 0.861. The 
inclusion of SAs as features also improved the performance 

of single-task learning method with an AUC of 0.715. The 
multitask learning method with the combined feature vec-
tor was then adopted to build the final prediction model 
for further evaluation. To further validate the model, 100 
runs of y-randomization were conducted based on modi-
fied training datasets with randomly permuted target val-
ues and compared with the original model. The original 
model with an AUC value of 0.861 is much better than that 
of y-randomized models (AUC = 0. 5505 ± 0.058) showing 
the significance and robustness of the developed model. The 
detailed comparison of LOOCV performance is shown in 
Fig. 2 (Supplementary Table S1 and S2).

Since the key to successful application of transfer learn-
ing is the relevance of learning tasks, it is interesting to know 
whether the multitask learning method can be applied to 

Fig. 1   System flow for developing and validating the proposed mul-
titask model. Data were extracted from a curated database Skin-
SensDB and randomly divided into training and test datasets. The 
training dataset was utilized to develop prediction models and deter-
mine applicability domain. For the selection of models and features, 

a leave-one-out cross-validation (LOOCV) technique and y-randomi-
zation test were applied to evaluate the robustness of the model. The 
independent test dataset was then utilized to test the prediction per-
formance for unseen chemicals

Fig. 2   Comparison of LOOCV 
performance based on the 
training dataset. The proposed 
multitask learning methods 
achieve superior performance 
over conventional single-task 
methods. The feature of struc-
ture alerts (SAs) offers useful 
information for improving 
LOOCV performance
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predict data obtained from rodent-based assay (local lymph 
node assay, LLNA). Additional experiments were conducted 
to evaluate LOOCV performance of multitask and single-
task methods using LLNA and the three AOP tasks. Simi-
larly, 483 chemicals with LLNA data were extracted from 
SkinSensDB and divided into training and independent test 
datasets in a ratio of 2:1. Based on the combined feature vec-
tor of ECFP6 and SAs, a poor AUC performance of 0.686 
for the multitask learning method was obtained that is only 
slightly higher than that of the single-task method with an 
AUC value of 0.651. The results indicate that LLNA might 
not be highly relevant to the three AOP tasks that are con-
sistent with previous studies (Roberts and Patlewicz 2018; 
Tung et al. 2018).

Independent test and the determination 
of applicability domain (AD)

The independent test dataset of human data was utilized 
to further estimate the prediction performance for unseen 
chemicals. A good AUC performance of 0.858 was obtained 
showing the robustness of the proposed model. Since the 
chemical space is too big to cover, only models with a 
well-defined AD could be potentially useful in real-world 
applications. For the adjustment of AD, a strict method was 
applied that the determination of fingerprints outside the AD 
depends solely on the LOOCV performance for the train-
ing dataset. The independent test dataset was again used 
for evaluating the prediction performance. The selection of 
fingerprints for the exclusion of chemicals outside of the 
AD is based on the decrease of AUC performance. First, 
the decrease of AUC values for each fingerprint was calcu-
lated using chemicals with and without the corresponding 
fingerprint. Subsequently, the fingerprints whose occur-
rence giving a performance decrease larger than or equal to 
a threshold value t ∈ {0.5, 0.6, …, 0.9} were identified as 
outside of AD. The evaluation results are shown in Table 1. 
For the threshold t = 0.9 without any fingerprints selected, 

the LOOCV performance is the same as the model based on 
all chemicals. For t = 0.8, only two fingerprints were selected 
and its corresponding AUC value is 0.913 showing a large 
improvement. For t = 0.7, 79 fingerprints were selected as 
outside of AD and all performance measurements reach a 
high value with an excellent AUC value of 0.984. For t = 0.5 
and t = 0.6, the performance is only slightly increased with 
two and one additionally selected fingerprints, respectively, 
and could potentially overfit the training set. The threshold 
value of 0.7 is therefore considered the best parameter for 
AD determination. A total of 79 fingerprints whose occur-
rence shows at least 70% worse prediction performance were 
selected based on the training dataset for the exclusion of 
chemicals outside of the AD. After the adjustment of AD, 
the prediction model shows promising AUC performance of 
0.984 and 0.915 for LOOCV and independent test, respec-
tively, with a coverage of 72.73%. The corresponding accu-
racies are 0.955 and 0.909 for LOOCV and independent test, 
respectively.

To avoid overestimation of prediction performance solely 
based on the independent test dataset, the training dataset 
was further randomly divided into two sets with similar 
data size. Subsequently, a threefold cross-validation scheme 
using the original parameters and AD definition was applied 
to iteratively test the robustness of our model. For each run, 
one fold is utilized to test the prediction model trained on the 
other two folds. The test AUC values of the three folds are 
0.858, 0.807 and 0.882 without AD adjustment and 0.915, 
0.912 and 0.923 with AD adjustment, respectively. The 
small difference among the AUC values with AD adjust-
ment shows the robustness of our model.

Comparison to existing methods

To demonstrate the effectiveness of the multitask model, 
we compared its prediction performance with four existing 
methods including conventional SAs, recently published 
two read-across methods (Tung et al. 2018) and Pred-Skin 
(Braga et al. 2017). Since Pred-Skin reports only accuracy 
values based on cross-validation, the comparison is based 
on cross-validation accuracy except for read-across meth-
ods and SAs without a training process. ToxTree (Patlewicz 
et al. 2008) was utilized to generate SAs for predicting 121 
human data and the chemicals with fired alerts were consid-
ered in its AD. The previously published mechanism-based 
read-across methods (Tung et al. 2018) of majority vote and 
decision tree were implemented to evaluate its prediction 
performance whose AD was determined by applying various 
similarity threshold. The published fivefold cross-validation 
performance of Pred-Skin based on a similar human data-
set was utilized for comparison (Alves et al. 2016b; Braga 
et al. 2017). Please note that the AD determination for Pred-
Skin was based on all available data. The AD determination 

Table 1   LOOCV performance on the training dataset for various 
threshold values

Threshold 0.5 0.6 0.7 0.8 0.9

#Features out-
side of AD

81 80 79 2 0

Accuracy 0.968 0.969 0.955 0.840 0.825
Sensitivity 0.973 0.974 0.950 0.864 0.833
Specificity 0.962 0.962 0.962 0.806 0.812
Precision 0.973 0.974 0.974 0.864 0.870
AUC​ 0.993 0.993 0.984 0.913 0.858
MCC 0.935 0.935 0.906 0.670 0.640
CCR​ 0.968 0.968 0.956 0.835 0.823
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for the proposed multitask model was solely based on the 
training dataset suggesting a more reliable estimation of 
prediction performance. The recalculation of AD based 
on the whole dataset can further improve the coverage and 
accuracy, however, there will be no external data to indepen-
dently test the AD. For comparison, LOOCV performance 
was calculated for the proposed multitask method using the 
combined feature vector on the whole dataset (Supplemen-
tary Table S3). The performance comparison of the pro-
posed method and publicly available methods is shown in 
Fig. 3. Please note that only performance with a coverage 
above 70% were considered expect for Pred-Skin and SAs 
with fewer data points for comparison.

The proposed multitask model provides the highest accu-
racy and coverage for predicting chemical sensitizers. The 
utilization of the default similarity threshold of 0.7 (Tung 
et al. 2018) generated a good CCR performance of 0.834 for 
majority vote-based read-across methods, while the decision 
tree-based models failed to generate good performance. It is 
interesting to note that the CCR of SAs is higher than Pred-
Skin and read-across methods without considering their AD. 
For comparison, the CCR of the LLNA method for predict-
ing human data was also evaluated based on curated data in 

SkinSensDB. A CCR performance of 0.741 was obtained 
based on a total of 86 chemicals with both LLNA and human 
data. The results show that the proposed multitask model is 
promising for the identification of human skin sensitizers.

Estimation of prediction performance for unseen 
chemicals without any assay information

While the proposed model with defined AD performs well 
in the previous experiments, the success of prediction could 
benefit from the data of the three relevant tasks associated 
with the same test chemicals. To further test the robustness 
of our method for unseen chemicals without any data of 
the four tasks, a modified LOOCV (MLOOCV) test was 
conducted on all available chemicals to simulate the situa-
tion. For each holdout test chemical in the major task, only 
data not associated with the test chemical were utilized to 
construct the prediction model for evaluating the holdout 
test chemical, i.e., there is no data in the model associated 
with the test chemical.

As expected, the lack of relevant data in the model led to 
a lower AUC of 0.781 for the MLOOCV test without incor-
porating AD. However, with the defined AD by excluding 

Fig. 3   Comparison of the 
proposed multitask models with 
existing models. The proposed 
multitask model provides good 
performance compared with 
other approaches. For structural 
alerts (SAs), the performance 
value within AD is the accuracy 
considering only chemicals with 
alerts. *The reported perfor-
mance data of Pred-Skin for 
predicting human data is based 
on fivefold cross-validation and 
the determination of applicabil-
ity domain is based on its whole 
dataset
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chemicals having the 79 selected fingerprints, a high AUC 
value of 0.887 was obtained for the MLOOCV test (Sup-
plementary Table S4). The CCR value of MLOOCV test 
with the defined AD is 0.843 (coverage = 72.73%) that is 
still better than the Pred-Skin whose CCR is 0.8 for a lower 
coverage of 65% (Braga et al. 2017). Please note that the 
consensus model of Pred-Skin utilized both LLNA and 
human data for prediction that is similar to the LOOCV test 
without excluding chemicals with LLNA data and is there-
fore excluded in the comparison.

The read-across methods (Tung et al. 2018) were also re-
implemented to evaluate their MLOOCV performance. As 
the predictivity of read-across methods rely on the size of 
database, a moderate CCR value of 0.791 was obtained for 
the majority vote model with a very low coverage of 35.54%. 
The results showed that the proposed multitask learning 
method with combined feature vectors can be applied to 
unseen chemicals without any data in the training dataset 
when the chemicals fall within the defined AD.

SkinSensPred server

To facilitate the prioritization and identification of human 
skin sensitizers, we have implemented a user-friendly web 
tool named SkinSensPred that is freely available at https​
://cwtun​g.kmu.edu.tw/skins​ensdb​/predi​ct. All available 
data were utilized for training the final prediction model. 
Users can use SkinSensPred by either entering SMILES 

or drawing chemical structures. Given test chemicals, the 
server will automatically encode feature vectors and apply 
the prediction model to generate prediction results with addi-
tional information of probabilities, applicability domain and 
structure alerts. A snapshot of the web server is shown in 
Fig. 4.

Assessment of pro‑ and pre‑haptens

Indirectly acting sensitizers including pro- and pre-haptens 
need activation to be sensitizing (Lepoittevin 2006). It is 
interesting to test SkinSensPred for its ability to identify 
pro- and pre-haptens as human skin sensitizers. A total of 20 
chemicals obtained from a previous study (Patlewicz et al. 
2016) were applied to test SkinSensPred. Table 2 shows the 
prediction results with scores, AD, SAs and human data. 
Among the 20 tested chemicals, 18 chemicals were correctly 
predicted (accuracy = 90.00%). By excluding chemicals out-
side of AD, a 94.75% accuracy (15/16) was obtained. A total 
of six chemicals of 1,4-phenylenediamine, 2,5-diaminotol-
uene sulphate, isoeugenol, d-limonene, cinnamyl alcohol, 
and geraniol were not curated in SkinSensDB yet and only 
d-limonene was incorrectly predicted. A sensitizer linalool 
was incorrectly predicted as a non-sensitizer with a low 
score of 0.06 but it does not fall in the AD. d-limonene is the 
only incorrectly predicted chemical within the defined AD 
with a score of 0.57 that is close to the decision threshold 
representing a less confident prediction. d-limonene was also 

Fig. 4   User interface of SkinSensPred. Users can either input SMILES of chemicals or draw a chemical structure for predicting human skin sen-
sitizers and analyzing AD and SAs

https://cwtung.kmu.edu.tw/skinsensdb/predict
https://cwtung.kmu.edu.tw/skinsensdb/predict


	 Archives of Toxicology

1 3

reported to be a sensitizer by LLNA, DPRA and h-CLAT 
assays with an exception of the KeratinoSens™ assay (Patle-
wicz et al. 2016). Notably, d-limonene and linalool listed as 
Category 5 and 4, respectively (Basketter et al. 2014), are 
both in the categories close to the decision boundary for cat-
egorizing human sensitizers whose determination of human 
sensitizers is less confident. Altogether, SkinSensPred is 
expected to be useful for identifying sensitizers of pro- and 
pre-haptens.

Discussion

In conclusion, a novel prediction method SkinSensPred was 
developed for human skin sensitizers with a defined AD. 
The multitask learning-based model benefits from shared 
knowledge transferred from relevant learning tasks defined 
by AOP generate promising performance with high accuracy 
and coverage. The integration of SAs further enhanced its 
prediction performance. Rigorous tests including LOOCV, 
y-randomization and independent test as well as the compar-
ison to existing state-of-the-art methods show the robustness 
of SkinSensPred. The ability of SkinSensPred for identify-
ing sensitizers of pro- and pre-haptens was also evaluated. 
A user-friendly web server was implemented to facilitate 

the study of human skin sensitizers and is freely available at 
https​://cwtun​g.kmu.edu.tw/skins​ensdb​/predi​ct. To the best 
of our knowledge, this is the first transfer learning work 
based on AOP knowledge. SkinSensPred is expected to be 
useful for prioritizing human skin sensitization potentials for 
further testing. As many novel AOPs is under active devel-
opment, the proposed method could be applied to build pre-
dictive models for various chemical-induced toxicities by 
transferring shared knowledge from relevant learning tasks 
in AOPs.

The collection and generation of sufficient data for 
machine learning is the major obstacle to the development 
of effective models for various human toxicity endpoints. 
Also, conflicting results of the same assay from different 
laboratories are commonly observed. In this study, both 
SkinSensDB and the transfer learning algorithm contribute 
to the superior performance of SkinSensPred. SkinSensDB 
provides the largest and standardized data source by col-
lecting data from different sources and eliminating outliers 
based on a majority vote scheme. According to the Chemi-
cal and Product Categories (CPCat) Database of US EPA 
(Dionisio et al. 2015), the chemicals curated in SkinSensDB 
are highly diverse covering 13 out of 15 ACToR UseDB 
categories, including antimicrobial, colorant, consumer use, 
drug, food additive, fragrance, industrial manufacturing, 
inert, personal care, pesticide, petrochemical, fertilizer and 
chemical warfare. SkinSensPred based on a diverse chemical 
set is expected to have broad applicability domain. While the 
key events and associated assays of AOP for skin sensitiza-
tion are still under study, the high relevance of the key events 
to the adverse outcome provides useful shared knowledge to 
improve the prediction of skin sensitizers.

While the OECD defines AD as the response and chemi-
cal structure space in which the model makes predictions 
with given reliability, the implementation of AD can be var-
ied to address three different points of applicability, reliabil-
ity and decidability (Hanser et al. 2016; Netzeva et al. 2005). 
For applicability, the proposed model is a machine learning-
based model built on the ECFP6 feature space of a diverse 
chemical dataset that is generally considered applicable to 
all chemicals. Therefore, the focus of the AD determination 
in this manuscript is on the reliability by fingerprint selec-
tion with a prediction score for the decidability. While the 
largely improved performance shows the effectiveness of the 
AD determined by the selection of fingerprints proposed in 
this study, other methods such as similarity, metabolic trans-
formation and physicochemical properties could be further 
conducted to characterize the AD for various considerations.

The trade-off between interpretability and accuracy is 
a well-known issue for choosing a computational model. 
In the regulatory aspect, neither rule-based or statistically 
based method alone is considered sufficient for decision-
making. Rule-based methods with interpretable mechanistic 

Table 2   Prediction results for pro- and pre-haptens

Human data were obtained from Patlewicz et al. (2016)

Chemical Skin-
SensPred 
(score)

AD SA Human data

Ethylenediamine P  (1.00) Y Y P
Resorcinol P  (0.99) N Y P
3-Dimethylamino propylamine P  (1.00) N Y P
1,2-Dibromo-2,4-dicyanobutane P  (1.00) Y Y P
1,4-Phenylenediamine P  (1.00) Y Y P
2,5-Diaminotoluene sulphate P  (0.57) N N P
2-Aminophenol P  (1.00) Y Y P
Abietic acid P  (0.94) Y N P
Hydroquinone P  (1.00) Y Y P
Isoeugenol P  (1.00) Y Y P
Lauryl gallate P  (1.00) Y Y P
Propyl gallate P  (1.00) Y Y P
d-Limonene P  (0.57) Y N N
Linalool N (0.06) N N P
2-Nitro-1,4-phenylenediamine P  (1.00) Y Y P
Aniline P  (1.00) Y N P
Chlorpromazine hydrochloride P  (1.00) Y Y P
Cinnamyl alcohol P  (1.00) Y Y P
Geraniol P  (1.00) Y Y P
Eugenol P  (1.00) Y Y P

https://cwtung.kmu.edu.tw/skinsensdb/predict
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rules assuming a direct correlation between structure fea-
tures/properties and a given endpoint provide only moderate 
accuracy due to the complex nature of biological systems. 
In contrast, statistically or machine learning-based meth-
ods capable of capturing high-level nonlinear correlation 
between input features and the endpoint can generate high 
accuracy and are usually considered as a black-box method. 
In this study, the utilized ECFP6 features are hashed fin-
gerprints without predefined substructure for each bit that 
are computationally efficient, but further decrease the inter-
pretability of the constructed model. ICH M7 Guideline for 
accessing mutagenic impurities provides a potential example 
for adopting computational methods to rule out mutagenic-
ity concern of chemicals by applying both the two comple-
mentary methods in the absence of adequate experimental 
data (Bossa et al. 2018). SkinSensPred prediction system 
represents a unique machine learning method incorporat-
ing rules of structural alerts into feature vectors generating 
high accuracy and the prediction server also generates rule-
based mechanistic information as a complementary method 
to improve regulatory acceptance.
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Supplementary Tables
Table S1. Comparison of LOOCV performance on the training dataset for

single-task and multitask models using ECFP6.

Single-task Multitask

Task
Peptide

reactivity

Keratinocyte

activation

Activation

of dendritic

cells

Human

data

Peptide

reactivity

Keratinocyte

activation

Activation

of dendritic

cells

Human

data

TP 90 57 50 35 73 56 47 38

TN 10 14 18 14 23 19 25 20

FP 26 23 27 18 13 18 20 12

FN 9 14 15 14 26 15 18 11

Accuracy 0.741 0.657 0.618 0.605 0.711 0.694 0.655 0.716

Sensitivity 0.909 0.803 0.769 0.714 0.737 0.789 0.723 0.776

Specificity 0.278 0.378 0.400 0.438 0.639 0.514 0.556 0.625

Precision 0.776 0.712 0.649 0.660 0.849 0.757 0.701 0.760

AUC 0.647 0.656 0.681 0.619 0.725 0.696 0.721 0.840

MCC 0.238 0.196 0.182 0.156 0.346 0.309 0.281 0.403

CCR 0.594 0.591 0.585 0.576 0.688 0.652 0.640 0.701

Table S2. Comparison of LOOCV performance on the training dataset for

single-task and multitask models using ECFP6 and SAs.

Single-task Multitask

Task
Peptide

reactivity

Keratinocyte

activation

Activation

of dendritic

cells

Human

data

Peptide

reactivity

Keratinocyte

activation

Activation

of dendritic

cells

Human

data

TP 90 61 49 40 73 55 48 38

TN 13 17 19 17 23 19 26 25

FP 23 20 26 15 13 18 19 7

FN 9 10 16 9 26 16 17 11

Accuracy 0.763 0.722 0.618 0.704 0.711 0.685 0.673 0.778

Sensitivity 0.909 0.859 0.754 0.816 0.737 0.775 0.738 0.776

Specificity 0.361 0.459 0.422 0.531 0.639 0.514 0.578 0.781

Precision 0.796 0.753 0.653 0.727 0.849 0.753 0.716 0.844

AUC 0.743 0.751 0.670 0.715 0.746 0.699 0.745 0.861

MCC 0.324 0.349 0.186 0.364 0.346 0.292 0.319 0.548

CCR 0.635 0.659 0.588 0.674 0.688 0.645 0.658 0.779
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Table S3. Conventional LOOCV performance on the whole dataset.

#features

for exclusion
102 97 96 95 81 80 79 11 2 0

#samples

in AD
55 63 65 66 85 86 88 102 114 121

coverage 45.45% 52.07% 53.72% 54.55% 70.25% 71.07% 72.73% 84.30% 94.21% 100%

TP 36 38 38 39 48 48 50 54 59 60

TN 16 20 22 22 31 31 31 36 38 38

FP 2 3 3 3 3 3 3 6 9 10

FN 1 2 2 2 3 4 4 6 8 13

Accuracy 0.945 0.921 0.923 0.924 0.929 0.919 0.920 0.882 0.851 0.810

Sensitivity 0.973 0.950 0.950 0.951 0.941 0.923 0.926 0.900 0.881 0.822

Specificity 0.889 0.870 0.880 0.880 0.912 0.912 0.912 0.857 0.809 0.792

Precision 0.947 0.927 0.927 0.929 0.941 0.941 0.943 0.900 0.868 0.857

AUC 0.953 0.941 0.945 0.945 0.940 0.933 0.934 0.919 0.898 0.870

MCC 0.875 0.828 0.837 0.838 0.853 0.831 0.833 0.757 0.691 0.608

CCR 0.931 0.910 0.915 0.916 0.927 0.918 0.919 0.879 0.845 0.807

Table S4. Modified LOOCV (MLOOCV) performance on the whole dataset.

#features

for exclusion
102 97 96 95 81 80 79 11 2 0

#samples

in AD
55 63 65 66 85 86 88 102 114 121

coverage 45.45% 52.07% 53.72% 54.55% 70.25% 71.07% 72.73% 84.30% 94.21% 100%

TP 32 34 34 34 42 43 45 49 53 55

TN 15 19 21 21 29 29 29 33 34 34

FP 3 4 4 4 5 5 5 9 13 14

FN 5 6 6 7 9 9 9 11 14 18

Accuracy 0.855 0.841 0.846 0.833 0.835 0.837 0.841 0.804 0.763 0.736

Sensitivity 0.865 0.850 0.850 0.829 0.824 0.827 0.833 0.817 0.791 0.753

Specificity 0.833 0.826 0.840 0.840 0.853 0.853 0.853 0.786 0.723 0.708

Precision 0.914 0.895 0.895 0.895 0.894 0.896 0.900 0.845 0.803 0.797

AUC 0.923 0.878 0.887 0.882 0.884 0.884 0.887 0.841 0.812 0.781

MCC 0.681 0.665 0.681 0.657 0.667 0.669 0.675 0.599 0.513 0.456

CCR 0.849 0.838 0.845 0.835 0.839 0.840 0.843 0.802 0.763 0.753
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