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Abstract 

Background: The logarithmic acid dissociation constant pKa reflects the ionization of a chemical, which affects 
lipophilicity, solubility, protein binding, and ability to pass through the plasma membrane. Thus, pKa affects chemical 
absorption, distribution, metabolism, excretion, and toxicity properties. Multiple proprietary software packages exist 
for the prediction of pKa, but to the best of our knowledge no free and open-source programs exist for this purpose. 
Using a freely available data set and three machine learning approaches, we developed open-source models for pKa 
prediction.

Methods: The experimental strongest acidic and strongest basic pKa values in water for 7912 chemicals were 
obtained from DataWarrior, a freely available software package. Chemical structures were curated and standardized 
for quantitative structure–activity relationship (QSAR) modeling using KNIME, and a subset comprising 79% of the ini-
tial set was used for modeling. To evaluate different approaches to modeling, several datasets were constructed based 
on different processing of chemical structures with acidic and/or basic pKas. Continuous molecular descriptors, binary 
fingerprints, and fragment counts were generated using PaDEL, and pKa prediction models were created using three 
machine learning methods, (1) support vector machines (SVM) combined with k-nearest neighbors (kNN), (2) extreme 
gradient boosting (XGB) and (3) deep neural networks (DNN).

Results: The three methods delivered comparable performances on the training and test sets with a root-mean-
squared error (RMSE) around 1.5 and a coefficient of determination  (R2) around 0.80. Two commercial pKa predictors 
from ACD/Labs and ChemAxon were used to benchmark the three best models developed in this work, and perfor-
mance of our models compared favorably to the commercial products.

Conclusions: This work provides multiple QSAR models to predict the strongest acidic and strongest basic pKas of 
chemicals, built using publicly available data, and provided as free and open-source software on GitHub.

Keywords: pKa prediction, QSAR, DataWarrior, Machine learning, Chemical 2D descriptors, Chemical fingerprints, 
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Introduction
The acid dissociation constant (also called the protona-
tion or ionization constant) Ka is an equilibrium con-
stant defined as the ratio of the protonated and the 
deprotonated form of a compound. Ka is usually repre-
sented as pKa = − log10 Ka [1]. The pKa of a chemical 
strongly influences its pharmacokinetic and biochemi-
cal properties. pKa reflects the ionization state of a 
chemical, which in turn affects lipophilicity, solubility, 
protein binding, and ability to cross the plasma mem-
brane and the blood–brain barrier.

The contributions of physicochemical parameters, 
including pKa, to environmental fate, transport, and 
distribution are well-recognized [2–5]. Chemicals with 
no charge at a physiological pH will cross the plasma 
membrane more easily than charged molecules and will 
therefore have greater potential for pharmacological 
or toxicological activity. Thus, pKa affects absorption, 
distribution, metabolism, excretion, and toxicity prop-
erties and is considered one of the five most important 
parameters in drug discovery [6, 7].

pKa is also an important parameter for physiologi-
cally based pharmacokinetic (PK) modeling and in vitro 
to in  vivo extrapolation. Approaches such as those 
described by Wetmore et al. [8] are producing data sets 
that characterize metabolism and excretion for hun-
dreds of chemicals. These data sets provide input for 
high-throughput methods for calculating the appar-
ent volume of distribution at steady state and tissue-
specific PK distribution coefficients [9] that will allow 
for the rapid construction of PK models. These, in turn, 
will provide context for both biomonitoring data and 
high-throughput toxicity screening studies.

Distribution of a chemical in an octanol/water mix-
ture (described by the constants logKow or logP) is 
affected by the ionizable groups present in the chemi-
cal and is pH-dependent. logD is the distribution coef-
ficient that takes into account the pH. This constant is 
therefore used to estimate the different relative con-
centrations of the ionized and non-ionized forms of a 
chemical at a given pH. Together, pKa and logP can be 
used to predict logD values [10]. This pH-dependent 
prediction is important to consider when attempting 
to predict absorption. For example, pH varies widely 
through the body from about 1.5 in the lower portion 
of the stomach to about 8.5 in the duodenum. Ioniza-
tion characteristics of a chemical across this pH range 
therefore influence absorption in different locations in 
the body. The ability to predict logP and pKa and uti-
lize these parameters to predict logD can therefore be 
of value for a number of applications, including drug 
design. The development of computational models 
to predict such physicochemical properties is clearly 

of value, quantitative structure–activity relationship 
(QSAR) models being one such approach.

Quantitative structure activity/property relation-
ships (QSAR/QSPR) models for hydrophobicity were 
first developed in the 1960s [11]. The conceptual basis 
of QSARs is the congenericity principle, which is the 
assumption that structurally similar compounds will have 
similar properties. While QSAR approaches have been 
used for decades, their accuracy is highly dependent on 
data quality and quantity [12, 13]. Multiple commercial 
software vendors have developed systems for QSAR-
based physicochemical parameter estimation, such as 
BioByte, ACD/Labs, Simulations Plus, ChemAxon and 
many others [14–17].

Different machine learning algorithms and variable 
selection techniques have been used in combination 
with molecular descriptors and binary fingerprints to 
develop QSAR models for physicochemical and toxico-
logical properties. The advent of open data, open source, 
and open standards in the scientific community resulted 
in a plethora of web-based sites for sourcing data and 
performing real-time predictions. Examples include 
OCHEM, QSARDB, ChemBench and others [18–21].

As environmental scientists and modelers supporting 
U.S. government projects, our interest is in the devel-
opment of free and open-source data and algorithms 
that are provided to the scientific community in such a 
way that more data can be incorporated, and additional 
models can be developed, consistent with government 
directives [22, 23]. Full transparency may also increase 
regulatory acceptance and confidence in modeling 
predictions.

pKa prediction is challenging because a single chemi-
cal can have multiple ionization sites. An examination of 
approximately 600 drugs showed that about 70% contain 
a single ionization site, with 45% of the compounds hav-
ing a single basic ionization site and 24% having a single 
acidic site [24]. QSAR/QSPR methods generally perform 
better at predicting single endpoints. Consequently, 
many pKa models are restricted to small chemical spaces 
such as anilines, phenols, benzoic acids, primary amines, 
etc. [25, 26].

In addition, the paucity of large, freely available, high-
quality, experimentally derived pKa datasets hinders 
the development of open-source and open data models. 
Indeed, both the quality of chemical structures and the 
associated experimental data are of concern due to their 
potential effects on the robustness of QSAR/QSPR mod-
els and the accuracy of their predictions [13, 27].

Several companies have developed algorithms to pre-
dict the pKa of individual ionization sites; several pro-
grams also predict multiple ionization sites for a single 
chemical [28]. However, to the best of our knowledge, 
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there are no free, open-source, and open data models for 
predicting pKa for heterogeneous chemical classes. Liao 
and Nicklaus compared nine programs that predict pKa 
using a validation data set of 197 pharmaceuticals that 
included acetaminophen, aspirin, aspartame, ascorbic 
acid, amphetamine and many more well-studied chemi-
cals [28]. However, it was highly likely that many of the 
chemicals used to assess model performance were also 
used to build some of the models, but lack of access to 
the underlying data precluded ascertaining this.

The aim of this work was to develop in silico models for 
the prediction of the most acidic and most basic pKa val-
ues for a chemical, rather than the values for all potential 
ionizable sites, and make both the data and models avail-
able as free and open-source tools.

The freely available pKa dataset used to develop our 
models was from the DataWarrior application [29]. The 
chemical structures were curated and standardized 
for modeling using a published, freely available work-
flow [13, 30]. Furthermore, the processing of duplicate 
chemical structures and amphoteric chemicals (chemi-
cals that have both an acidic and basic pKa) was con-
ducted in different ways (options 1, 2 and 3 explained 
here below) to provide several options for data modeling. 
The resulting QSAR-ready structures were used to gen-
erate 1D/2D chemical descriptors, binary fingerprints, 
and substructure counts using the freely available pro-
gram PaDEL [31]. We then used three different mod-
eling approaches—deep neural networks (DNN), support 
vector machines (SVM), and extreme gradient boost-
ing (XGB)—to create the best possible models for pKa 
prediction.

All chemicals and associated experimental pKa values 
used to build and validate the models for this work are 
provided in Additional file  1. Open access to modeling 
data is extremely important for the scientific community 
to support continuous model improvement and to accu-
rately assess model performance, in particular to avoid 
inflated statistics due to overlap of chemicals between 
training and validation sets.

Materials and methods
Data collection, curation, and preparation for modeling
The pKa data
The pKa data were obtained from the DataWarrior appli-
cation [29, 32]. The DataWarrior file “pKaInWater.dwar” 
(available in the DataWarrior application folder) contains 
pKa data experimentally measured in water for 7912 
chemicals. Chemical structures are provided as SMILES 
strings.

Of the 7912 chemicals in the data set, 1659 chemi-
cals had both an acidic and basic pKa. Multiple acidic 
or multiple basic pKa protonation states for individual 

chemicals were not given. The collected chemical struc-
tures were analyzed for diversity using Toxprint chemo-
types [33]. The enrichment graph (available in Additional 
file  2) shows the high diversity of the functional groups 
present in the dataset and is an indication of heterogene-
ity. The data were primarily collected from the literature 
by the DataWarrior providers but there are no references 
to support the pKa values. The file also contained infor-
mation regarding methods used for the determination of 
the pKa values, as shown in Fig. 1a. Values of pKa pro-
vided for 1567 of the 7912 chemicals represent the mean 
of multiple experimental measurements (distribution in 
Fig. 1b).

To verify the accuracy of the data, chemicals having 
at least five pKa measurements were identified (Fig.  1) 
and 75 of these were randomly selected and compared 
to literature values. Literature pKa data were found for 
80% of the chemicals and 93% of these chemicals were 
within ± 0.30 pKa units of the DataWarrior values. Con-
sidered this to indicate that the DataWarrior pKa values 
were sufficiently robust to support further investigation.

Curation of data and preparation for modeling
The initial dataset of 7912 chemical structures had 3614 
acidic pKa values and 4298 basic pKa values. A KNIME 
[34] workflow was used to standardize the structures and 
generate QSAR-ready forms for modeling [13, 27, 30, 35]. 
This workflow excludes inorganic chemicals and mix-
tures; removes salts, solvents, and counterions; identifies 
duplicates; and normalizes tautomers (e.g., nitro mesom-
ers and keto-enol forms, zwitterions are not modified). 
This procedure yielded 6245 unique QSAR-ready struc-
tures. The deduplication of chemical structures was per-
formed separately for the acidic and basic datasets. A 
total of 1659 chemical structures had two or more pKa 
values. Figure  2 shows the standard deviation distribu-
tion for the chemicals with at least three replicate values 
from both the acidic and basic data sets. This included 
the amphoteric chemicals (having both acidic and basic 
pKas) as well as additional duplicate structures where the 
pKa values were not averaged.

The final acidic data set consisted of 3260 unique 
QSAR-ready structures, and the basic data set had 3680 
unique QSAR-ready structures. Figure  3 shows the dis-
tribution of pKa values for the acidic and basic data 
sets. This list was registered in the U.S. Environmental 
Protection Agency (EPA) DSSTox database using the 
EPA ChemReg chemical registration system to associ-
ate the chemical structures with valid identifiers such as 
CASRNs, DTXSIDs, and names (available in Additional 
file  3) [36]. In order to determine the optimal handling 
of chemicals with multiple differing pKa values, as well 
as the identification of amphoteric chemicals, three 
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different data sets were constructed in different ways 
(described below as Options 1, 2 and 3). This provided 
different options of modeling the data for each approach.

Option 1: all chemicals with replicates removed Chem-
icals with a single acidic or basic pKa and amphoteric 
chemicals with both one acidic and one basic pKa were 
selected. This yielded 6188 total chemicals, with 2960 
having only a single acidic pKa, referred to as the acidic 
data set, and 3158 with only a single basic pKa, referred 
to as the basic data set. A third data set, called the com-
bined data set, was generated by removing amphoteric 

chemicals. This data set consisted of 4897 chemicals 
with a single acidic or basic pKa. Option 1 was designed 
to avoid variability around pKa values.

Option 2: low variability replicates included In order 
to include structures with low pKa variability, multiple 
values having an overall standard deviation of less than 
2 pKa units were averaged. This increased the size of the 
acidic data set to 3095 structures, the basic data set to 
3370 structures and the combined (non-amphoteric) 
data set to 5263 structures.

Fig. 1 a Six methods of measuring pKa were used for the 7912 DataWarrior chemicals. Only four chemicals had pKas measured by NMR, and five 
chemicals had kinetic measurements of pKa, thus those bars are not visible in the histogram. No information on the experimental method used to 
determine pKa was provided for 901 chemicals. b Distribution of the number of chemicals having averaged experimental values

Fig. 2 Distribution of standard deviations, in pKa units, for chemical 
structures with at least three replicate pKa values

Fig. 3 Distribution of the DataWarrior pKa values in the acidic and 
basic datasets
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Option 3: all data included For this last option, the 
entire QSAR-ready list of structures was used, including 
amphoteric chemicals. The acidic and basic data sets had 
3260 and 3680 unique QSAR-ready structures, respec-
tively. The pKa values of the replicates were averaged 
when the replicates collectively had a standard deviation 
of 1 pKa unit or less: otherwise, only the strongest acidic 
pKa (minimum value) and strongest basic pKa (maximum 
value) were included.

Training and test set preparation
Each of the three data sets described above was split into 
a training set (75%) and a test set (25%) in a semi-random 
way to keep a similar distribution of the pKa values. Thus, 
the training and test set were constructed to maintain a 
balance of the number of replicates in the two sets that 
were processed differently in each option as described 
above. The number of entries for the acidic, basic, and 
the amphoteric structures removed from the combined 
data sets (Option 1 and Option 2) was also similarly dis-
tributed between the training and test sets. This splitting 
approach avoided biasing the model toward a certain 
interval of the pKa values or towards one of the classes 
(acidic/basic) when modeling the combined data sets. 
Each of the different modeling approaches used the same 
training and test data sets corresponding to Options 1–3.

Chemical descriptors and fingerprints
The QSAR-ready structures were used to calculate 
molecular descriptors and generate binary fingerprints 
and fragment counts using the free and open-source 
tool PaDEL [31]. Because the original and standardized 
structures encoded 2D structural information, only 1D 
and 2D descriptors were calculated. The PaDEL output 
files contained 1444 continuous descriptors, 9121 binary 
fingerprints (CDK, Estate, CDK graph only, MACCS, 
PubChem, Substructure, Klekota-Roth and 2D atom 
pairs) and 5947 fragment counts (Substructure, Kle-
kota-Roth and 2D atom pairs). Depending on the mod-
eling approach, further filtering was employed to remove 
highly correlated features and near-zero variance fea-
tures, and continuous descriptors were scaled.

Machine learning algorithms
Support vector machines
SVM is a machine learning technique that was originally 
designed to solve classification problems but has since 
been generalized for application to continuous models 
such as those needed to predict pKa values. The SVM 
algorithm defines a decision boundary that optimally sep-
arates two classes by maximizing the distance between 
them [37, 38]. The decision boundary is a hyperplane 
that is a linear combination of functions parameterized 

by support vectors, which consist of a subset of training 
molecules.

Each of our three data sets was modeled separately 
using the free and open-source package LibSVM3.1 [39, 
40]. Fivefold cross-validation was used to optimize model 
performance using the training data. Each model’s pre-
dictive ability was assessed using the external test sets. 
The fitting and cross-validation performance of the SVM 
models was evaluated using the coefficients of determi-
nation  R2 and  Q2, respectively [41, 42].

Since acidic and basic data sets were modeled sepa-
rately, in order to predict pKa for a new chemical, it 
was necessary to decide whether the chemical had an 
acidic, basic, or amphoteric structure. A three-class cat-
egorical model was developed for this purpose. Genetic 
algorithms (GA) were used to find the optimal subset 
of molecular descriptors that differentiated the three 
categories of structures (acidic, basic and amphoteric). 
GA analysis began with an initial random population of 
chromosomes, which are binary vectors representing the 
presence or absence of molecular descriptors. Then an 
evolutionary process was simulated to optimize a defined 
fitness function, and new chromosomes were obtained 
by coupling the chromosomes of the initial population 
with genetic operations such as crossover and mutation 
[43, 44]. The fitness function used was the multiclass 
balanced accuracy (BA) calculated in a fivefold cross-
validation procedure. Then the selected descriptors were 
applied to an SVM classifier as well as a k-nearest neigh-
bors (kNN) approach (based on the majority vote of the 
nearest neighbors) in order to fit a classification model.

The best-performing continuous SVM models, which 
predicted pKa values, and the best-performing categori-
cal SVM or kNN models, which predicted whether a 
chemical would have an acidic or basic pKa or be ampho-
teric, were selected and implemented in OPERA, a free 
and open-source suite of QSAR models [13, 27, 45]. 
OPERA’s global and local applicability domain (AD) 
approaches and its accuracy estimation procedure were 
applied to the acidic and basic pKa predictions [27]. 
The global AD is a Boolean index based on the leverage 
approach for the whole training set, while the local AD is 
a continuous index with a range from zero to one based 
on the most similar chemical structures from the training 
set [46]. Since binary fingerprints were employed to build 
the predictive models, the Jaccard–Tanimoto dissimilar-
ity index was used as the distance metric to assess the AD 
and accuracy estimates.

The continuous molecular descriptors, as well as the 
binary fingerprints and fragment counts, were gener-
ated using version 2.21 of the free and open source tool 
PaDEL [31]. The LibSVM3.1 library used for this work 
was the C++ version developed by Chang et al. which is 
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also available in other programming languages [39, 40]. 
The variable selection using the GA to build the SVM 
models, calling the C++ LibSVM code, and kNN models 
were performed in MATLAB 2018a [47].

The final kNN/SVM models were implemented in the 
free and open source OPERA application (version 2.0) 
that is available on Github at: https ://githu b.com/NIEHS 
/OPERA .

Extreme gradient boosting
Gradient boosting is a machine learning technique for 
regression and classification problems. It produces a 
prediction model that represents a compilation of weak 
prediction models, typically decision trees. Gradient 
boosting builds the weak models in a stage-wise fashion 
and generalizes them by allowing optimization of an arbi-
trary differentiable loss function.

XGB is an extension of gradient boosting that prevents 
overfitting by using an improved cost function [48–50]. A 
QSAR XGB model showed very good performance when 
analyzing 30 pharmaceutical datasets, including inhibi-
tion of CYP450, hERG channel, and several ion channels 
[51].

We used the R package caret with the R implementa-
tion of XGB and the xgbLinear option. Importantly, the 
caret implementation performs model tuning and cal-
culates variable importance [52, 53]. R version 3.5.0 for 
Windows, xgboost version 0.6.4.1, and caret package ver-
sion 6.0.79 were used for the XGB modeling. While many 
other machine learning algorithms could have been used, 
XGB was deemed to be a reasonable place to start for 
comparison of the PaDEL binary fingerprints, fragment 
count, and 1D/2D descriptors.

Root-mean-squared error (RMSE) was optimized using 
the training data with fivefold cross validation repeated 
five times. The acidic and basic data sets were modeled 
separately. Each of the three data sets (Options 1–3) was 
examined and performance was assessed for the testing 
data sets using RMSE and the coefficient of determina-
tion  R2. In addition, three feature-reduction techniques 
were examined to assess impact on model performance 
of using: (1) data in which features (columns) of all zeros 
and all ones were deleted, (2) as previous but with highly 
correlated features removed, and (3) as previous but with 
low-variance features removed.

An RData environment file was generated for all the 
XGB models. The RData file can be loaded into the R 
workspace to quickly access all models and variables. 
The RData environment and performance metrics are 
found on [54]. R Markdown was used to create a HTML 
file with all the performance metrics, variable impor-
tance plots and  R2 plots. Additional XGB details are in 

Additional file 2 and in the code documentation on the 
GitHub site.

Deep neural networks
DNN learning has been used extensively in computa-
tional biology [55–57] and computational chemistry [58–
60]. A DNN learning model consists of artificial neural 
networks with multiple layers between the input and the 
output. One significant advantage of using DNN learn-
ing is that it maximizes the model accuracy by mapping 
features through a series of nonlinear functions that are 
stitched together in a combinatorial fashion.

The DNN learning models were built using the open-
source deep learning libraries Keras 2.0 and Tensorflow 
1.4 [61, 62]. The open source Scikit-learn Python library 
was used for feature vector processing, fivefold cross vali-
dation, and final metric computations [63]. Python 3.6 
was used for all DNN coding using a Jupyter notebook.

Fivefold cross validation was used to construct a model 
from the training data by optimizing RMSE. A variety of 
parameters were examined and optimized, including the 
algorithm, weight initialization, hidden layers activation 
function, L2 regularization, dropout regularization, num-
ber of hidden layers, nodes in the hidden layers, and the 
learning rate.

DNN models were trained using all binary, count 
fingerprints, 1D/2D descriptors, and their combina-
tions. 1D/2D features that had any missing values were 
excluded. All feature vectors with continuous variables 
were scaled to absolute values of minimum and maxi-
mum values prior to training. The final tuned model had 
three hidden layers of 256 nodes each followed by a batch 
normalization and a dropout layer (0.25). The overall 
architecture is shown in Fig. 4.

Benchmarking the developed models
To further validate the three models and assess their pre-
dictivity, a large external data set that was not used dur-
ing the modeling process would be ideal. However, no 
large, well-annotated pKa datasets were found in the lit-
erature. Thus, in lieu of experimental data, the possibility 
of benchmarking the models using predictions that could 
be verified to be consistent with DataWarrior was tested.

We selected two widely used commercial predic-
tors from ACD/Labs and ChemAxon to be used in the 
benchmark analysis. Both ACD/Labs and ChemAxon 
have multiple pKa predictors and models. For ACD/Labs 
Percepta Batch (version 2016.2.2), the “Single_Classic” 
model was selected with Amides and S-Acids considered 
as non-ionizable. For ChemAxon, the strongest acidic 
and basic pKa values were considered.

First, ACD/Labs and ChemAxon pKa predictions 
were compared to the DataWarrior pKa values. This 

https://github.com/NIEHS/OPERA
https://github.com/NIEHS/OPERA
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tested the hypothesis that predictions generated by the 
two commercial tools were concordant enough (either 
separately or in combination) with the experimental 
DataWarrior data set to be used as benchmarks for the 
three models. The concordance metrics were the num-
ber of chemicals commonly predicted to have acidic 
and basic pKas as well as the statistical parameters:  R2, 
coefficient of correlation  (r2), and RMSE. For this first 
step of the analysis, ACD/Labs and ChemAxon pre-
dictions were generated using the same QSAR-ready 
standardized structures generated from the Data-
Warrior chemicals and used to develop the models. 
This concordance analysis used data Option 3, which 
includes amphoteric chemicals, mean pKa values for 
replicates, and the strongest acidic pKa (smallest value) 
or strongest basic pKa (greatest value).

This concordance analysis had two main goals. The 
first was to identify a set of rules or chemical space/pKa 
ranges where these two tools were most concordant 
with DataWarrior pKa values. These rules would then be 
applied to predictions from ACD/Labs and ChemAxon 
on a new data set to generate benchmark data to com-
pare with the predictions of the three models developed 
in this work. A subset of the EPA Toxic Substances Con-
trol Act (TSCA) chemicals was used for this purpose. All 
predictions in this analysis were based on QSAR-ready 
structures generated using the previously mentioned 
structure standardization procedure.

Results and discussion
Support vector machines
The above described datasets from Options 1–3 were 
modeled using the SVM algorithm, and the results are 
shown in Table  1. The acidic and basic datasets were 
modeled separately using continuous descriptors, binary 
fingerprints, fragment counts, and combined binary fin-
gerprints-fragment counts.

The acidic dataset from Option 1 with fingerprints 
and fragment counts showed the best performance on 
the test set, with an  R2 of 0.72 and an RMSE of 1.80. 
Among the SVM models predicting basic pKa, the data-
set from Option 2 with fingerprints and fragment counts 
showed the best overall performance, with a test set  R2 
and RMSE of 0.78 and 1.53, respectively. The continuous 
1D/2D descriptors performed poorly, while the models 
using binary fingerprints combined with fragment counts 
showed the best overall performance. In general, the 
basic pKa models performed better than the acidic pKa 
models for the three data options.

Since the pKa value prediction should be combined 
with a decision algorithm to decide whether to use the 
acid or basic model or both, the classification modeling 
described above was used. First the GA identified 15 
continuous descriptors of relevance in differentiating 
acidic, basic, and amphoteric chemicals (Table  2). Each 
of these descriptors is related to the electronic configu-
ration of the structures and their H-bond donors/accep-
tors and thus can be interpreted as mechanistically linked 
to pKa. Then, these descriptors were used to calibrate a 
three-class kNN categorical model. In order to challenge 
the kNN model based on the 15  GA selected continu-
ous descriptors, its performance was compared to SVM 
models based on the same descriptors as well as finger-
prints and fragment counts.

The results, summarized in Table  3, confirmed that 
the kNN model based on the best 15 descriptors is more 
robust and stable in comparison to the other models.

Based on these results, a free and open-source pKa pre-
dictor was implemented in OPERA (since version 2.0) to 
be used with new chemicals [27, 35, 45]. The kNN clas-
sification model based on the 15 descriptors selected by 
GA is used to select the appropriate SVM model, which 
is then applied to predict the pKa values. The OPERA 
pKa predictor is also equipped with an ionization 
checker based on the hydrogen donor and acceptor sites 
such that pKa predictions will only be made for ionizable 
chemicals.

Extreme gradient boosting
Three feature-reduction techniques were applied to the 
binary fingerprints and fragment counts descriptors:

Fig. 4 DNN learning model for pKa prediction. The model was 
comprised of a four-layer neural network with one input layer (K 
features), three hidden layers (256 nodes each) and one output layer 
(pKa value). Each hidden layer was followed by a batch normalization 
layer and a dropout layer (not shown). Connections existed between 
neurons across layers, but not within a layer
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• Data in which constant features (of all zeros and all 
ones) were deleted: D1.

• As above, but with highly correlated features 
removed: D2.

• As above, but with low variance features removed: 
D3.

Model performance and variable importance for all fea-
ture sets is available in Additional file 2. The performance 
for the five best models for the acidic and basic data sets 
is summarized in Table 4. The models for the best acidic 
and basic data sets had equivalent performance, with 
RMSEs of 1.68 and 1.69, respectively.

Table 1 Performance of  SVM models using three data options with  continuous descriptors, fingerprints and  fragment 
counts

Data option Data set Feature sets Number 
of features

Train Fivefold CV Test

R2 RMSE Q2 RMSE R2 RMSE

1 Acidic Continuous 870 0.96 0.65 0.58 2.18 0.68 1.91

1 Acidic Fingerprints 1548 0.91 1.00 0.64 2.02 0.71 1.81

1 Acidic Fingerprints + counts 2104 0.94 0.80 0.64 2.02 0.72 1.80

1 Basic Continuous 876 0.96 0.64 0.65 1.94 0.65 1.93

1 Basic Fingerprints 1535 0.91 0.99 0.69 1.84 0.69 1.83

1 Basic Fingerprints + counts 2079 0.93 0.87 0.72 1.73 0.70 1.80

2 Acidic Continuous 913 0.98 0.49 0.61 2.10 0.69 1.89

2 Acidic Fingerprints 1552 0.9 1.05 0.63 2.04 0.69 1.87

2 Acidic Fingerprints + counts 2141 0.94 0.85 0.63 2.05 0.71 1.81

2 Basic Continuous 913 0.97 0.52 0.67 1.88 0.66 1.88

2 Basic Fingerprints 1534 0.90 1.02 0.68 1.83 0.75 1.63

2 Basic Fingerprints + counts 2085 0.93 0.88 0.71 1.76 0.78 1.53

3 Acidic Continuous 510 0.96 0.66 0.59 2.17 0.57 2.20

3 Acidic Fingerprint 1580 0.91 1.00 0.64 2.01 0.68 1.91

3 Acidic Fingerprints + counts 2395 0.93 0.86 0.65 1.99 0.69 1.87

3 Basic Continuous 510 0.95 0.75 0.61 2.01 0.6 2.09

3 Basic Fingerprints 1543 0.91 0.94 0.72 1.72 0.67 1.90

3 Basic Fingerprints + counts 2358 0.93 0.84 0.73 1.67 0.71 1.79

Table 2 Descriptors selected by the genetic algorithm to differentiate chemicals with acidic and/or basic ionization sites

Name Description

minHBa Minimum e-states for (strong) hydrogen bond acceptors

minsOH Minimum atom-type e-state: –OH

TopoPSA Topological polar surface area (TPSA)

WTPT4 Sum of path lengths starting from oxygens

WTPT5 Sum of path lengths starting from nitrogens

SaaN Sum of atom-type e-state: N

SsOH Sum of atom-type e-state: –OH

minHBint2 Minimum e-state descriptors of strength for potential hydrogen bonds of path length 2

AATS0i Average Broto-Moreau autocorrelation − lag 0/weighted by first ionization potential

ATSC1i Centered Broto-Moreau autocorrelation − lag 1/weighted by first ionization potential

maxHBa Maximum e-states for (strong) hydrogen bond acceptors

nHBAcc Number of hydrogen bond acceptors (using CDK HBondAcceptorCountDescriptor algorithm)

nHBint2 Count of e-state descriptors of strength for potential hydrogen bonds of path length 2

ETA_dBeta A measure of relative unsaturation content

nHBDon_Lipinski Number of hydrogen bond donors (using Lipinski’s definition: any OH or NH, each available 
hydrogen atom is counted as one hydrogen bond donor)
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In addition to modeling all eight binary fingerprints 
separately, another data set was created that combined 
the eight binary fingerprints. The best performance was 
obtained with the combined fingerprints. This is not sur-
prising because the combined fingerprint data set allows 
the most informative features of any binary fingerprint 
to be used in the model. This approach performed better 
than use of any single binary fingerprint, fragment count, 
or 1D/2D descriptor. The MACCS fingerprint was the 
best performing single fingerprint.

R was used for the XGB analysis and R Markdown was 
used to create a single HTML file with all the perfor-
mance metrics for all binary fingerprints, all counts, and 
1D/2D data. Variable importance plots and observed vs. 
predicted  R2 plots were generated for all models. The R 
workspace environment was saved for all models so the 
code does not have to be executed to examine the mod-
els. The user can simply load the R workspace into the 
current session.

Deep neural networks
The three data set options (Option 1 and Option 2) were 
modeled separately using DNN. The results in Table  5 
show that the model for chemicals with a single acidic 

pKa had the best performance, followed by chemicals 
with a single basic pKa and finally by chemicals with 
a single acidic and single basic pKa combined. Perfor-
mance was measured using the RMSE for the test data. 
Models using data Options 1 and 2 outperformed models 
using data Option 3.

In all cases, models constructed using a combination 
of features outperformed models using a single finger-
print set. For the chemicals with an acidic pKa, the best-
performing model combined 1D/2D descriptors and 
MACCs fingerprints using the Option 1 data. For the 
chemicals with a basic pKa, the best-performing model 
combined the MACCs and CDK fingerprints using the 
Option 2 data. For the data set that combined the chemi-
cals with an acidic and basic dataset, the best perfor-
mance was seen using the 1D/2D descriptors with the 
MACCS fingerprint.

Comparison of SVM, DNN, and XGB model performance
Table  6 shows the RMSE and  R2 statistics for the DNN, 
SVM, and XGB models with the best performance. Based 
on RMSE, the DNN model for chemicals with an acidic 
pKa was substantially better than the SVM and XGB 

Table 3 Comparison of kNN classification model and SVM models

The kNN classification model used the 15 GA selected descriptors. The SVM models used the same descriptors as well as additional continuous descriptors, 
fingerprints, and fragment counts as noted in the table

Model algorithm Descriptor type Variables Train BA Fivefold CV BA Test BA

kNN Continuous 15 0.8 0.8 0.77

SVM Continuous 15 0.92 0.8 0.73

SVM Continuous 511 0.98 0.79 0.72

SVM Fingerprints 1565 0.98 0.8 0.74

SVM Fragment counts 815 0.96 0.8 0.73

Table 4 Summary statistics for the five best-performing XGB models for chemicals with acidic and basic pKas

Each group of statistics is ordered by test set RMSE, with the best-performing models listed first. D1 indicates the data set with variables of all 0’s and all 1’s removed. 
D2 indicates the D1 data set with highly correlated variables removed. D3 indicates the D2 data set with low variance features removed

Data option Dataset Feature sets Number of features Train Test

R2 RMSE R2 RMSE

1 Acidic Fingerprints (D1) 4901 0.684 1.865 0.754 1.679

1 Acidic Fingerprints (D2) 4234 0.673 1.897 0.739 1.728

1 Acidic MACCS (D2) 145 0.658 1.951 0.725 1.775

1 Acidic Fingerprints (D3) 1663 0.655 1.948 0.710 1.825

1 Acidic MACCS (D1) 153 0.657 1.953 0.706 1.834

2 Basic Fingerprints (D2) 4009 0.752 1.540 0.728 1.694

2 Basic Fingerprints (D1) 4665 0.749 1.551 0.723 1.709

2 Basic PUBCHEM (D2) 488 0.727 1.622 0.720 1.718

2 Basic MACCS (D3) 98 0.714 1.663 0.714 1.736

2 Basic MACCS (D1) 153 0.734 1.601 0.712 1.744
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models. However, the SVM model was marginally better 
than the DNN model for chemicals with a basic pKa.

It is not clear why the DNN model for chemicals with an 
acidic pKa performed so well, as DNNs are notoriously dif-
ficult to interpret [64]. While DNNs have shown remark-
able performance in many areas, in many cases they remain 
a black box [65]. For example, in our relatively small data 
set, there were 438,273 trainable parameters, which illus-
trates the complexity of many DNN models.

One important difference among the models is that the 
SVM models are coupled with a categorical model that 
can indicate whether a molecule has an acidic pKa, basic 
pKa or both (amphoteric). This leads to an automatic 
selection of the model to use (acidic, basic or both), for 
ionizable chemicals only, by OPERA models.

Benchmark analysis
Concordance of pKa predictions from ACD/Labs 
and ChemAxon to the DataWarrior values
The QSAR-ready standardized structures generated from 
the DataWarrior chemicals were used to generate pKa 

predictions using the proprietary ACD/Labs Percepta 
Batch (version 2016.2.2) and ChemAxon predictors. The 
entire DataWarrior list (Option 3) was used as input for 
the two commercial tools to predict whether a chemical 
would have an acidic or basic pKa as well as to predict 
numeric pKa values. These tools can also provide mul-
tiple acidic and basic pKa values for a single chemical. 
However, for this study, only the strongest acidic and the 
strongest basic “macroscopic” pKas were considered. The 
predictions of both tools are provided in Additional file 4.

This comparison was conducted to analyze the con-
cordance between DataWarrior and the predictions of 
ACD/Labs and ChemAxon. Thus, the goal was not to 
assess the predictive performance of the commercial 
tools.

Table 7 summarizes the total number of chemicals that 
were predicted to have acidic or basic pKas by the two 
commercial tools using the 6940 DataWarrior chemicals 
(Option 3). As shown in Table  7, the commercial tools 
provided pKa values for the overwhelming majority of 
the DataWarrior chemicals. Only 3.5% and 0.3% of the 

Table 5 Summary statistics for the five best-performing DNN models

Statistics are presented for the acidic only, basic only and combined (acidic and basic) data sets. Each group of statistics is ordered by test set RMSE, with the best-
performing models listed first

Data option Dataset Feature sets Number 
of features

Train Fivefold CV Test

R2 RMSE Q2 RMSE R2 RMSE

1 Acidic Continuous + MACCS 1408 0.98 0.43 0.75 1.71 0.80 1.51

2 Acidic Continuous + MACCS 1408 0.98 0.52 0.74 1.73 0.79 1.54

2 Acidic Fingerprints 1190 0.98 0.48 0.71 1.82 0.79 1.55

1 Acidic Fingerprints 1190 0.99 0.39 0.71 1.81 0.78 1.59

2 Acidic MACCS 166 0.96 0.64 0.71 1.82 0.77 1.61

2 Basic Fingerprints 1190 0.98 0.48 0.75 1.63 0.77 1.57

1 Basic MACCS 166 0.97 0.53 0.74 1.69 0.77 1.59

1 Basic Continuous + MACCS 1481 0.98 0.45 0.75 1.64 0.76 1.59

2 Basic Continuous + MACCS 1481 0.97 0.56 0.73 1.71 0.76 1.60

2 Basic MACCS 166 0.97 0.58 0.75 1.65 0.74 1.65

1 Combined Continuous + MACCS 1408 0.97 0.52 0.65 1.90 0.75 1.61

1 Combined Fingerprints 1190 0.97 0.55 0.62 1.98 0.73 1.68

2 Combined Continuous + MACCS 1408 0.97 0.55 0.67 1.84 0.72 1.69

1 Combined MACCS 166 0.97 0.57 0.62 1.99 0.72 1.70

2 Combined MACCS 166 0.97 0.52 0.63 1.94 0.70 1.76

Table 6 Summary statistics for the best-performing models using the testing data

Model Acidic Basic

Data option Feature set R2 RMSE Data option Feature set R2 RMSE

SVM 1 Fingerprints + counts 0.72 1.80 2 Fingerprints + counts 0.78 1.53

XGB 1 Fingerprints 0.75 1.68 2 Fingerprints 0.73 1.69

DNN 1 Continuous + MACCS 0.80 1.51 2 Fingerprints 0.77 1.57
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chemicals were predicted to be non-ionizable by ACD/
Labs and ChemAxon, respectively. These numbers are 
substantially higher than the number of acidic and basic 
pKa values available from DataWarrior. The number of 
chemicals predicted as amphoteric by the commercial 
tools is also higher than what is available in DataWarri-
or’s experimental data.

ACD/Labs seemed to be more selective than Che-
mAxon in terms of acidic/basic classification, while Che-
mAxon considered most of the chemicals it predicted as 
ionizable to be amphoteric. The summary data presented 
in Table  7 suggests that the two commercial tools are 
employing different algorithms to determine ionization 
sites and to classify the pKa of the chemicals as acidic and 
basic. However, the two tools also show a high number of 
chemicals predicted in both the acidic and basic catego-
ries (third row of Table 7).

Next, the ACD/Labs and ChemAxon predictions 
were compared to the experimental pKa values avail-
able in DataWarrior. For each of the commercial tools, 
the concordance analysis was conducted on the chemi-
cals in common with DataWarrior’s acidic and basic data 
sets separately. The results of this analysis are shown in 
Table 8 and Fig. 5. Over 90% of the DataWarrior chemi-
cals with an acidic pKa were predicted to have an acidic 
pKa by both ACD/Labs and ChemAxon. Likewise, over 
97% of the DataWarrior chemicals with a basic pKa 
were predicted to have a basic pKa by both ACD/Labs 
and ChemAxon. Thus, there is a high degree of over-
lap between both ACD/Labs and ChemAxon tools with 
DataWarrior acidic and basic sets in terms of number of 
predicted chemicals. However, as mentioned above, it is 
important to note that the two commercial tools predict 
a higher number of amphoteric chemicals than was indi-
cated by the DataWarrior experimental data.

Figure  5 plots the pKa predictions of the two com-
mercial tools in comparison to the DataWarrior acidic 
and basic pKa data sets for the chemicals in common 
(Table 8). The concordance statistics of the predictions of 
those chemicals are also provided in the figure inserts as 
 R2,  r2, and RMSE. The data show moderate  r2 correlations 
(0.51–0.69) but a low predictivity demonstrated by low 
 R2 and high RMSE. However, Fig. 5 also shows that these 
low statistics are not representative of all plotted predic-
tions. In fact, the dotted lines in the Fig. 5 graphs show 
that the number of predictions for both ACD/Labs and 
ChemAxon within a ± 2 pKa unit threshold is consider-
ably greater than those above 2 pKa units difference with 
DataWarrior. This is confirmed in Table  8, which also 
shows that the two commercial tools show high concord-
ance with DataWarrior in terms of the number of predic-
tions within 2 pKa units error.

Table 8 also shows a high overlap between the two tools 
in terms of the number of chemicals that are predicted 
to be within ± 2 pKa units of the DataWarrior values. 
This means, that for the most part, the two predictors are 
reasonably concordant (based on the 2 pKa units cutoff) 
with each other as well as with DataWarrior, as shown 
in Fig. 6. A structural comparison of the commonly pre-
dicted chemicals with an error of ≤ 2 and > 2 pKa units 
of the DataWarrior values did not reveal any trends in 
chemical features in the two groups. Thus, it seems that 
the differences between the two programs is multifac-
eted, with potential sources of variation for both com-
mercial tools and DataWarrior including the prediction 
algorithms, data sources, and curation processes.

Considering only the ACD/Labs and ChemAxon pre-
dictions within 2  pKa units of the DataWarrior values, 
Fig. 6 shows that the commercial products have very high 
concordance, with an  R2 > 0.91 and RMSE values below 

Table 7 Acidic and basic pKas predicted by ACD/Labs and ChemAxon models using the DataWarrior chemicals

Chemicals predicted to have 
an acidic pKa

Chemicals predicted to have 
a basic pKa

Chemicals predicted to be 
amphoteric

Chemicals predicted 
to be non-ionizable

ACD/Labs 4475 5210 2989 244

ChemAxon 5070 6447 4595 18

In common 4468 5031 2818 6

Table 8 Summary of the overlap between ChemAxon and ACD/Labs predictions

Statistics are relative to the total number of predicted DataWarrior chemicals (QSAR-ready standardized SMILES with the Option 3 data)

Acidic dataset in DataWarrior (3260 chemicals) Basic dataset in DataWarrior (3680 chemicals)

ACD/Labs ChemAxon In common ACD/Labs ChemAxon In common

Number of predicted chemicals 2918 3206 2917 3579 3649 3557

pKa difference ≤ 2 units 1864 2022 1534 2178 2928 1974

pKa difference > 2 units 1054 1184 655 1401 721 445
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0.92 for these chemicals. Thus, a ± 2 pKa units difference 
between ACD/Labs and ChemAxon predictions can be 
considered a reasonable threshold to include most of their 
predictions that are also concordant with DataWarrior. 
To verify this hypothesis, the number of chemicals that 
both tools predicted within ± 2  pKa units of each other 
and DataWarrior pKa values are summarized in Table 9. 
The high overlap between the two groups of chemicals for 
both acidic and basic data sets confirms that if both tools 
predicted a pKa value for a chemical within ± 2 pKa units 
of each other, those predictions are most likely to also be 
within ± 2  pKa units of the DataWarrior experimental 
pKa value. This is valid for both acidic and basic pKas.

These results indicate that when the predicted pKa val-
ues using ACD/Labs and ChemAxon are within ± 2 pKa 
units of each other, these values are within the same 
threshold of difference with the DataWarrior experi-
mentally measured pKa values. Conversely, when the 
predicted pKa values using ACD/Labs and ChemAxon 
are > 2 pKa units of each other, the concordance with the 
DataWarrior values is low. This suggests that the con-
cordant pKa predictions (within ± 2 units of each other) 
can be averaged and used as a benchmark for our three 
models on a new data set. Figure 7 shows good concord-
ance between the averaged predictions and the acidic and 
basic pKa values of DataWarrior.

Fig. 5 Scatter plots of ChemAxon and ACD/Labs predictions versus the DataWarrior acidic and basic pKa values. Dotted lines show the predictions 
for ChemAxon and ACD/Labs that are within± 2 pKa units of the DataWarrior values. a DataWarrior acidic pKa values vs ACD/Labs acidic pKa 
prediction. b DataWarrior basic pKa values vs ACD/Labs basic pKa prediction. c DataWarrior acidic pKa values vs ChemAxon acidic pKa prediction. 
d DataWarrior basic pKa values vs ChemAxon acidic pKa prediction. Values between parenthesis are the 95% confidence intervals based on a 
5000-bootstrapping procedure
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Performance of the three models in comparison 
to the benchmark data
A subset of chemicals from the EPA Toxic Substances 
Control Act (TSCA) called “TSCA_active” (referred 
to simply as TSCA chemicals in this publication) were 
selected as a benchmark for the analysis. This dataset was 
downloaded from EPA’s CompTox Chemicals Dashboard 
[66] and yielded 9835 QSAR-ready structures after pro-
cessing using the same standardized workflow applied 
to the DataWarrior chemicals. The DataWarrior data set 
included 931 of these chemicals, so these were removed, 
leaving 8904 chemicals for further analysis. The TSCA 
dataset did not have any experimental pKa values. The 
same ACD/Labs and ChemAxon models used previously 
were applied to this list of chemicals. The total number 
of predicted chemicals by the two commercial tools and 

the overlap between them are summarized in Table  10. 
All predictions for this dataset are provided in Additional 
file 5.

Table  10 shows that there is considerable divergence 
between ACD/Labs and ChemAxon predictions with 
regard to the number of ionizable and non-ionizable 
chemicals. ACD predicted that 45% (4030/8904) of the 
chemicals would be non-ionizable, while ChemAxon 
predicted that 12% (1059/8094) of the TSCA chemicals 
would be non-ionizable. Note that for the ACD/Labs 
analysis, the option to consider amides and s-acids (~ 500 
chemicals) as non-ionizable was selected. This divergence 
was greatest for the chemicals with a basic pKa. This was 
also reflected in the concordance between the two tools 
in terms of predicted values, since 76% (2457/3234) of 
the commonly predicted chemicals with acidic pKas were 
concordant (difference ≤ 2  pKa units), while only 46% 
(1089/2366) of the commonly predicted chemicals with 
basic pKas were concordant. Similarly, in comparison to 
DataWarrior data, ACD/Labs seemed to be more specific 
regarding the acid/basic classification and the ioniza-
bles/non-ionizables, while ChemAxon considered most 
chemicals as ionizables and amphoteric.

Figure 8 shows scatter plots of predictions of acidic and 
basic pKa values for the TSCA chemicals. The predic-
tions that are within ± 2 pKa units of each other are high-
lighted in blue for the acidic pKas and red for the basic 
pKas. The concordance between ACD/Labs and Che-
mAxon was greatest for the acidic pKa predictions com-
pared to the basic pKa predictions, which showed more 
divergence. Thus, as discussed above, it was considered 
to be better to use only the predictions within ± 2  pKa 
units of each other for the subsequent benchmark anal-
ysis. There were 2457 chemicals with pKa predictions 

Fig. 6 Scatter plots of ChemAxon and ACD/Labs predictions for the chemicals in common within 2 pKa units of the acidic and basic data sets of 
DataWarrior. a ChemAxon acidic pKa predictions vs ACD/Labs acidic predictions. b ChemAxon basic pKa predictions vs ACD/Labs basic predictions

Table 9 Concordance of  ACD/Labs and  ChemAxon pKa 
predictions with each other and DataWarrior values

Table summarizes pKa predictions for ACD/Labs and ChemAxon chemicals 
within ± 2 pKa units of each other, within ± 2 pKa units to DataWarrior pKa 
values and the overlap between the two groups

ACD/Labs 
and ChemAxon 
predictions 
within 2 pKa units 
of each other

Predictions 
within 2 pKa units 
of the DataWarrior 
pKa values

Overlap

ACD/Labs and 
ChemAxon 
acidic pKa 
predictions

1866 1543 1468

ACD/Labs and 
ChemAxon 
basic pKa 
predictions

2199 1974 1902
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within ± 2 pKa units for the chemicals predicted to have 
acidic pKa and 1089 chemicals with pKa predictions 
within ± 2  pKa units for chemicals predicted to have a 
basic pKa (Fig.  8). The ACD/Labs and ChemAxon pKa 
predictions were averaged for these chemicals and used 
as benchmark datasets.

The SVM, XGB, and DNN models developed in this 
work were used to predict pKa values of the TSCA chem-
ical data set of 8904 chemicals for further benchmark-
ing. The SVM model was implemented in OPERA with a 
kNN classifier to determine if a chemical would have an 
acidic, basic, or amphoteric pKa(s). In addition, OPERA 
provided an AD and accuracy assessment. Neither the 
XGB or DNN models predicted if a chemical would 
have an acidic or basic pKa, as shown in Table 11, so all 
chemicals were predicted using both the acidic and basic 
models.

Comparing the data in with the ACD/Labs predic-
tions in Table  10 shows that the OPERA predictions 
were highly concordant with those of ACD/Labs in terms 

of the number of acidic and basic classifications. Most 
of these predictions were within the AD of the OPERA 
models. The predictions of the OPERA, XGB, and DNN 
models using the benchmark acidic and basic datasets are 
plotted in Fig. 9 along with the  R2 and RMSE to assess the 
concordance in pKa values. For OPERA, only the over-
lapping predictions within the AD are plotted.

Figure 9 shows a reasonable concordance between the 
three models and the two benchmark datasets. However, 
the concordance with the basic benchmark data set was 
higher than the acidic dataset.

When the whole TSCA_active list was considered 
(Fig.  8), the discordance between ACD/Labs and Che-
mAxon was higher for the basic dataset compared to 
the acidic dataset. However, for the benchmark data-
sets, which includes only predictions within 2 pKa units 
of each other, the opposite was noticed, namely that 
the basic dataset showed better concordance with the 
OPERA, XGB and DNN models.

OPERA showed better concordance than the XGB and 
DNN models with the benchmark acidic and basic pKa 
predictions as evidenced by the  R2 and RMSEs in Fig. 9. 
This can be explained by the fact that the models in this 
work were trained on DataWarrior datasets that were 
not fully concordant with ACD/Labs and ChemAxon in 
terms of acidic/basic and ionizables/non-ionizables. In 
addition, the DataWarrior chemicals define the chemical 
space of the OPERA models, thus not all TSCA_active 
chemicals (Table  11) and the benchmark subset are all 
within OPERA’s AD.

As shown in Tables  7 and 8, the number of overlap-
ping predictions between the two tools was higher than 

Fig. 7 Scatter plots of the averaged ChemAxon and ACD/Labs predictions within ± 2 units of each other for the chemicals in the a acidic and b 
basic pKa data sets of DataWarrior values between parenthesis are the 95% confidence intervals based on a 5000-bootstrapping procedure

Table 10 Comparison of  pKa predictions for  the  TSCA 
chemicals

Acidic pKa 
predictions

Basic pKa 
predictions

Non-ionizable

ACD/Labs 3256 2490 4030

ChemAxon 4271 7208 1059

Chemicals in both ACD/
Labs and ChemAxon 
predictions

3234 2366 1023

Difference ≤ 2 pKa units 2457 1089 –
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the number of pKa values in DataWarrior, although not 
all DataWarrior acidic and basic datasets were predicted 
as such by the two tools. The same trend is noticed with 
the TSCA_active chemicals as shown in Tables 10 and 11.

Table  12 summarizes the effect of defining the AD 
using the statistics of OPERA predictions for the 
benchmark dataset. As expected, concordance for 
the predictions outside of the AD was much lower 
than that for predictions inside the AD. For the acidic 
dataset, the difference between the RMSE values for 
chemicals inside and outside the AD was 2.11, which is 
substantial. Thus, as would be expected, excluding the 
predictions outside of the AD improved the statistics of 
the models since the predictions within the AD can be 
considered more accurate than those outside the AD.

The other reason for the lower concordance between 
the models developed in this work and the benchmark 
dataset is due to the high number of discordant predic-
tions at both extremes of the benchmark acidic pKa 

predictions (Fig. 9a, c, e). This discordance is not only 
due to the difference between the three models and 
the benchmark data, but also between ACD/Labs and 
ChemAxon predictors. As seen in Fig.  8a, the predic-
tions of the two commercial tools begin to diverge at 
the extremities of the scatter plots for the acidic data-
set. The pKa range where these two tools are the most 
concordant is [0–14], which is also the range for most 
of the DataWarrior acidic pKa values (Fig. 3). Thus, the 
benchmark acidic dataset can be reduced to the range 
of DataWarrior acidic pKa values [0–14] that was used 
to train the three models developed in this work. By 
excluding the extreme acidic pKa values, the bench-
mark dataset was reduced from 2457 to 1629 chemicals.

Likewise, the extreme values were removed from the 
basic benchmark dataset by restricting the pKa values 
to [− 2, 12] which is the range of the DataWarrior basic 
pKas. The resulting basic benchmark dataset was reduced 
from 1089 to 1047 chemicals.

Fig. 8 Scatter plots of the ChemAxon and ACD/Labs predictions for the TSCA_active data set. a Chemicals predicted to have acidic pKa within 
2 pKa units are shown in blue, and chemicals with predicted pKa values differing by more than 2 pKa units are in black. b Chemicals with ACD/
Labs and ChemAxon predicted basic pKa values falling within 2 pKa units of each other are shown in red, and chemicals with predicted pKa values 
differing by more than 2 pKa units are in black. Values between parenthesis are the 95% confidence intervals based on a 5000-bootstrapping 
procedure

Table 11 Predictions of pKa for the 8904 TSCA chemicals

Acidic pKa predictions Basic pKa predictions Non-ionizable

OPERA (SVM + kNN) 3141 2201 3696

Chemicals within OPERA AD 2374 (76%) 1850 (84%) 3201 (87%)

XGB 8904 8904 Not applicable

DNN 8904 8904 Not applicable
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Fig. 9 Scatter plots showing the acidic and basic pKa predictions by OPERA, XGB, and DNN, compared to the averaged ChemAxon and ACD/
Labs predictions for the benchmark list of chemicals. a Benchmark acidic pKa predictions vs OPERA acidic pKa predictions. b Benchmark basic pKa 
predictions vs OPERA basic pKa predictions. c Benchmark acidic pKa predictions vs XGB acidic pKa predictions. d Benchmark basic pKa predictions 
vs XGB basic pKa predictions. e Benchmark acidic pKa predictions vs DNN acidic pKa predictions. f Benchmark basic pKa predictions vs DNN basic 
pKa predictions. Values between parenthesis are the 95% confidence intervals based on a 5000-bootstrapping procedure
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The concordance statistics between the three models 
and the reduced benchmark datasets are summarized in 
Table 13.

As expected, by excluding the extreme values that are 
the source of divergence between the commercial tools 
and are absent in DataWarrior, the overall concordance 
between the benchmark datasets and the three models 
increased. This increase is clear for the acidic dataset 
after removing the 828 extreme pKa values, while only 
42 pKa values were removed from the basic dataset. The 
concordance improvement was higher for the XGB and 
DNN models in comparison to OPERA. For OPERA, 
~ 50% of the extreme values were already excluded by the 
AD or predicted to be non-ionizable. This explains why 
the chemicals outside of the AD had lower concordance 
with the benchmark dataset. Removing the extreme val-
ues from the acidic benchmark dataset also decreased the 
difference in RMSE between the three models with the 
benchmark dataset. The DNN, XGB, and OPERA mod-
els showed about the same performance statistics  (R2 and 
RMSE) with the reduced acidic benchmark dataset.

This benchmark analysis and comparison revealed 
many differences among all models with respect to the 
predictions of the pKa values and how chemicals are 
predicted to have an acidic or basic pKa. Differences 
were noted among the models developed in this work as 
well as between the commercial tools, and this applied 
to both analyses based on the DataWarrior and the 
benchmark dataset. The DNN and XGB models do not 
predict whether a chemical will have an acidic or basic 
pKa, unlike ACD/Labs ChemAxon and OPERA. Thus, 
while OPERA can be applied directly to large numbers 
of chemicals to identify the ionizables then predict the 

relative acidic and basic pKas in batch mode, the DNN 
and XGB models provide the users with the flexibility 
to manually select ionizable chemicals, applying expert 
judgment if dealing with a limited number of chemicals, 
or to plug in external ionization algorithms. Since the 
three resulting models from this work are QSAR models 
trained on a dataset with only the strongest acidic and 
basic pKas, they do not provide pKas for all ionization 
sites for multiprotic compounds.

For OPERA (release v2.0), the pKa model currently 
available on the Github repository is available as both a 
command line module and in the form of a user-friendly 
graphical interface [45]. The pKa predictions in OPERA 
can also be used to make logD estimates for physiologi-
cal pH values of interest, specifically pH 5.5 and pH 7.4. 
All OPERA predictions are provided with AD and accu-
racy estimates as well as experimental and predicted val-
ues for the nearest neighboring chemicals as shown on 
the EPA Dashboard prediction reports and explained in 
Mansouri et al. [27].

Conclusions
Open source pKa prediction models using SVM, XGB, 
and DNN algorithms were built using the freely available 
DataWarrior pKa data set. The chemical structures con-
tained in this list were curated and standardized for mod-
eling, then associated with chemical identities from the 
EPA’s DSSTox database. Prediction models were trained 
on a subset containing 75% of the full data set and tested 
on the remaining 25%. Acidic and basic pKa values were 
modeled separately. Performance of the models for pre-
dicting the test set pKas was reasonably good, with RMSE 
values as low as 1.50 and  R2 values up to 0.80.

Table 12 Effect of AD definition on OPERA’s concordance metrics

Acidic benchmark dataset (2457) Basic benchmark dataset (1089)

All overlapping Inside AD Outside AD All overlapping Inside AD Outside AD

Number of chemi-
cals

1847 1472 375 853 748 105

R2 0.53 0.60 0.18 0.68 0.71 0.56

RMSE 3.82 3.3 5.41 2.17 1.99 3.18

Table 13 Comparison of models developed in this work with commercial programs in predicting benchmark data pKas

Reduced acidic benchmark dataset (1629) Reduced basic benchmark dataset (1047)

OPERA XGB DNN OPERA XGB DNN

Overlapping chemicals 1059 1629 1629 731 1047 1047

R2 0.57 0.48 0.48 0.73 0.50 0.60

RMSE 2.42 2.88 2.90 1.81 2.79 2.51
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Predictions from commercial software produced by 
ACD/Labs and ChemAxon were compared to experi-
mental values from DataWarrior acidic and basic 
datasets. The concordance of the two tools with the Data-
Warrior values was similar. However, we discovered that 
the most concordant predictions between ACD/Labs 
and ChemAxon were also the most concordant with the 
experimental data from DataWarrior. This can be consid-
ered as an indication of the accuracy of the predictions of 
the two commercial tools for the DataWarrior datasets, 
namely that their predictions are more accurate when 
both predictions are within ± 2 pKa units and more inac-
curate as they diverge (> 2 pKa units difference). Based on 
this observation, the concordant predictions of the two 
commercial tools (within 2 pKa units) were averaged and 
used as a benchmark dataset for the three open-source 
models developed in this work.

The benchmark analysis of the three models was 
conducted on a subset of the TSCA_active chemicals 
downloaded from the EPA CompTox Chemicals Dash-
board. These chemicals had no experimental pKa values. 
However, based on our observations, the benchmark 
datasets resulting from the concordant ADC/Labs and 
ChemAxon predictions were considered close enough to 
experimental values based on the comparison to Data-
Warrior datasets. Our results indicate that the extreme 
acidic and basic predictions outside the range of [0–14] 
and [− 2 to 12] for the acidic and basic datasets respec-
tively for the two commercial tools might be associated 
with lower accuracy. This limitation is also applicable to 
the three models developed in this work, since they were 
trained on DataWarrior data that is mostly in [0–14] 
and [− 2 to 12] ranges for the acidic and basic pKas, 
respectively.

The two comparison studies conducted in this work, 
based on the experimental data provided by DataWarrior 
as well as the benchmark set from the TSCA chemicals, 
revealed a number of differences among all models. The 
differences are related to the accuracy of the pKa val-
ues predicted, as well as the classification of chemicals 
into acidic, basic, or amphoteric forms. Although there 
was a certain level of concordance among the different 
predictions, it is clear is that pKa is a challenging prop-
erty to model. While many methods for predicting pKa 
have been developed for restricted chemical spaces, we 
believe that we have developed fully open data and open-
source methods for predicting the most acidic and basic 
pKas for a wide range of chemicals and pKa values. An 
additional output from this work is an improved version 
of the DataWarrior pKa data set obtained by standard-
izing the chemical structures and registering them into 
the DSSTox database. Finally, all model predictions have 

been available via the EPA CompTox Chemicals Dash-
board for further use by the scientific community.

Future work
This research produced a pKa data set curated using 
EPA’s standard approaches to producing training sets for 
the pKa predictions to be delivered via the EPA Comp-
Tox Chemicals Dashboard. Scientists within the EPA are 
taking advantage of pre-computed values from different 
models, accessible via the Dashboard, to source predicted 
data for large numbers of chemicals by using the batch 
search [67]. With an OPERA model for pKa and logD 
prediction now available, the entire collection of QSAR-
ready standardized structures derived from the 765,000 
chemical substances associated with the Dashboard was 
run through OPERA. The resulting pKa and logD values 
will be published on the associated chemical proper-
ties pages, and will include a detailed calculation report 
showing the applicability domain details and nearest 
neighbors used for prediction. As with all other OPERA 
models, a QSAR Model Report Format (QMRF) detailing 
the OPERA pKa prediction model will be available from 
the Dashboard (for example, logP: https ://compt ox.epa.
gov/dashb oard/dssto xdb/downl oad_qmrf_pdf?model 
=22&model _name=OPERA _LogP).

The DNN and XGB models do not predict whether a 
chemical will have an acidic or basic pKa, unlike ACD/
Labs, ChemAxon, and OPERA. In future work, both XGB 
and DNN will be modified to predict whether a chemical 
will have an acidic or basic pKa.

Predicted pKa values will be available for modeling 
efforts such as high-throughput toxicokinetics [68] for 
potential application to toxicity prediction [69], and even 
to support chemical identification using predicted reten-
tion times to aid with candidate ranking in non-targeted 
screening by mass spectrometry. The importance of logD 
for the prediction of retention time has already been 
noted a number of times including in our own studies 
[35].

The EPA CompTox Chemicals Dashboard presently 
delivers real time prediction capabilities whereby a user 
can draw a chemical structure in a web-based drawing 
editor and predict a number of physicochemical and 
toxicological endpoints [70]. The integration of OPERA 
models to allow for real-time prediction is presently 
underway, and the inclusion of the OPERA pKa and 
logD predictive models is already planned. Since all 
OPERA models are free and open-source, as are the 
other models discussed in the publication, the commu-
nity will have access to multiple pKa models that they 
can integrate into their own software applications.

https://comptox.epa.gov/dashboard/dsstoxdb/download_qmrf_pdf%3fmodel%3d22%26model_name%3dOPERA_LogP
https://comptox.epa.gov/dashboard/dsstoxdb/download_qmrf_pdf%3fmodel%3d22%26model_name%3dOPERA_LogP
https://comptox.epa.gov/dashboard/dsstoxdb/download_qmrf_pdf%3fmodel%3d22%26model_name%3dOPERA_LogP


Page 19 of 20Mansouri et al. J Cheminform           (2019) 11:60 

Supplementary information
Supplementary information accompanies this paper at https ://doi.
org/10.1186/s1332 1-019-0384-1.

Additional file 1. Original and curated pKa data used for modeling. 

Additional file 2. Additional data analysis and modeling information. 

Additional file 3. DataWarrior pKa data registered in DSSTox database. 

Additional file 4. Predictions of ACD/Labs and ChemAxon for DataWar-
rior chemcials. 

Additional file 5. Predictions of ACD/Labs, ChemAxon and the three 
models on the benchmark data.

Abbreviations
AD: applicability domain; BA: balanced accuracy; DNN: deep neural network; 
EPA: U.S. Environmental Protection Agency; GA: genetic algorithms; kNN: 
k-nearest neighbor; Ka: acid dissociation constant (also called protonation or 
ionization constant); logD: pH-dependent lipid-aqueous partition coefficient; 
logP: lipid-aqueous partition coefficient for non-ionizable substances (also 
expressed as  logKow); OPERA: Open Structure–Activity/Property Relationship 
App; PK: pharmacokinetic; pKa: − log10 Ka; QSAR: quantitative structure–activ-
ity relationship; QSPR: quantitative structure–property relationship; R2: coef-
ficient of determination; Q2: coefficient of determination in cross-validation; r2: 
coefficient of correlation; RMSE: root-mean-squared error; SVM: support vector 
machines; TSCA: Toxic Substances Control Act; XGB: extreme gradient boosting.

Acknowledgements
The authors thank Dr. Thomas Sander (thomas.sander@idorsia.com, http://
www.openm olecu les.org/) for providing the DataWarrior file “pKaInWater.
dwar”, and Caroline Stevens, EPA-ORD-NERL-SED, Athens, GA for the calcula-
tion of pKa values using ChemAxon.

Disclaimer
The views expressed in this article are those of the authors and do not neces-
sarily reflect the views of policies of any federal agency. Mention of trade 
names or commercial products does not constitute endorsement or recom-
mendation for use.

Authors’ contributions
KM and NFC conceived the project. NFC, KM, AK, and VT conducted the formal 
analysis, developed methodology and software, and contributed to the original 
manuscript draft. KM curated data and ran the model comparison and bench-
mark analysis. AJW developed methodology, curated data, and supervised the 
project. WMC, NCK, and DA acquired funding. All authors reviewed and edited 
the manuscript. All authors read and approved the final manuscript.

Funding
This work was supported by the Intramural Research Program of NIEHS. Techni-
cal support was provided by ILS under NIEHS contract HHSN273201500010C. 
EPA Office of Research and Development funded and managed a portion of 
the research described here, with support for CMG and AJW.

Availability of data and materials
All data sets and code are available as Additional files attached to this paper 
and on GitHub: https ://githu b.com/NIEHS /OPERA 

Competing interests
The authors declare that they have no competing interests.

Author details
1 Integrated Laboratory Systems, Inc., P.O. Box 13501, Research Triangle Park, 
NC 27709, USA. 2 Science Data Software LLC, 14914 Bradwill Court, Rock-
ville, MD 20850, USA. 3 National Center for Computational Toxicology, U.S. 
Environmental Protection Agency, 109 T.W. Alexander Dr., Mail Code D143-02, 
Research Triangle Park, NC 27709, USA. 4 National Institute of Environmental 
Health Sciences, P.O. Box 12233, Mail Stop K2-16, Research Triangle Park, NC 
27709, USA. 

Received: 23 May 2019   Accepted: 3 September 2019

References
 1. Wikipedia (2019) Acid dissociation constant. https ://en.wikip edia.

org/w/index .php?title =Acid_disso ciati on_const ant&oldid =89768 8731. 
Accessed 21 May 2019

 2. US EPA-OCSPP (2015) Guidance for reporting on the environmental fate 
and transport of the stressors of concern in problem formulations. In: US 
EPA. https ://www.epa.gov/pesti cide-scien ce-and-asses sing-pesti cide-
risks /guida nce-repor ting-envir onmen tal-fate-and-trans port. Accessed 21 
May 2019

 3. Klöpffer W, Rippen G, Frische R (1982) Physicochemical properties as 
useful tools for predicting the environmental fate of organic chemi-
cals. Ecotoxicol Environ Saf 6:294–301. https ://doi.org/10.1016/0147-
6513(82)90019 -7

 4. Linde CD (1994) Physico-chemical properties and environmental fate of 
pesticides. In: Environmental hazards assessment program, state of Cali-
fornia EPA. http://agris .fao.org/agris -searc h/searc h.do?recor dID=US201 
30007 4742. Accessed 21 May 2019

 5. National Research Council (2014) A framework to guide selection of 
chemical alternatives. The National Academies Press, Washington, D.C. 
https ://doi.org/10.17226 /18872 

 6. Cruciani G, Milletti F, Storchi L et al (2009) In silico pKa prediction and 
ADME profiling. Chem Biodivers 6:1812–1821. https ://doi.org/10.1002/
cbdv.20090 0153

 7. Kerns EH, Di L (2004) Physicochemical profiling: overview of the screens. 
Drug Discov Today Technol 1:343–348. https ://doi.org/10.1016/j.ddtec 
.2004.08.011

 8. Wetmore BA, Wambaugh JF, Allen B et al (2015) Incorporating high-
throughput exposure predictions with dosimetry-adjusted in vitro 
bioactivity to inform chemical toxicity testing. Toxicol Sci 148:121–136. 
https ://doi.org/10.1093/toxsc i/kfv17 1

 9. Strope CL, Mansouri K, Clewell HJ et al (2018) High-throughput in silico 
prediction of ionization equilibria for pharmacokinetic modeling. Sci Total 
Environ 615:150–160. https ://doi.org/10.1016/j.scito tenv.2017.09.033

 10. Tetko IV, Bruneau P (2004) Application of ALOGPS to predict 1-octanol/
water distribution coefficients, logP, and logD, of AstraZeneca in-house 
database. J Pharm Sci 93:3103–3110. https ://doi.org/10.1002/jps.20217 

 11. Hansch C, Maloney PP, Fujita T, Muir RM (1962) Correlation of biological 
activity of phenoxyacetic acids with Hammett substituent constants and 
partition coefficients. Nature 194:178–180. https ://doi.org/10.1038/19417 
8b0

 12. Fourches D, Muratov E, Tropsha A (2016) Trust, but verify II: a practical 
guide to chemogenomics data curation. J Chem Inf Model 56:1243–1252. 
https ://doi.org/10.1021/acs.jcim.6b001 29

 13. Mansouri K, Grulke CM, Richard AM et al (2016) An automated curation 
procedure for addressing chemical errors and inconsistencies in public 
datasets used in QSAR modelling. SAR QSAR Environ Res 27:911–937. 
https ://doi.org/10.1080/10629 36X.2016.12536 11

 14. BioByte Corporation (2019) BioByte. http://www.bioby te.com/. Accessed 
21 May 2019

 15. Advanced Chemistry Development ACDLabs (2019) Chemistry software 
for analytical and chemical knowledge management. https ://www.acdla 
bs.com/. Accessed 21 May 2019

 16. Simulations Plus (2019) Simulations Plus: model-based drug develop-
ment to make better data-driven decisions. https ://www.simul ation 
s-plus.com/. Accessed 21 May 2019

 17. ChemAxon Ltd. (2019) Chemicalize. https ://chema xon.com/produ cts/
chemi caliz e. Accessed 21 May 2019

 18. Sushko I, Novotarskyi S, Körner R et al (2011) Online chemical modeling 
environment (OCHEM): web platform for data storage, model develop-
ment and publishing of chemical information. J Comput Aided Mol Des 
25:533–554. https ://doi.org/10.1007/s1082 2-011-9440-2

 19. Online Chemical Modeling Environment (OCHEM) (2019) Online chemi-
cal database with modeling environment. https ://ochem .eu/home/show.
do. Accessed 21 May 2019

 20. QSAR DataBank (2019) Institute of Chemistry, University of Tartu, Tartu, 
Estonia. https ://qsard b.org/. Accessed 21 May 2019

https://doi.org/10.1186/s13321-019-0384-1
https://doi.org/10.1186/s13321-019-0384-1
http://www.openmolecules.org/
http://www.openmolecules.org/
https://github.com/NIEHS/OPERA
https://en.wikipedia.org/w/index.php%3ftitle%3dAcid_dissociation_constant%26oldid%3d897688731
https://en.wikipedia.org/w/index.php%3ftitle%3dAcid_dissociation_constant%26oldid%3d897688731
https://www.epa.gov/pesticide-science-and-assessing-pesticide-risks/guidance-reporting-environmental-fate-and-transport
https://www.epa.gov/pesticide-science-and-assessing-pesticide-risks/guidance-reporting-environmental-fate-and-transport
https://doi.org/10.1016/0147-6513(82)90019-7
https://doi.org/10.1016/0147-6513(82)90019-7
http://agris.fao.org/agris-search/search.do%3frecordID%3dUS201300074742
http://agris.fao.org/agris-search/search.do%3frecordID%3dUS201300074742
https://doi.org/10.17226/18872
https://doi.org/10.1002/cbdv.200900153
https://doi.org/10.1002/cbdv.200900153
https://doi.org/10.1016/j.ddtec.2004.08.011
https://doi.org/10.1016/j.ddtec.2004.08.011
https://doi.org/10.1093/toxsci/kfv171
https://doi.org/10.1016/j.scitotenv.2017.09.033
https://doi.org/10.1002/jps.20217
https://doi.org/10.1038/194178b0
https://doi.org/10.1038/194178b0
https://doi.org/10.1021/acs.jcim.6b00129
https://doi.org/10.1080/1062936X.2016.1253611
http://www.biobyte.com/
https://www.acdlabs.com/
https://www.acdlabs.com/
https://www.simulations-plus.com/
https://www.simulations-plus.com/
https://chemaxon.com/products/chemicalize
https://chemaxon.com/products/chemicalize
https://doi.org/10.1007/s10822-011-9440-2
https://ochem.eu/home/show.do
https://ochem.eu/home/show.do
https://qsardb.org/


Page 20 of 20Mansouri et al. J Cheminform           (2019) 11:60 

 21. Chembench (2019) Carolina Exploratory Center for Cheminformatics 
Research, Chapel Hill, NC. https ://chemb ench.mml.unc.edu/. Accessed 21 
May 2019

 22. Obama B (2013) Making open and machine readable the new default for 
government information. Office of the Executive, Washington, D.C

 23. Burwell SM, VanRoekel S, Mancini DJ (2013) Memorandum for the heads 
of executive departments and agencies—project open data. https ://
proje ct-open-data.cio.gov/polic y-memo/. Accessed 21 May 2019

 24. Manallack DT (2007) The pK(a) distribution of drugs: application to drug 
discovery. Perspect Med Chem 1:25–38

 25. Lee AC, Crippen GM (2009) Predicting pKa. J Chem Inf Model 
49:2013–2033

 26. Rupp M, Körner R, Tetko IV (2011) Predicting the pK a of small mol-
ecules. Comb Chem High Throughput Screen 14:307–327. https ://doi.
org/10.2174/13862 07117 95508 403

 27. Mansouri K, Grulke CM, Judson RS, Williams AJ (2018) OPERA models 
for predicting physicochemical properties and environmental fate end-
points. J Cheminform. https ://doi.org/10.1186/s1332 1-018-0263-1

 28. Liao C, Nicklaus MC (2009) Comparison of nine programs predicting pKa 
values of pharmaceutical substances. J Chem Inf Model 49:2801–2812. 
https ://doi.org/10.1021/ci900 289x

 29. Sander T, Freyss J, von Korff M, Rufener C (2015) DataWarrior: an open-
source program for chemistry aware data visualization and analysis. J 
Chem Inf Model 55:460–473. https ://doi.org/10.1021/ci500 588j

 30. Mansouri K, Abdelaziz A, Rybacka A et al (2016) CERAPP: collaborative 
estrogen receptor activity prediction project. Environ Health Perspect 
124:1023–1033. https ://doi.org/10.1289/ehp.15102 67

 31. Yap CW (2011) PaDEL-descriptor: an open source software to calculate 
molecular descriptors and fingerprints. J Comput Chem 32:1466–1474. 
https ://doi.org/10.1002/jcc.21707 

 32. Sander T (2019) Openmolecules.org: free services all around molecules. 
http://www.openm olecu les.org/. Accessed 21 May 2019

 33. Yang C, Tarkhov A, Marusczyk J et al (2015) New publicly available chemi-
cal query language, CSRML, to support chemotype representations for 
application to data mining and modeling. J Chem Inf Model 55:510–528. 
https ://doi.org/10.1021/ci500 667v

 34. Berthold MR, Cebron N, Dill F et al (2008) KNIME: the Konstanz informa-
tion miner. In: Preisach C, Burkhardt H, Schmidt-Thieme L, Decker R (eds) 
Data analysis, machine learning and applications: proceedings of the 31st 
annual conference of the Gesellschaft für Klassifikation e.V., Albert-Lud-
wigs-Universität Freiburg, March 7–9, 2007. Springer Berlin Heidelberg, 
Berlin, Heidelberg, pp 319–326

 35. McEachran AD, Mansouri K, Newton SR et al (2018) A comparison of three 
liquid chromatography (LC) retention time prediction models. Talanta 
182:371–379. https ://doi.org/10.1016/j.talan ta.2018.01.022

 36. Richard AM, Judson RS, Houck KA et al (2016) ToxCast chemical land-
scape: paving the road to 21st century toxicology. Chem Res Toxicol 
29:1225–1251. https ://doi.org/10.1021/acs.chemr estox .6b001 35

 37. Boser BE, Guyon IM, Vapnik VN (1992) A training algorithm for optimal 
margin classifiers. In: Proceedings of the fifth annual workshop on com-
putational learning theory. ACM, New York, pp 144–152

 38. Cortes C, Vapnik V (1995) Support-vector networks. Machine learning. 
McGraw Hill, New York, pp 273–297

 39. Chang C-C, Lin C-J (2001) LIBSVM 3.1: a library for support vector 
machines. http://www.csie.ntu.edu.tw/~cjlin /libsv m. National Taiwan 
University, Department of Computer Science, Taipei 106, Taiwan

 40. Chang CC, Lin CJ (2011) LIBSVM: a library for support vector machines. ACM 
Trans Intell Syst Technol 2(3):1–27. https ://doi.org/10.1145/19611 89.19611 99

 41. Consonni V, Ballabio D, Todeschini R (2010) Evaluation of model predic-
tive ability by external validation techniques. J Chemom 24:194–201. 
https ://doi.org/10.1002/cem.1290

 42. Todeschini R, Ballabio D, Grisoni F (2016) Beware of unreliable Q2! A 
comparative study of regression metrics for predictivity assessment of 
QSAR models. J Chem Inf Model 56:1905–1913. https ://doi.org/10.1021/
acs.jcim.6b002 77

 43. Ballabio D, Vasighi M, Consonni V, Kompany-Zareh M (2011) Genetic 
algorithms for architecture optimisation of counter-propagation artificial 
neural networks. Chemom Intell Lab Syst 105:56–64

 44. Leardi R, Lupiáñez González A (1998) Genetic algorithms applied to feature 
selection in PLS regression: how and when to use them. Chemom Intell 
Lab Syst 41:195–207. https ://doi.org/10.1016/S0169 -7439(98)00051 -3

 45. Mansouri K (2019) OPERA—open structure–activity/property relation-
ship app. National Institute of Environmental Health Science, Research 
Triangle Park, NC. https ://githu b.com/NIEHS /OPERA 

 46. Sahigara F, Mansouri K, Ballabio D et al (2012) Comparison of different 
approaches to define the applicability domain of QSAR models. Mol-
ecules 17:4791–4810. https ://doi.org/10.3390/molec ules1 70547 91

 47. MathWorks (2018) MATLAB 2018a. www.mathw orks.com
 48. Chen T, Guestrin C (2016) XGBoost: a scalable tree boosting system. 

In: Proceedings of the 22nd ACM SIGKDD international conference on 
knowledge discovery and data mining—KDD’16, pp 785–794. https ://
doi.org/10.1145/29396 72.29397 85

 49. XGBoost (2019) XGBoost documentation. https ://xgboo st.readt hedoc 
s.io/en/lates t/. Accessed 21 May 2019

 50. Nishida K (2017) Introduction to extreme gradient boosting in explora-
tory. https ://blog.explo rator y.io/intro ducti on-to-extre me-gradi ent-boost 
ing-in-explo rator y-7bbec 554ac 7. Accessed 21 May 2019

 51. Sheridan RP, Wang WM, Liaw A et al (2016) Extreme gradient boosting 
as a method for quantitative structure–activity relationships. J Chem Inf 
Model 56:2353–2360. https ://doi.org/10.1021/acs.jcim.6b005 91

 52. Kuhn M (2008) Building predictive models in R using the caret package. J 
Stat Softw 28:1–26. https ://doi.org/10.18637 /jss.v028.i05

 53. Chen T, He T, Benesty M et al (2019) xgboost: extreme gradient boosting. 
https ://CRAN.R-proje ct.org/packa ge=xgboo st. Accessed 21 May 2019

 54. Cariello N (2018) NIEHS/machine-learning-pipeline development. https ://
githu b.com/NIEHS /Machi ne-Learn ing-Pipel ine. Accessed 21 May 2019

 55. Angermueller C, Pärnamaa T, Parts L, Stegle O (2016) Deep learning for 
computational biology. Mol Syst Biol 12:878. https ://doi.org/10.15252 /
msb.20156 651

 56. Jones W, Alasoo K, Fishman D, Parts L (2017) Computational biology: 
deep learning. Emerg Top Life Sci 1:257–274. https ://doi.org/10.1042/
ETLS2 01600 25

 57. Mamoshina P, Vieira A, Putin E, Zhavoronkov A (2016) Applications of 
deep learning in biomedicine. Mol Pharm 13:1445–1454. https ://doi.
org/10.1021/acs.molph armac eut.5b009 82

 58. Goh GB, Hodas NO, Vishnu A (2017) Deep learning for computational chem-
istry. J Comput Chem 38:1291–1307. https ://doi.org/10.1002/jcc.24764 

 59. Hughes TB, Swamidass SJ (2017) Deep learning to predict the formation 
of quinone species in drug metabolism. Chem Res Toxicol 30:642–656. 
https ://doi.org/10.1021/acs.chemr estox .6b003 85

 60. Ma J, Sheridan RP, Liaw A et al (2015) Deep neural nets as a method 
for quantitative structure–activity relationships. J Chem Inf Model 
55:263–274. https ://doi.org/10.1021/ci500 747n

 61. Chollet F Keras: the Python deep learning library. https ://keras .io/. 
Accessed 21 May 2019

 62. Google, Inc (2019) TensorFlow. https ://www.tenso rflow .org/. Accessed 21 
May 2019

 63. Sci-kit Learn Developers (2019) scikit-learn: machine learning in Python. 
https ://sciki t-learn .org/stabl e/. Accessed 21 May 2019

 64. Voosen P, 2017, Pm 2:00 (2017) How AI detectives are cracking open the 
black box of deep learning. https ://doi.org/10.1126/scien ce.aan70 59. 
Accessed 21 May 2019

 65. Castelvecchi D (2016) Can we open the black box of AI? Nat News 538:20. 
https ://doi.org/10.1038/53802 0a

 66. US EPA-NCCT (2019) EPA | TSCA: TSCA inventory, active non-confidential 
portion. https ://compt ox.epa.gov/dashb oard/chemi cal_lists /tscaa ctive 
nonco nf. Accessed 21 May 2019

 67. US EPA-NCCT (2019) Chemistry Dashboard | Batch Search. https ://compt 
ox.epa.gov/dashb oard/dssto xdb/batch _searc h. Accessed 21 May 2019

 68. Wambaugh JF, Hughes MF, Ring CL et al (2018) Evaluating in vitro–in 
vivo extrapolation of toxicokinetics. Toxicol Sci 163:152–169. https ://doi.
org/10.1093/toxsc i/kfy02 0

 69. Liu J, Patlewicz G, Williams AJ et al (2017) Predicting organ toxicity 
using in vitro bioactivity data and chemical structure. Chem Res Toxicol 
30:2046–2059. https ://doi.org/10.1021/acs.chemr estox .7b000 84

 70. US EPA-NCCT (2019) Chemistry dashboard predictions. https ://compt 
ox.epa.gov/dashb oard/predi ction s/index . Accessed 23 Aug 2019

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://chembench.mml.unc.edu/
https://project-open-data.cio.gov/policy-memo/
https://project-open-data.cio.gov/policy-memo/
https://doi.org/10.2174/138620711795508403
https://doi.org/10.2174/138620711795508403
https://doi.org/10.1186/s13321-018-0263-1
https://doi.org/10.1021/ci900289x
https://doi.org/10.1021/ci500588j
https://doi.org/10.1289/ehp.1510267
https://doi.org/10.1002/jcc.21707
http://www.openmolecules.org/
https://doi.org/10.1021/ci500667v
https://doi.org/10.1016/j.talanta.2018.01.022
https://doi.org/10.1021/acs.chemrestox.6b00135
http://www.csie.ntu.edu.tw/%7ecjlin/libsvm
https://doi.org/10.1145/1961189.1961199
https://doi.org/10.1002/cem.1290
https://doi.org/10.1021/acs.jcim.6b00277
https://doi.org/10.1021/acs.jcim.6b00277
https://doi.org/10.1016/S0169-7439(98)00051-3
https://github.com/NIEHS/OPERA
https://doi.org/10.3390/molecules17054791
http://www.mathworks.com
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1145/2939672.2939785
https://xgboost.readthedocs.io/en/latest/
https://xgboost.readthedocs.io/en/latest/
https://blog.exploratory.io/introduction-to-extreme-gradient-boosting-in-exploratory-7bbec554ac7
https://blog.exploratory.io/introduction-to-extreme-gradient-boosting-in-exploratory-7bbec554ac7
https://doi.org/10.1021/acs.jcim.6b00591
https://doi.org/10.18637/jss.v028.i05
https://CRAN.R-project.org/package%3dxgboost
https://github.com/NIEHS/Machine-Learning-Pipeline
https://github.com/NIEHS/Machine-Learning-Pipeline
https://doi.org/10.15252/msb.20156651
https://doi.org/10.15252/msb.20156651
https://doi.org/10.1042/ETLS20160025
https://doi.org/10.1042/ETLS20160025
https://doi.org/10.1021/acs.molpharmaceut.5b00982
https://doi.org/10.1021/acs.molpharmaceut.5b00982
https://doi.org/10.1002/jcc.24764
https://doi.org/10.1021/acs.chemrestox.6b00385
https://doi.org/10.1021/ci500747n
https://keras.io/
https://www.tensorflow.org/
https://scikit-learn.org/stable/
https://doi.org/10.1126/science.aan7059
https://doi.org/10.1038/538020a
https://comptox.epa.gov/dashboard/chemical_lists/tscaactivenonconf
https://comptox.epa.gov/dashboard/chemical_lists/tscaactivenonconf
https://comptox.epa.gov/dashboard/dsstoxdb/batch_search
https://comptox.epa.gov/dashboard/dsstoxdb/batch_search
https://doi.org/10.1093/toxsci/kfy020
https://doi.org/10.1093/toxsci/kfy020
https://doi.org/10.1021/acs.chemrestox.7b00084
https://comptox.epa.gov/dashboard/predictions/index
https://comptox.epa.gov/dashboard/predictions/index

	Open-source QSAR models for pKa prediction using multiple machine learning approaches
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Introduction
	Materials and methods
	Data collection, curation, and preparation for modeling
	The pKa data
	Curation of data and preparation for modeling
	Option 1: all chemicals with replicates removed 
	Option 2: low variability replicates included 
	Option 3: all data included 

	Training and test set preparation
	Chemical descriptors and fingerprints

	Machine learning algorithms
	Support vector machines
	Extreme gradient boosting
	Deep neural networks
	Benchmarking the developed models


	Results and discussion
	Support vector machines
	Extreme gradient boosting
	Deep neural networks
	Comparison of SVM, DNN, and XGB model performance
	Benchmark analysis
	Concordance of pKa predictions from ACDLabs and ChemAxon to the DataWarrior values
	Performance of the three models in comparison to the benchmark data


	Conclusions
	Future work
	Acknowledgements
	References




