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Abstract
Summary: We have developed a public Chemical In vitro–In vivo Proﬁling (CIIPro) portal, which
can automatically extract in vitro biological data from public resources (i.e. PubChem) for usersupplied compounds. For compounds with in vivo target activity data (e.g. animal toxicity testing
results), the integrated cheminformatics algorithm will optimize the extracted biological data using
in vitro–in vivo correlations. The resulting in vitro biological data for target compounds can be
used for read-across risk assessment of target compounds. Additionally, the CIIPro portal can identify the most similar compounds based on their optimized bioproﬁles. The CIIPro portal provides
new powerful assessment capabilities to the scientiﬁc community and can be easily integrated
with other cheminformatics tools.
Availability and Implementation: ciipro.rutgers.edu.
Contact: danrusso@scarletmail.rutgers.edu or hao.zhu99@rutgers.edu

1 Introduction
There currently exists an enormous amount of biological data available to researchers through public repositories (e.g. PubChem,
ChEMBL; Zhu et al., 2014). Computational methods to utilize
public bioassay data for toxicity prediction and assessment are
being developed (Kim et al., 2014, 2016; Low et al., 2013; Wang
et al., 2015). However, identification of relevant assay data to incorporate into an assessment requires extensive manual reading
and searching.
Read-across is a technique for filling data gaps for a target chemical by interpolating from data for other substances within the same
group or ‘category’ (Patlewicz, 2014). The use of biological data in
read-across has attracted attention (Ball et al., 2016; Low et al.,
2013; Zhu, 2016). In earlier studies, traditional pairwise similarity

calculations (e.g. Tanimoto similarity) were used to compare chemicals using their biological data (Low et al., 2013). However, these
metrics require biological data to be available for all chemicals, limiting their use. In addition, the missing data creates certain reliability
issues. For example, the similarity of two compounds can be considered to be more reliable when more biological data are available.
Here, we introduce the Chemical In vitro–In vivo Profiling
(CIIPro) portal. CIIPro is a versatile workspace for users to profile
compounds of interest with biological data from public resources
(i.e. PubChem) and use these data for read-across assessment. The
profiling and read-across approaches integrated into this portal have
been used to develop multiple predictive models for complex bioactivities (Kim et al., 2016; Ribay et al., 2016; Wang et al., 2015;
Zhang et al., 2014; Zhu et al., 2009, 2014).
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Fig. 1. Biosimilarity reliability of bioproﬁles in CIIPro: active responses (red) are given higher weights than inactives (blue); the existence of missing data (white)
also needs to be considered

2 Methods

2.3 Biosimilarity reliability

2.1 CIIPro overview
CIIPro is a Python-based web portal built using a variety of opensource libraries and is freely accessible via ciipro.rutgers.edu.
Bioassay data is supplied by PubChem, the largest public chemical
data source and was downloaded using a File Transfer Protocol
(FTP) offered through PubChem available at: ftp://ftp.ncbi.nlm.nih.
gov/pubchem/Bioassay. Compounds’ responses in bioassays were
classified using PubChem’s default activity classifications (active, inactive and inconclusive) and stored in a non-relational database,
MongoDB. Since the PubChem database is continually updated, the
updates are being incorporated to the CIIPro database on a monthly
basis. All code is available at www.github.com/russodanielp/ciipro.

As shown in Figure 1, the biosimilarity between two compounds that
share a large number of active responses is more meaningful than that
generated from two compounds that share a relatively small number
of inactive responses, although biosimilarity scores for both cases will
be close to 1.0. To address this issue, a confidence value of the biosimilarity calculations is calculated as shown in Equation 2.
Confidence ðA; BÞ ¼ jAa \ Ba j þ jAi \ Bi j  w þ jAa \ Bi j þ jAi \ Ba j ð2Þ

The confidence value represents the number of assays that have
results for compounds A and B but gives less weight to the assays
that only have inactive results for both compounds (Equation 2).
Thus, the confidence value increases when there are more active
data used to calculate the biosimilarity.

2.2 Biosimilarity
Biosimilarity between two molecules is calculated by a weighted
similarity metric (Equation 1).
Biosimilarity ðA; BÞ ¼

jAa \ Ba j þ jAi \ Bi j  w
ð1Þ
jAa \ Ba j þ jAi \ Bi j  w þ jAa \ Bi j þ jAi \ Ba j

Here, Aa and Ba represent the sets of active responses for compounds A and B, respectively. Similarly; Ai and Bi; represent the
sets of inactive responses. Our previous work showed the biosimilarity to rely on active data more than inactive data, due to the biased
public data (i.e. much more inactive responses than active; Zhang
et al., 2014; Zhu et al., 2009, 2014). The variable w, defined as the
ratio of active data to inactive data in the target compound bioprofiles, ranges from 0 to 1, giving inactive data a fraction of the weight
of active data. In our previous studies the variable w was much
lower than 1 (Ribay et al., 2016).

3 Features
3.1 CIIProfiler: biological response profiling
Under the CIIProfiler tab, in vitro biological data can be extracted
to create a bioprofile for the target compounds. Bioprofiles can be
optimized by removing assays with too few active responses within
target compounds. The remaining assays can be ranked by their correlations with the target in vivo activity provided by users.
Additionally, the optimized bioprofiles can be visualized by a bioprofile heat-map, as seen in Figure 1.

3.2 CIIP predictor
Under the CIIP Predictor tab, read-across can be performed by
using chemical similarity and/or biosimilarity. The prediction for a
new compound is made based on its chemical and biological nearest
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neighbors. The prediction result can be visualized by a similarity
chart, along with the associated similarity and confidence values.

4 Conclusions
Although currently there are still many features that can be added
into this portal (e.g. more data sources than PubChem), CIIPro is
the first available public tool to take advantage of the dynamic biological big data landscape for the purpose of read-across predictions.
Compared to the existing hybrid approaches (Low et al., 2013), the
CIIPro portal provides a new read-across strategy to deal with missing data and biased data issues when using public data sources.
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