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ABSTRACT

In silico methodologies, such as (quantitative) structure-activity relationships ([QJSARs), are available to predict a wide
variety of toxicological properties and biological activities for structurally diverse substances. To obtain insights in the
scientific value of these predictions, the capacity of the prediction models to generate (sufficiently) reliable results for a
particular type of compounds needs to be evaluated. In the current study, performance parameters to predict the endpoint
“bacterial mutagenicity” were calculated for a battery of common (Q)SAR tools, namely Toxtree, Derek Nexus, VEGA
Consensus, and Sarah Nexus. Printed paper and board food contact material (FCM) constituents were chosen as study
substances because many of these lack experimental data, making them an interesting group for in silico screening.
Accuracy, sensitivity, specificity, positive predictivity, negative predictivity, and Matthews correlation coefficient for the
individual models and for the combination of VEGA Consensus and Sarah Nexus were determined and compared. Our
results demonstrate that performance varies among the four models, but can be increased by applying a combination
strategy. Furthermore, the importance of the applicability domain is illustrated. Limited performance to predict the
mutagenic potential of substances that are new to the model (ie, not included in the training set) is reported. In this context,
the generally poor sensitivity for these new substances is also addressed.

Key words: in silico; (Q) SAR; mutagenicity; food contact materials; validation.
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In silico methods are among the most suitable tools for the initial
safety screening of chemicals. They allow predictions to be
made for a large amount of structurally characterized substan-
ces, in a fast, reproducible and relatively straightforward man-
ner. Due to their resource- and time-saving characteristics, they
are now recognized as helpful toxicity screening tools
(Golbamaki and Benfenati, 2016). Throughout various legisla-
tions, the application of these computer-based techniques is in-
creasingly supported by regulatory authorities (Raunio, 2011).

It is generally agreed, however, that in silico methods are not
yet capable of fully replacing in vitro and in vivo testing. A

number of obstacles hamper their widespread application, even
for screening purposes. One problem frequently encountered is
the lack of knowledge with respect to the applicability domain
(AD) of the model (Cherkasov et al., 2014). A computer model is
by definition built from a structurally limited training set of
compounds. As a result, predictions will only be sufficiently reli-
able for test compounds that sufficiently represent structural
similarity with the training set compounds. Hence the applica-
bility of an in silico method must be investigated in order to as-
sure satisfactory predictive capacity for a given group of
substances.
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The development of in silico models is largely induced by the
paradigm shift in toxicology, favouring the use of alternative
(nonanimal) testing methods. For example, animal testing of
cosmetic ingredients is prohibited in the European Union since
March 2013 (European Union, 2009). The sector of industrial
chemicals is another example where, due to the enormous
number of substances concerned, in silico models are gaining
importance and their performance is increasingly studied
(European Union, 2006). However, other regulatory fields may
also benefit from information on which in silico model performs
best for what type of compounds. In this context, food contact
materials (FCM) represent a growing source of concern with re-
gard to human health, due to the possible migration of the sub-
stances into food and drinks. In particular, no harmonized
European legislation is in place for nonplastic FCM and thou-
sands of substances potentially used have not been officially
evaluated for their safety (Van Bossuyt et al., 2016).

Among the nonplastic FCM, printed paper and board consti-
tute a major category and have been the subject of several con-
tamination issues in the recent past (Van Hoeck et al., 2017).
Genotoxicity data for these compounds are urgently needed as
this toxicological endpoint has been associated with important
adverse health effects including cancer (Ames et al., 1975).
Investigation of the genotoxic potential of a substance generally
starts by running two in vitro assays: A gene mutation test in
bacteria (Ames test) and a mammalian cell micronucleus test
(EFSA, 2016). Performing a two-test in vitro battery for all printed
paper and board substances is not feasible, as thousands of sub-
stances are concerned. To prioritize nonevaluated printed paper
and board substances for in-depth safety studies, we recently
predicted the bacterial mutagenicity of 1723 substances using a
battery of (quantitative) structure-activity relationship ([QJSAR)
methods (Van Bossuyt et al., 2017).

(Q)SARs are popular in silico methods that determine the ac-
tivity (eg, toxicity) of a test compound based on the activity of
structurally similar compounds included in the model training
set. The prediction is either (1) rule-based through the use of ex-
pert knowledge and called SAR, or (2) statistically based through
the application of a mathematical algorithm and called QSAR. A
large variety of free as well as commercial (Q)SARs are available.
In the latter study, a battery consisting of two SAR methods
(Toxtree [free] and Derek Nexus [commercial]) and two QSAR
methods (VEGA [free] and Sarah Nexus [commercial]) was used
(Van Bossuyt et al., 2017). This is in agreement with current in-
ternational guidelines advising the combined use of at least two
complementary (Q)SARs (ICH, 2017). Bacterial mutagenicity was
investigated as, in contrast to other genotoxicity endpoints, this
is one of the most modeled endpoints by (Q)SAR tools. Because
the aim of the study was to prioritize compounds for further in-
vestigation, the highest priority was assigned to substances
positive in all four (Q)SAR methods.

To know which (Q)SAR model performs best with regard to
predicting the endpoint “bacterial mutagenicity” for printed pa-
per and board FCM substances, in the present study, the predic-
tion performance of the abovementioned (Q)SAR methods is
determined for printed paper and board substances. First, exist-
ing experimental bacterial mutagenicity data were collected for
substances used in the manufacture of printed paper and board
FCM. Subsequently, the substance structures were processed in
the (Q SAR models and performance parameters including ac-
curacy, sensitivity, specificity, positive predictivity, negative
predictivity, and Matthews correlation coefficient (MCC) were
calculated. The prediction performance was evaluated at differ-
ent levels: (1) total set, (2) subset of compounds inside the AD,
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(3) subset of compounds outside the training set, and (4) subset
of compounds inside the AD and outside the training set.
Indeed, to estimate the prediction performance of a (Q)SAR
model for new compounds with unknown activity, an evalua-
tion set of compounds inside the AD, but outside the training
set is required.

MATERIALS AND METHODS

Reference Dataset

The reference dataset was obtained by investigating the overlap
between a previously constructed inventory of substances that
can be used in printed paper and board FCM (Van Bossuyt et al.,
2016) and six inventories containing chemical substances with
experimental Ames mutagenicity data including (1) Hansen
benchmark dataset (Hansen et al., 2009), (2) Leadscope toxicity
database (Leadscope, 2017), (3) Japan’s Health Ministry dataset
(National Institute of Health Sciences of Japan, 2017), (4)
Scientific Committee on Consumer Safety evaluation dossiers
on hair dyes (Ates et al., 2016), (5) PROSIL dataset, consisting of
data on dyes from source (3) and Kulkarni et al. (Kulkarni and
Barton-Maclaren, 2014), and (6) CALEIDOS ECHA CHEM dataset
(Cassano et al., 2014). Printed paper and board FCM substances
included in one or more of the six inventories were binary clas-
sified as mutagenic or nonmutagenic. Consequently, substan-
ces appearing in more than one inventory were only retained in
case the experimental outcome was consistent in the different
inventories. The final reference dataset contained 875 substan-
ces, of which 729 (83%) were classified as nonmutagenic and
146 (17%) as mutagenic. A broad range of substance types (alde-
hydes, alcohols, phenols, ketones, amides, amines, etc.) was
covered.

(QSAR Models

Ames mutagenicity models were selected from two SARs, ie,
Toxtree and Derek Nexus, and two QSARs, ie, VEGA Consensus
and Sarah Nexus. These tools are briefly described below,
whereas further details can be found in Van Bossuyt et al. (2017).

Toxtree. Toxtree (www.toxtree.sourceforge.net) is freely avail-
able toxicity prediction software established by the Joint
Research Centre of the European Union (European Commission,
2016). In the current study, the In vitro mutagenicity alerts (Ames
test) by ISS module of Toxtree version 2.6.0 was used. This SAR
model provides binary classification (mutagenic/nonmuta-
genic), but does not include an AD functionality and the list of
training set compounds is not publically available.

Derek Nexus. Derek Nexus is part of the Lhasa Knowledge Suite
and commercially available from Lhasa Limited (Lhasa Limited,
2016a). The Mutagenicity in vitro model of Derek Nexus version
4.1.0 was used in the present study. Prediction results ranging
from equivocal to certain were classified as mutagenic, whereas
results from inactive to doubted were classified as nonmutagenic.
The latter classification is based on a previous assessment that
measured prediction confidence against reliability for expert
systems (Judson et al., 2003). This SAR model does not provide
information regarding training set compounds nor AD, although
the reliability of negative predictions is increased by a recently
implemented feature that identifies misclassified and unclassi-
fied structures (Williams et al., 2016).
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VEGA Consensus. The Istituto di Ricerche Farmacologiche Mario
Negri (IRFMN) develops free prediction models that are available
through the VEGA HUB (www.vegahub.eu). Three Ames muta-
genicity models; Mutagenicity (Ames test) model (CAESAR) version
2.1.13, Mutagenicity (Ames test) model (SarPy/IRFMN) version 1.0.7,
and Mutagenicity (Ames test) model (ISS) version 1.0.2 were used for
the current evaluation (IRFMN, 2016). Because combination of
the three individual results into one VEGA Consensus result
was previously reported to increase the prediction performance,
the same approach is followed here (Cassano et al., 2014). The
weighted consensus result is obtained by taking into account
the result of each of the three models and their associated
compound-specific AD index. This is done as follows:

(£1) * ADIcagsar + (*1) = ADISarpy + (il) * ADI}ss

CONSENSUS =
ADlcagsar + ADlIsarpy + ADlisg

ADI=AD index
+1=prediction result, ie, +1 for mutagenic and —1 for nonmu-
tagenic substances

Only compounds with an AD index > 0.75 in all three models
were considered to fall into the AD (Cassano et al, 2014).
Compounds included in the training set are automatically labelled
as experimental mutagen or experimental nonmutagen by the software.

Sarah Nexus. Sarah Nexus is a QSAR model designed to make
Ames mutagenicity predictions. It is part of the same Lhasa
Knowledge Suite in which Derek Nexus is also incorporated
(Lhasa Limited, 2016b). Here, the Ames mutagenicity model of
Sarah Nexus version 1.2.0 was used. It applies a binary classifi-
cation (mutagenic/nonmutagenic), unless a compound is out-
side the AD, in which case this is indicated as such. Equivocal
results are possible but were not encountered in the present
study. The training set is not publically available, however a
prediction confidence score of 100% demonstrates the inclusion
of the substance under evaluation among the training data.

Prediction Performance Evaluation

The performance of the four methods was assessed according to
the internationally accepted guidance document of the
Organisation for Economic Co-operation and Development
(OECD) (OECD, 2014). The statistical parameters described for
classification-based (Q)SAR models include accuracy, sensitivity,
specificity, positive predictivity, and negative predictivity
through considering the number of true positives (= mutagenic),
true negatives (= nonmutagenic), false positives (= misclassified
mutagenic), and false negatives (= misclassified nonmutagenic):

(True positives + True negatives)

Accuracy =

Total
s True positives
Sensitivity = — P <
(True positives + False negatives)
True negatives
Specificity = b gauv

(True negatives + False positives)

True positives
(True positives + False positives)

Positive predictivity =

True negatives
(True negatives + False negatives)

Negative predictivity =

The current dataset contains a high number of nonmuta-
gens and a clearly lower number of mutagens. Although accu-
racy is generally a suitable parameter to evaluate balanced
binary data, it may not be a proper measure to assess numeri-
cally skewed data, as it treats true and false negatives and posi-
tives equally. Therefore, the MCC (Matthews, 1975) was
included as an additional performance parameter. This metric
is compatible with imbalanced data and represents a widely
used performance measure in biomedical research (Boughorbel
et al., 2017). Furthermore, the MCC metric has also been intro-
duced to evaluate the performance of in silico mutagenicity
models (Cassano et al.,, 2014; Gadaleta et al., 2016; Manganelli
et al., 2016). The MCC is calculated as follows:

MCC=

(True positives«True negatives)—(False positives+False negatives)

(True positives+False positives)(True positives+False negatives)
(True negatives+False positives)(True negatives+False negatives)

The MCC ranges from —1 (=total disagreement of experi-
mental and predicted result) to +1 (= full agreement of experi-
mental and predicted result), implying that O represents a
random result.

In order to evaluate the performance at different levels, all
six performance metrics were calculated for the reference data-
set and for different subsets:

® Global performance: Analysis of the total reference dataset of
875 compounds to evaluate the overall performance of the muta-
genicity models.

Performance in AD: Analysis of the subset of compounds that are
situated in the AD of the model. This evaluation cannot be carried
out for Toxtree and Derek Nexus because their AD is not defined.
Performance for new substances: Analysis of the subset of
compounds that are new to the model, meaning they are not
included in the training set of known mutagens and nonmuta-
gens. This evaluation cannot be carried out for Toxtree and
Derek Nexus because their training set is not defined.
Performance for new substances in the AD: Analysis of the sub-
set of compounds that are new to the model and inside the AD.
This evaluation cannot be carried out for Toxtree and Derek
Nexus because their AD and training set are not defined.

The global performance was thus evaluated for all methods,
whereas the subset evaluations could only be carried out for
VEGA Consensus and Sarah Nexus.

From a regulatory perspective, sensitivity is more important
than specificity because substances should not be labelled safe
whereas in reality they are toxic (Fjodorova et al., 2010). With
the aim of increasing sensitivity, the prediction results of com-
pounds overlapping between subsets of the models with a de-
fined training set and AD, namely VEGA Consensus and Sarah
Nexus, were paired after which the performance of this com-
bined prediction system was assessed. In this strategy, substan-
ces were considered positive if they were positive in at least one
of both QSARs.

RESULTS AND DISCUSSION

Global Performance

First, the overall prediction performance of the bacterial muta-
genicity models was evaluated using all FCM compounds of the
reference dataset (Table 1). Sarah Nexus does not provide pre-
dictions for compounds labeled as outside AD by the software.
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Table 1. Global Prediction Performance of (Q SAR Models for Ames Mutagenicity

Toxtree Derek Nexus VEGA Consensus Sarah Nexus Radar Plot Summary
Global Performance Accuracy
Number of compounds 875 875 875 863
Accuracy (%) 83 89 89 96 .
P MCC, , Sensitivity
Sensitivity (%) 62 64 78 90
L. —8—Toxtree
Specificity (%) 87 94 91 97 e
Positive predictivity (%) 49 67 64 87 ——VEGA Consensus
Negative predictivity (%) 92 93 95 98 Bt k ! : ~&-SarahNexus
e e o
MCC 045 0.59 0.64 0.86 arodhuthity specifcity

Positive
predictivity

MCC, Matthews correlation coefficient.

Consequently, 863 compounds were considered for the evalua-
tion of Sarah Nexus, whereas for the other three models the
complete reference dataset of 875 compounds could be used.

Accuracy is high for all models, varying from 83% for Toxtree
up to 96% for Sarah Nexus. This can, to a great extent, be attrib-
uted to the high specificity reported for all models (between 87%
and 97%), as also illustrated by their high negative predictivity
(between 92% and 98%). In contrast, a large gap is seen in
terms of sensitivity (ranging from 62% to 90%) and positive
predictivity (ranging from 49% to 87%). Clearly, Sarah Nexus
produces the best overall performance. This is also reflected
by the MCC value of 0.86. It must be noted, however, that com-
pounds outside the AD of Sarah Nexus are not considered in
this evaluation as they are automatically excluded by the
model software.

Interestingly, the global performance evaluation suggests
that QSARs (i.e., VEGA Consensus and Sarah Nexus) have a
higher sensitivity and are thus better than SARs (i.e., Toxtree
and Derek Nexus) in identifying FCM substances that are muta-
genic in vitro. High sensitivity is especially important in a regula-
tory context, as regulators are most concerned to overlook a
substance being mutagenic. However, the ideal model also
demonstrates high specificity so that good candidate molecules
are not abandoned unnecessarily. To further investigate predic-
tion capacity, AD and training set information play an impor-
tant role. QSAR models such as VEGA Consensus and Sarah
Nexus are based on a mathematical algorithm and therefore,
they can be allocated an AD. SAR models such as Toxtree and
Derek Nexus, on the other hand, are built from expert rules
and intrinsically, a formal AD cannot be defined. Furthermore,
the training set of SARs is often not fully characterized, which
is also the case in the current study. Consequently, the perfor-
mance of the four models to predict Ames mutagenicity of
FCM substances could only be compared on the first and most
simple level.

Performance in AD

In the next step of our study, the models with an AD functional-
ity, namely VEGA Consensus and Sarah Nexus, were selected
and performance values were determined using only those FCM
reference compounds that were inside the AD of the respective
model (Table 2). In general, model performance will increase
when considering only substances that are in the AD. For Sarah
Nexus, all performance values are identical to the values
reported for the global evaluation (Table 1). Indeed, mutagenic-
ity of substances with structures outside the predefined AD of

this model will not be predicted. In contrast, VEGA models gen-
erate a prediction result for each compound analyzed with the
software. The prediction outcome of these models is associated
with an AD index ranging from 0 (= fully outside domain) to 1
(=training set compound), providing a measure of the applica-
bility of each model for a particular compound. Thus, the user
chooses the threshold that determines whether a test com-
pound is inside or outside the AD. In the current study, the ap-
proach of Cassano et al. (2014) was followed and therefore, a
substance was considered to be inside the AD of VEGA
Consensus if its AD index is >0.75 for all three individual VEGA
models. As a result, only 440 reference compounds could be
used for the VEGA Consensus evaluation, which is substantially
lower than the 863 reference compounds that were analyzed for
Sarah Nexus.

Table 2 illustrates that by setting requirements for the AD in-
dex the performance of VEGA Consensus to predict bacterial
mutagenicity can be drastically increased, approaching the per-
formance values obtained for Sarah Nexus. Indeed, accuracy is
equal and the MCC value is nearly equal for both models.
Compared with the results reported for the global performance
(Table 1), the gap between the sensitivities of both software pro-
grams becomes smaller when only compounds in the AD are
considered. Interestingly, specificity is slightly higher in VEGA
Consensus than in Sarah Nexus.

In the combined approach, the 440 substances covered by
the AD of VEGA Consensus and Sarah Nexus were processed in
both models. A substance was considered positive when a posi-
tive result was obtained in at least one of them. The perfor-
mance statistics reveal the utility of the latter combination
strategy, as sensitivity (95%), specificity (97%), accuracy (97%),
and MCC (0.88) are high.

Performance for New Substances

Another part of the study consisted of evaluating the perfor-
mance of the bacterial mutagenicity models when predicting
compounds that are “new” to VEGA Consensus or Sarah Nexus.
Hereto, only FCM reference compounds that are not part of the
training set of the model were used (Table 2). Three hundred
and eighty five compounds of the reference dataset are not part
of the VEGA Consensus training set. Likewise, 230 of the refer-
ence compounds are not found in the Sarah Nexus training set.
In contrast to the findings reported for the global performance
and the in-AD performance, it is observed that for new com-
pounds, the sensitivity for predicting bacterial mutagenicity is
higher in VEGA Consensus as opposed to Sarah Nexus, whereas
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Table 2. Prediction Performance for Ames Mutagenicity in VEGA Consensus, Sarah Nexus, and Combined

VEGA Sarah VEGA Consensus +
Consensus Nexus Sarah Nexus® Radar Plot Summary
Performance in the AD Accuracy
Number of compounds 440 863 440 L
Accuracy (%) 9 9 97 s
Sensitivity (%) 84 90 95 MCC g g Sensithity —+—VEGA Consensus
Specificity (%) 98 97 97
Positive predictivity (%) 86 87 85 sarahNexus
Negative predictivity (%) 97 98 99 Higitiie | _ ——VEGA Consensus
MCC 0.83 0.86 0.88 predictivity Sopechicky  [hoamhNexts
Positive
predictivity
Performance for New Substances Accuracy
Number of compounds 385 230 217 5
Accuracy (%) 82 87 76 o
Sensitivity (%) 47 35 62 M Sehity ——VEGA Consensus
Specificity (%) 86 92 77
Positive predictivity (%) 26 25 15 “sarah Nexs
Negative predictivity (%) 94 95 97 Nogative: L _ —+—VEGA Consensus
MCC 0.26 0.23 0.22 predictivity Specificity + Sarah Nexus
Positive
predictivity
Performance for New Substances in the AD Accuracy
Number of compounds 141 230 66 ¥
Accuracy (%) 88 87 89
Sensitivity (%) 25 35 50 — SenStVY e VEGA Consensus
Specificity (%) 94 92 92
Positive predictivity (%) 27 25 29 T SerahNexus
Negative predictivity (%) 93 95 97 Negative : e, T VEGA Consenaus
MCC 0.20 0.23 0.32 predictivity Specificity +Sarah Nexus
Positive
predictivity

MCC, Matthews correlation coefficient.
#Substances were considered positive when positive in at least 1 model.

specificity is lower. Although accuracy is highest for Sarah
Nexus, the MCC value for the VEGA Consensus method indi-
cates the best performance when corrected for dataset
imbalance.

With values as low as 35% and 47%, sensitivity is poor for
both models individually. In the combined approach, the 217
substances included in neither of the VEGA Consensus nor
Sarah Nexus training set were analyzed and a substance was
considered positive when a positive result was obtained in at
least one of them. Model combination produces a sensitivity
raise up to 62%, however specificity declines to 77%. Moreover,
accuracy (76%) and MCC (0.22) are below those registered for the
individual models.

Performance for New Substances in the AD

Ultimately, only those compounds in the AD of the model that
are not part of the training set were selected from the FCM refer-
ence dataset and used for analysis; 141 were found for VEGA
Consensus and 230 for Sarah Nexus (Table 2). For the VEGA
Consensus model, a remarkable difference exists between its
capacity to identify true positives on the one hand and true neg-
atives on the other hand. Indeed, sensitivity is very low (25%),

whereas specificity is particularly high (94%). The resulting ac-
curacy is also high (88%), however the balanced performance is
poor as illustrated by an MCC of 0.20. As previously mentioned,
substances outside the AD are not predicted in Sarah Nexus and
therefore, the results for this model are identical to the results
reported for the analysis with new substances as such.

Only 66 substances are in the AD of both VEGA Consensus
and Sarah Nexus but not in their training set. The combined
results demonstrate a sensitivity of 50%, specificity of 92%, ac-
curacy of 89% and MCC of 0.32. Although combining the two
models improves the prediction performance, it is important to
note that still only one out of two mutagens is picked up.

Limitations and Future Perspectives

Based on the current results, it is found that the free VEGA
Consensus method as well as the commercial Sarah Nexus ap-
plication provide good overall performance with respect to the
bacterial mutagenicity prediction of printed paper and board
FCM. Sarah Nexus performs slightly better, although the com-
mercial aspect can be an obstacle. Ideally the methods are used
in combination, especially because this increases sensitivity up
to 95%. Regarding new substances, however, poor performance
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is demonstrated by both models and even by their combination.
When experimental data become available for new substances,
they are often integrated in the training set and the prediction
model is updated. This not only explains the relatively low
number of new compounds, but also implies that the perfor-
mance might change with each update. Because numerous
other free as well as commercial QSARs exist besides those
studied here, it is also of interest to evaluate their performance,
to ultimately identify the best model (combination) for future
mutagenicity predictions of FCMs. In a very recent study, the
performance of VEGA and two other freely available QSARs for
mutagenicity prediction was evaluated on a limited set of 97
compounds potentially migrating from plastic FCM (Manganelli
et al., 2017). For VEGA Consensus, an extended version with ad-
ditional training set compounds was used that likely contrib-
uted to its high performance. Remarkably, the VEGA Consensus
results for the 85 reliable predictions were 100% accurate and
the MCC value was equal to 1. It should however be noted that
the authors did not indicate whether the study substances are
training set compounds. As illustrated in the present study, this
information has a considerable impact on the outcome of the
evaluation.

Although the current FCM reference dataset consists of a
rather large number of compounds, evidently this number
becomes smaller when evaluating the performance in the AD,
for new substances, or the combination of both. The last sce-
nario is the strictest, especially in the combined approach
where only compounds found to be in the AD as well as new to
both models are considered (Table 2). Importantly, at the same
time the imbalance of experimental mutagens and nonmuta-
gens further deteriorates (results not shown): Whereas the ini-
tial distribution of the complete reference dataset is 17%
mutagens and 83% nonmutagens, for the most severe evalua-
tion, i.e., for new substances in the AD only 6% of the reference
compounds are mutagens and 94% are nonmutagens. It can be
questioned whether the performance can be determined with
sufficient reliability when the reference dataset (1) contains less
than 100 compounds and (2) is extremely unbalanced. However,
most studies that are available on (Q)SAR performance are
based on a much smaller reference dataset than the one used in
our study, only calculate global performance and do not calcu-
late the MCC value for unbalanced datasets.

One might reflect on the necessity of going as far as taking
into account whether or not a test substance is also included in
the model training set. Indeed, the true performance is calcu-
lated from new substances not previously known to the model.
In practice, however, the user does not make this distinction
and collects prediction results for all test substances in the AD,
regardless of their new or known status. At most, if a test sub-
stance appears to be in the training set, the prediction result is
granted a higher degree of certainty. The majority of FCM refer-
ence dataset compounds used in the present study are not new
to the models, hence their experimental mutagenicity data are
already available, however not necessarily in the public
domain.

Moreover, it is not surprising that most of the study com-
pounds are nonmutagenic, as it concerns substances that can
be used in FCM, hence to which consumers can be exposed
when migration occurs. It must furthermore be noted that, in
addition to printed paper and board FCM substances, plastic
FCM substances are also included in the inventory consulted for
the present evaluation (Van Bossuyt et al.,, 2016). Namely, for
plastic FCM, a harmonized European regulation exists
(European Union, 2011) and it is recognized that the latter
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materials and substances can also be used in other FCM types,
eg, printing inks, paper (board), and coatings. Many study sub-
stances are thus not exclusively applied in printed paper and
board but can also be found in several other FCM types.
Consequently, the current performance results of the (QSAR
models for bacterial mutagenicity will be representative for an-
other FCM type proportionally to the overlap of its associated
substances with the ones studied here.

CONCLUSION

The performance evaluation of four (Q)SAR models reveals a
variable capacity to predict bacterial mutagenicity of printed pa-
per and board FCM substances. Sarah Nexus displays the best
global performance, followed by VEGA Consensus and Derek
Nexus, whereas Toxtree ranks last. Statistics calculated for the
QSARs with AD and training set information indicate that the
performance drops significantly for new compounds, however
it may be sufficient to focus on the performance in the AD. In
the latter case, both VEGA Consensus and Sarah Nexus individ-
ually as well as combined perform remarkably good. It must be
further explored to what extent these findings are similar for
other FCM types and chemicals in general.
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