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Abstract 
The hazard identification of chemicals is a key step of the “Safe and Sustainable by Design” (SSbD) framework introduced 
by the European Commission, aiming to eliminate hazardous substances early in innovation. In this context, in silico 
methods such as (Quantitative) Structure–Activity Relationship ((Q)SAR) models offer rapid, cost-effective, and animal- 
free alternatives for early-stage hazard screening. The Partnership for the Assessment of Risks from Chemicals (PARC) is 
developing a toolbox to facilitate SSbD assessments containing numerous (Q)SAR models. Challenges, however, exist in 
using and combining multiple in silico tools. Here, we developed a workflow to assess chemical hazards using multiple in 
silico tools within the PARC toolbox. The workflow consists of three phases: (1) the preparation stage, (2) running the 
models, and (3) the evaluation stage. To demonstrate the approach, we applied it to a case study comparing bisphenol A, 
isosorbide, and bisphenol AP. Tools from the PARC toolbox were screened for relevance, transparency, and open access 
availability. Only models aligned with SSbD-required endpoints and adequately documented via (Q)SAR Model Reporting 
Formats were retained. The properties assessed in this study cover carcinogenicity, germ cell mutagenicity, reproductive 
toxicity, endocrine disruption, persistence, bioaccumulation, and aquatic toxicity. Predictions were filtered using applica
bility domain criteria and reliability scores. Next, three strategies were applied for integrating different model outputs. 
Model agreement varied across endpoints and integration methods. This emphasizes the possibility of different SSbD 
assessment outcomes and thus the need for transparent documentation of the chosen strategy and explicit handling of 
uncertainty. Our study demonstrates how multiple models can systematically and transparently be integrated via the 
developed workflow. Key areas for improvement are to refine integration strategies, harmonize the definition and com
munication of applicability domains across tools, expand in silico coverage for currently underrepresented endpoints, and 
develop approaches to consider data gaps in SSbD assessments.
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Introduction
The increasing number and volume of chemicals and materials 
released into the environment are a growing concern for both 
human health and the environment (Almroth et al., 2022; UNEP, 
2019). To better address this issue, the “Chemicals Strategy for 
Sustainability” has been published in Europe (European 
Commission, 2020). A key component of this strategy is the con
cept of Safe and Sustainable by Design (SSbD), which promotes 
the integration of safety and sustainability considerations as 
early as possible in the innovation process and throughout the 
entire product lifecycle.

Safe and Sustainable by Design is intended to guide the devel
opment of chemicals and materials through iterative design and 
assessment cycles. In this framework, potential hazards should 
be identified at early stages of development so that problematic 
substances can be avoided or replaced before large investments 
are made in production or commercialization (Caldeira et al., 
2022; Garmendia Aguirre et al., 2025). While minimizing intrinsic 
hazards is a central element of SSbD, effective chemicals manage
ment also relies on risk-based decision making that considers 
both hazard and exposure. Hazard identification, therefore, repre
sents an early screening step within a broader decision-making 
framework that ultimately integrates exposure assessment and 
risk characterization.

Within the SSbD framework, hazard assessment focuses 
particularly on properties that are considered critical under 
European chemical regulations, such as the Classification, 
Labelling and Packaging (CLP) and the Registration, Evaluation, 
Authorisation and Restriction of Chemicals (REACH). The “most 
hazardous substances”—which include substances that are car
cinogenic, mutagenic, and/or reprotoxic (CMR), persistent, bio
accumulative, and toxic (PBT), and endocrine disrupting (ED)— 
should be filtered out early in the process as their use cannot be 
considered “safe and sustainable.”

Traditionally, hazard assessments and further risk assess
ments required under CLP and REACH involve collecting experi
mental data (ECHA, 2011). At early stages of innovation, 
however, experimental data are often scarce because new sub
stances have not yet undergone extensive testing. Under such 
conditions, predictive approaches are required to identify 
potential hazards and guide early design decisions. In silico 
methods, including (Quantitative) Structure–Activity 
Relationship ((Q)SAR) models, provide a promising solution for 
this purpose. (Quantitative) Structure–Activity Relationship 
models predict chemical properties and biological effects based 
on molecular structure. Although these models remain under
used in current risk assessments (Thomas et al., 2019), (Q)SAR 
models are particularly well suited to identify areas of potential 
concern in the early innovation stages targeted by SSbD, since 
they are rapid, cost-effective, and do not require animal testing 
(Garmendia Aguirre et al., 2025).

Despite their advantages, the use of (Q)SAR models raises sev
eral methodological challenges. First, individual models often 
have limited applicability domains, meaning that predictions 
may only be reliable for certain types of chemicals. Second, mul
tiple models may exist for the same hazard endpoint, which can 
result in conflicting predictions. Third, authorities are often pro
moting the use of integrated in silico models since this increases 

the confidence of the results (EMA, 2023), while integrating 
results from different models into a coherent interpretation 
requires transparent decision rules and careful consideration of 
uncertainty. Existing studies and guidance documents, such as 
general guidance on using in silico models (Benfenati et al., 
2019), the studies and guidance on weight-of-evidence (WoE) 
approaches (Caldeira et al., 2023; EFSA Scientific Committee 
et al., 2017; Leder et al., 2015; Lorenz et al., 2021; van Dijk et al., 
2022), and the OECD (Q)SAR Assessment Framework (QAF; 
OECD, 2023a, 2024), provide principles for evaluating and com
bining lines of evidence. However, practical workflows for apply
ing multiple in silico tools within the SSbD context remain 
limited. Furthermore, interpreting predictions from multiple 
models requires expert judgment. Agreement between models 
does not necessarily guarantee that predictions are reliable, and 
experienced toxicologists and environmental scientists must 
evaluate model outputs in the context of modeling information 
(e.g., chemical structure, applicability domain (AD) of the models, 
and prediction uncertainties), biological mechanisms, and regula
tory endpoints (Sarigiannis et al., 2023).

In this study, we therefore develop a workflow for conducting 
hazard assessments using multiple in silico tools in the context 
of SSbD. The workflow is designed to support transparent model 
selection, reliability evaluation, and integration of predictions. 
To illustrate its application, the workflow is applied to a case 
study involving bisphenol A (BPA), bisphenol AP (BPAP), and iso
sorbide, representing a substitution scenario relevant to SSbD 
assessments. The aims of this study are therefore to:

1) Develop a structured workflow for applying multiple in silico 
hazard prediction tools identified under the Partnership for 
the Assessment of Risks from Chemicals (PARC) (Marx- 
Stoelting et al., 2023) within the SSbD context and included 
in the PARC SSbD toolbox (Sarigiannis et al., 2024); 

2) Demonstrate the workflow through a case study involving 
BPA and two potential alternative substances; 

3) Explore strategies for evaluating, integrating, and communi
cating model outputs while explicitly addressing uncertainty 
based on previously published literature and the QAF 
(Benfenati et al., 2019; EFSA Scientific Committee et al., 2017). 

The study focuses specifically on (Q)SAR-based approaches, 
including both traditional descriptor-based models and machine 
learning-driven models, as these represent some of the most 
mature and widely accepted in silico methods for hazard predic
tion. While (Q)SAR predictions cannot replace experimental data 
or expert evaluation, they can play a central role in early-stage 
screening and prioritization within SSbD assessments.

Methods
Framework design
To support the use of multiple in silico models in SSbD hazard 
assessments, a structured workflow was developed in this study. 
The workflow was based on the QAF and published documents 
outlining how uncertainty in (Q)SAR predictions can be 

2                                                                                                                                                                                    Integrated Environmental Assessment and Management, 2026, Vol. 00, No. 00 

D
ow

nloaded from
 https://academ

ic.oup.com
/ieam

/advance-article/doi/10.1093/inteam
/vjag067/8664442 by guest on 09 June 2026



considered and how their results can be integrated (Benfenati 
et al., 2019; EFSA Scientific Committee et al., 2017; OECD, 2024).

The workflow aims to guide users through the selection, eval
uation, and integration of predictions from multiple in silico 
tools in a transparent and reproducible manner. The workflow 
consists of three phases:

· Preparation stage, in which the assessment context (e.g., tar
get chemicals) is defined, relevant hazard endpoints are iden
tified, and suitable in silico models are selected; 

· Model execution stage, in which the selected models are run 
and prediction outputs are collected; 

· Evaluation stage, in which the reliability of model predictions 
is assessed and results from different models are integrated. 

An overview of the workflow developed and applied in this 
study is presented in Figure 1.

Problem formulation
The present study demonstrates the workflow based on a case 
study conducted within the PARC project, for which the chemi
cal bisphenol A (BPA, CAS: 80-05-7) and two potential alternative 
substances, bisphenol AP (BPAP, CAS: 1571-75-1) and isosorbide 
(CAS: 652-67-5), were selected to test a range of tools for SSbD 
assessments (PARC et al., 2024).

The selected substances represent a typical substitution sce
nario in which a well-known substance with recognized hazard 
concerns (BPA) is compared with potential alternative substan
ces. Bisphenol A is widely studied and has known regulatory 
concerns, while BPAP and isosorbide represent structurally dif
ferent alternatives. This combination allows the workflow to be 
tested across substances with different chemical structures and 
different levels of available background knowledge.

The hazard assessment focused on endpoints relevant to 
identifying substances of concern under the SSbD framework. 
These include properties associated with CMR effects, properties 
determining the environmental fate and behavior for PBT classi
fication, and ED-related properties. The CMR and PBT properties 
are used to identify substances of very high concern and must 
be assessed under the SSbD framework to prevent the use of 
the most hazardous substances (Caldeira et al., 2022; 
Garmendia Aguirre et al., 2025), and ED are the recent-included 
endpoints in the CLP regulation.

Selection of relevant (Q)SAR models
A wide range of in silico tools are available to predict chemical 
hazards, and different platforms may provide models for differ
ent endpoints. Within the PARC project, an inventory of tools 
relevant for SSbD hazard assessments was previously compiled 
(Sarigiannis et al., 2023). From this inventory, models were 
selected based on three criteria:

· Relevance to hazard endpoints required in SSbD assessments, 
· Availability through open-access platforms, 
· Adequate documentation through (Q)SAR Model Reporting 

Formats (QMRF). 

An overview of the platforms used in this study is presented in 
Table 1. These include VEGA (Benfenati et al., 2013), JANUS, EPI Suite 
(USEPA, 2012), the Danish (Q)SAR Database (DTU, n.d.), the Mistra 
SafeChem in silico toolbox (not openly available at time of publica
tion), and the OECD QSAR Toolbox (OECD, 2023b). Not all platforms 
provide models for all hazard endpoints. Therefore, multiple plat
forms were used to ensure sufficient coverage across the endpoints 
considered in the assessment. The QMRFs were analyzed to filter out 
models that were developed for endpoints that are irrelevant for the 
SSbD assessment (such as anaerobic degradation) and avoid double- 
inclusion (for example, some models are included in both the Danish 
(Q)SAR database and OECD QSAR Toolbox). An overview of the differ
ent platforms used, and endpoints predicted, is presented in Table 1, 
and a list of all the individual models used in this work, and the rea
soning why to include or exclude them, is presented in the online sup
plementary material. In some cases, platforms provide consensus 
models that integrate predictions from several individual models. In 
such cases, we used the outputs of the consensus model rather than 
those of the individual models to avoid double-counting predictions.

Running the models and collecting 
predictions
For each substance, predictions were generated using the se
lected models across all relevant hazard endpoints. The types of 
outputs produced by the models vary depending on the 

Figure 1 Developed workflow for the assessment of hazards using in 
silico tools based on Benfenati et al. (2019) and EFSA Scientific 
Committee (2017).
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endpoint and modeling approach. Some models provide quanti
tative predictions (e.g., toxicity values), while others produce 
categorical outputs (e.g., positive or negative predictions for a 
specific hazard class). Detailed information for each model can 
be found in the online supplementary material.

Predictions from different models were first grouped according 
to the hazard endpoint they addressed. This grouping allowed 
predictions from multiple models to be evaluated collectively 
within each endpoint before integration across endpoints.

Evaluation of prediction reliability
After generating model predictions, the reliability of the predic
tions was evaluated. However, the prediction reliability informa
tion provided by different platforms varies. Most platforms 
(Except for EPI Suite) provide information regarding the QMRF 
and the way to evaluate the AD that can be used to evaluate 
prediction reliability. Some platforms provide additional measure
ments besides AD for reliability (for an overview, see online 
supplementary material). In this study, two evaluation approaches 
were considered.

In the simple assessment approach, predictions were retained 
only if they fell within the AD of the model. Predictions outside 
the applicability domain were excluded from further analysis. 
Depending on the platform, applicability domain information 
may be provided either as a binary indicator (in-domain or out- 
of-domain) or as a continuous reliability score. In the case of 
binary output, only the in-domain predictions were considered. 
In the case where the AD is assessed as a continuous value, only 
predictions with high reliability (>80%) are considered. For EPI 
Suite, basic recommendations provided by the platform (e.g., 
the molecular weight range) were used as a proxy of AD.

In the advanced assessment approach, additional expert eval
uation was applied to examine predictions that fell outside the 
formal applicability domain. In such cases, additional informa
tion was considered, including structural similarity to 
compounds in the model training set, presence of mechanistic 
alerts, and supporting evidence from related models. This step 
allows experienced assessors to evaluate whether certain pre
dictions may still be informative despite formal applicability 
domain limitations.

Integration of predictions
When multiple models are available for the same endpoint, dif
ferent strategies can be used to integrate predictions into a sin
gle outcome. In this study, three integration strategies were 
evaluated based on approaches previously described in the liter
ature (Benfenati et al., 2019):

· Majority vote, in which the most frequently occurring predic
tion among the models is selected; 

· Mean approach, applied when quantitative predictions are 
available; 

· Conservative approach, in which the most hazardous predic
tion is selected as a precautionary estimate. 

These integration strategies represent different ways of 
addressing uncertainty and weighing evidence from multiple 
models. The choice of integration strategy can influence the 
final outcome of the hazard assessment and should therefore be 
transparently documented. In practice, the selection of the most 
appropriate integration approach requires expert judgment and 
may depend on the assessment context.

Results
Overview of the workflow application
The developed workflow was applied to three case study chemi
cals: Bisphenol A (BPA), bisphenol AP (BPAP), and isosorbide. 
These substances were evaluated across hazard endpoints rele
vant to the SSbD framework, including carcinogenicity, germ 
cell mutagenicity, reproductive toxicity, endocrine disruption, 
persistence, bioaccumulation, and aquatic toxicity.

Across these endpoints, predictions were generated using 
multiple (Q)SAR models available across different in silico plat
forms. The outputs of these models included both quantitative 
predictions (e.g., predicted toxicity values) and categorical out
puts (e.g., positive or negative predictions for a hazard class). For 
each endpoint, predictions from different models were grouped 
before evaluating their reliability and integrating their results.

Table 1 An overview of the different platforms used in this study to predict the studied hazard endpoints.

(Q)SAR platform Carcinogenicity Mutagenicity Reproductive  
toxicity

Persistence Bioaccumulation Endocrine  
disruptions

Aquatic  
toxicity

VEGA 1.2.3 Yes Yes Yes Yes Yes Yes Yes
JANUS 1.0.3 Yes Yes Yes Yes Yes No No
EPI Suite v4.11 No No No Yes Yes No Yes
Mistra SafeChem in 

silico toolbox 
Yes Yes Yes Yes Yes Yes No

Danish (Q) 
SAR Database 

Yes Yes Yes Yes No Yes1 Yes

QSAR Toolbox v4.6 No No Yes No Yes Yes Yes
1Included and run in the QSAR Toolbox v4.6.

((Q)SAR) = (Quantitative) Structure–Activity Relationship.
A list of all the individual models used in this work is available in the online supplementary material.
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Model availability from studied platforms
Persistence
For persistence, the half-life in different environmental compart
ments and ready biodegradability were predicted. These are the 
required endpoints under European legislation. VEGA 
(www.vegahub.eu) offers both a classification model and a 
quantitative model that provides a continuous value for the 
three compartments: Water, sediment, and soil. These two mod
els should be used in conjunction to ensure consistency and 
avoid conflicts. The models are integrated within the JANUS 
software, which refers to REACH requirements and thresholds. 
An example of how to apply and interpret these models has 
been published (Benfenati et al., 2025). Other platforms used for 
persistence predictions are EPI Suite and the Danish (Q)SAR 
platform, both of which have combination methods for the pre
diction of ready biodegradability, and the Mistra SafeChem in 
silico toolbox v1.1, which contains two classification models for 
persistence in soil and two classification models for ready 
biodegradability.

Bioaccumulation
For bioaccumulation, the bioconcentration factor (BCF) and 
logKow were considered. VEGA has four BCF models. Two of 
them, Meylan and Arnot-Gobas, are reimplementations of those 
available within the EPI Suite platform. VEGA automatically pro
vides the evaluation of the AD to be used for the prediction, 
whereas this is not possible with EPI Suite. For these two added 
reasons, the BCF models from EPI Suite were not used in this ex
ercise. The Mistra SafeChem in silico toolbox has two classifica
tion models for BCF in fish. As logKow plays a crucial role in the 
BCF models, it is important to understand the impact of this pa
rameter. A detailed explanation of the consequences of the 
logKow on the BCF models is reported (Benfenati et al., 2025).

Carcinogenicity
To predict carcinogenic properties under the SSbD framework, 
all available models from the Danish (Q)SAR Database, VEGA, 
and Mistra SafeChem were taken into account. As the individual 
models can be based on different types of studies (i.e., animal 
vs. human data, data on different animal species and different 
genders), different results might be generated in these models 
for the same chemical structure. It is thus recommended to con
sider these indications within each platform, since the develop
ers may have optimized the way to integrate the results. 
Therefore, for VEGA, the JANUS Carcinogenicity CONSENSUS 
model was run, and for the Danish (Q)SAR Database, the strat
egy to assign a positive or nonpositive overall call was applied 
(DTU Food, 2018). The strategy to integrate the results across 
platforms was equal to the one applied by EFSA to prioritize 
which botanicals found in vegetables available on the European 
market should require further studies in order to clarify issues 
related to their health effects (EFSA, 2025).

Germ cell mutagenicity
The CLP hazard class germ cell mutagenicity is concerned pri
marily with substances that may cause mutations in germ cells 
of humans that can be transmitted to the progeny. However, the 
results from mutagenicity or genotoxicity tests in vitro and in 

mammalian somatic and germ cells in vivo are also considered 
in the classification. Assessing the mutagenicity of a substance 
requires the coverage of several key endpoints, specifically gene 
mutation and chromosomal damage, including both clastogenic 
and aneugenic effects. Germ cell mutagenicity is generally eval
uated in vivo by heritable germ cell mutagenicity tests, such as 
the rodent dominant lethal mutation test or mouse heritable 
translocation assay. For detecting gene mutations, the Ames 
test is widely used, which detects mutations in bacterial strains. 
On the other hand, the in vitro or in vivo micronucleus test, and 
the in vitro or in vivo chromosomal aberration assay, are used to 
evaluate structural and numerical chromosomal changes. 
Together, these complementary approaches provide a thorough 
understanding of a substance’s potential to cause gene muta
tions and chromosomal damage. In general, evidence of germ 
cell toxicity in humans or mammals is required for classification 
in category 1 of CLP, unless there is supporting evidence that so
matic cell mutagenicity or genotoxicity is also applicable in 
germ cells. Somatic cell genotoxicity tests in vivo, supported by 
in vitro tests or structure–activity relationships to known germ 
cell mutagens, warrant classification to category 2. It is impor
tant to note that although evidence of a single mechanism of 
germ or somatic cell mutagenicity and/or genotoxicity is suffi
cient for classification, a negative result in any individual test 
does not indicate a substance is safe.

For these endpoints, a large battery of models is present on 
different platforms. VEGA has several models for Ames, provid
ing also a consensus tool. Moreover, VEGA and the Danish (Q) 
SAR Database have a list of models related to the in vitro and 
in vivo micronucleus test. Different strategies can be used for 
the application of these models, depending on the regulatory 
context. For SSbD purposes, all available models were used to 
predict mutagenic properties.

Reproductive toxicity and endocrine disruption
In the case of reproductive toxicity, the models could be divided 
into two main groups: Models specific for reproductive toxicity, 
which are based primarily on human and animal data, and mod
els for ED. The ED models are included here as there is a signifi
cant overlap between reprotoxicity and ED-related endpoints. 
The ED models relate to reproductive toxicity by varying 
degrees, making it difficult to draw the line between models be
longing to both groups and strictly ED models. Making such a 
differentiation between reprotoxicity and ED may leave out po
tentially useful information. The ED models include one general 
model based on human and wildlife data (VEGA) as well as 
many mechanistic in vitro models linked to reproduction to 
varying degrees, some directly and some indirectly. These mech
anistic models can be used as supporting information and indi
cators of research needs. However, a positive outcome in these 
models alone should not override the results from models that 
are based on in vivo data, as their results are rarely quantitative 
and usually cover only a single key event. For classification pur
poses, it is currently necessary to show that effects are observed 
in vivo or in humans. In addition, the mechanistic models for ED 
reviewed in this case study are based on in vitro data that are 
subject to high variation due to differences in experimental con
ditions, resulting in variable biological relevance.
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Aquatic toxicity
Aquatic toxicity refers to the potential of a chemical substance 
to cause harmful effects on aquatic organisms, such as fish, 
invertebrates, and algae. Under the REACH Regulation, aquatic 
toxicity is a key environmental hazard endpoint used to assess 
the intrinsic properties of substances and to inform risk man
agement measures. For aquatic toxicity, we applied the battery 
of models implemented in the VEGA software. VEGA indeed con
tains 15 models for acute aquatic toxicity and three for chronic 
aquatic toxicity, covering the three trophic levels (fish, daphnia, 
algae). Other available models from the EPI Suite platform and 
the Danish (Q)SAR Database were used, too. Also, for aquatic 
toxicity, a detailed explanation on how to integrate the different 
models and apply a WoE approach is provided (Benfenati 
et al., 2025).

Evaluation of prediction reliability
Figure 2 illustrates the proportion of model predictions retained 
as reliable under the two evaluation approaches (the simple 
evaluation and advanced evaluation) for the three case chemi
cals. As expected, the advanced evaluation resulted in a larger 
number of predictions being considered reliable compared to 
the simple evaluation approach.

Integration of predictions
Table 2 summarizes the combined results for each hazard prop
erty across the three chemicals based on predictions retained 
after reliability evaluation. In general, BPA and BPAP showed po
tential hazard signals for all endpoints, whereas isosorbide was 
predicted to have fewer hazard concerns and only got flagged 
for reprotoxicity.

The general outcome per property is the same for the simple 
and advanced assessment; however, the prediction of the 
individual endpoints can be different. The full list of predicted 
endpoints for every substance and model as well as the com
bined output according to the three strategies can be found in 
the online supplementary material. For C, M, and R properties, 
all included models covered a different endpoint. Therefore, no 
summary of the results was created according to the three prede
fined strategies. Importance should be given to the type of end
point flagged and by what model. These findings illustrate that 
integrating multiple in silico predictions can lead to different 

possible hazard assessment outcomes, and how this should in
form chemical/material innovation under the SSbD framework is 
user-dependent. However, the transparent documentation of in
tegration strategies and decision rules is important in the SSbD 
assessment.

Discussion
Selection of relevant models
The workflow for integrating the results for a certain property 
may vary depending on the specific case. Once the assessment 
context is defined, this should be used to identify the necessary 
endpoints. Here, the assessment context refers to the regulatory 
or decision-making purpose of the evaluation, including the 
type of hazard endpoint required, the stage of innovation, and 
the intended use of the assessment results. We have seen that 
multiple models may be available to address the same property 
or endpoint, and this is an advantage. For instance, in the CLP 
classification, mutagenicity classification requires assessing per
manent changes in the amount or structure of genetic material 
in human germ cells. This definition implies covering germ cell 
mutations, while other regulations only require mutagenicity to 
detect mutations in somatic cells. Further differences exist not 
only for the regulations but also at the international level; thus, 
there are different procedures to evaluate a certain property 
depending on the geographical area. Furthermore, different tox
icity classes and threshold values exist in different countries. 
This process should then be applied to the specific substance(s). 
The suitability of a certain model indeed depends on the specific 
substance. We have discussed the relevance of the AD to identify 
which prediction is reliable. Thus, it is not possible to identify a 
model that is always reliable and another one that fails. The 
results are substance-dependent. The user should refer to the 
QAF for proper guidance (OECD, 2024).

Regardless of the implications in different regulations and 
possible use of tools outside the SSbD assessment framework 
(Clift et al., 2013; Nohmi, 2018), the importance of the SSbD tool
box to allow users to select the most relevant properties for 
their specific case should be emphasized, rather than being lim
ited to a single predefined workflow with a fixed set of (Q)SAR 
models. Flexibility in model and endpoint selection is critical to 

Figure 2 Share of (Q)SAR predictions, as a percentage out of all available (Q)SARs for that specific property, that were considered as reliable under 
the “simple” and “advanced” evaluation schemes for (A) BPA, (B) isosorbide, and (C) BPAP. The properties covered are persistency (P), 
bioaccumulation (B), carcinogenicity (C), mutagenicity (M), reproductive toxicity (R), endocrine disruption (ED), and aquatic toxicity. (Q)SAR = 
(Quantitative) Structure–Activity relationship; BPA = bisphenol A; BPAP = bisphenol AP.
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ensure relevance and applicability across a wide range of sub
stances and regulatory contexts.

In addition, it must be acknowledged that not all endpoints 
can currently be addressed using in silico tools alone. This high
lights the need for further research and development to expand 
the applicability domain and predictive power of existing models.

Uncertainty of in silico predictions
Each model prediction comes with a degree of uncertainty. To 
address this, it is recommended to use multiple models when
ever possible. For example, consensus models can be seen as 
more reliable than individual models, so that in theory we can 
place more weight on these outcomes. However, the relative 
importance of outcomes is something that cannot be predeter
mined and needs to be defined at the start of every SSbD assess
ment. Also, agreement between multiple models does not 
necessarily guarantee that a prediction is correct, particularly if 
models rely on similar training data or modeling assumptions. 
Therefore, interpretation of model outputs should involve ex
pert judgment from toxicologists or environmental scientists 
familiar with the endpoint and modeling approaches.

The approach of combining different models can help reduce 
the uncertainty of predictions by increasing confidence in the re
sult. However, during this work, we observed that improve
ments could be made in how different platforms communicate 
information, particularly regarding predictions that fall outside 
the AD. Different tools convey whether a prediction falls inside 
or outside the AD in various ways. For instance, in EPI Suite, 
evaluating the AD is a manual process, requiring a time- 
consuming analysis of chemical moieties and their occurrence 
in the substance. In contrast, tools like VEGA and the Danish (Q) 
SAR Database automatically check several conditions to assess 
the AD. Moreover, it is highly beneficial if a tool provides infor
mation on why a prediction falls outside the AD. This allows for 
a manual assessment based on multiple lines of evidence, en
abling users to include or exclude certain values by considering 
similar substances in the dataset and theoretical factors.

Within the perspective of using the results of in silico models 
for SSbD, the information about the uncertainty of the predic
tion should be incorporated within the process. Within this ap
proach, it may be convenient to apply an evaluation of the 
compared hazard impact associated with the candidate substit
uent, compared to the substance to be replaced. In this sce
nario, the evaluation may not be an absolute one but rather a 

relative comparison. In other words, the in silico models should 
be applied both to the target and candidate substances. The in
formation about the hazard of the target substance (which quite 
likely is available) to be replaced should be used to verify the 
correctness of the results of the in silico models. If the candidate 
substance is not very different from the target, a comparison of 
the correctness of the results can be made.

The granularity of the models for the 
same property
Several hazard properties need to be assessed, depending on the 
regulation and the purpose. As stated above, it is frequent that 
for the same property, several endpoints exist, which can differ 
according to defined guidelines. There is a general need to adopt 
a standardized ontology and refer to common definitions, such as 
is being developed at the OECD level with the Global Harmonized 
System (GHS) perspective. In Europe, the initiative called “One 
Substance-One Assessment” is addressing this need, too.

However, as observed by our analysis of the QRMFs, the devel
opment of several in silico models started with collections of 
data, which do not always adhere to a single protocol. Thus, 
there may be a misalignment between some in silico models 
and the official endpoint definitions. For instance, there are 
models for fish acute toxicity, which use data related to multiple 
fish species as a training set. The result of this model may refer 
to a “generic,” not defined, fish, whereas in other contexts, the 
identification of the fish species is requested. Similarly, it is 
usual and requested in certain regulatory frameworks to provide 
data on the Ames test generated using five different strains, 
with and without metabolic activation. However, for the Ames 
test in silico models, the common situation is that they provide 
a single outcome, since they are developed to merge results 
obtained within different conditions.

Even more complex is the case of the models for carcinoge
nicity. In this case, there is a range of models. Some models may 
relate to a single animal species, whereas others may relate to 
studies conducted with different animal species and different 
sexes. In several cases, assessments of substances are done by 
human experts who may consider epidemiological studies and 
in vitro tests, too. Thus, these models rely on different data, 
which in general can be called carcinogenicity but, in practice, 
look at different situations.

Table 2 Combined results for each property for BPA, isosorbide, and BPAP.

Property BPA Isosorbide BPAP

Persistency Potential issue Not flagged Potential issue
Bioaccumulation Potential issue Not flagged Potential issue
Carcinogenicity Potential issue*,** Not flagged*,** Potential issue**
Mutagenicity Potential issue** Not flagged** Potential issue**
Reprotoxicity Potential issue** Potential issue** Potential issue**
Endocrine disruption Potential issue Not flagged Potential issue*
Aquatic toxicity Potential issue Not flagged Potential issue

* Inconclusive results.
** No results for one or more models. The full list of predicted endpoints and the combined output can be found in the online supplementary material.

BPA = bisphenol A; BPAP = bisphenol AP.
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The case of the models for developmental toxicity and repro
toxicity is also challenging. In practice, the different models can
not be compared since they refer to different endpoints that 
cover developmental toxicity and impaired fertility. For classifi
cation purposes, it is necessary to demonstrate that the adverse 
effect is realized in humans or in experimental animals. Notably, 
these effects may manifest not only in the exposed individual 
but also in subsequent generations. As a result, there are many 
possible experimental methods that can be applied to identify 
reprotoxic effects, many of which are time-consuming and 
costly. Consequently, there are relatively few models based on 
animal/human data that are specific to this endpoint. This is 
something that the SSbD evaluator needs to be aware of, as in 
the end, this would result in a data gap. How data gaps can be 
addressed and taken into account in the evaluation approach of 
the SSbD assessment was not part of this work but should be 
addressed in the future.

Combining results
Based on the strategy to combine different predictions (i.e., 
mean, majority, or conservative approach), the final outcome 
may vary, meaning there are multiple SSbD outcomes possible 
for the same use case. For example, based on the BCF predic
tions, BPAP can potentially be nonbioaccumulative or bioaccu
mulative, depending on the strategy applied. This illustrates 
that integration strategies should be explicitly defined and 
transparently reported when using multiple in silico predictions. 
It is important to highlight that there is no single best way to 
combine the results, and the procedure also depends on practi
cal considerations, such as time and tools available and the 
preference of the assessor for choosing either the most conser
vative value or to adopt a more weight-of-evidence approach. In 
practice, expert judgment is required to determine which inte
gration strategy is most appropriate for the specific assessment 
context. In all cases, the procedure that is taken should be de
clared to increase transparency and to avoid bias.

When multiple models provide conflicting values, this is an in
dication of difficulties in the prediction, representing in a clear 
way the uncertainty of the assessment. When a single value is 
available, the evaluation becomes more difficult, and other lines 
of evidence should be considered, such as the presence of simi
lar substances confirming the prediction (read-across approach, 
thus evidence-based) or the presence of a plausible mechanism 
confirming the assessment (theoretical supporting information). 
Furthermore, by considering additional models under the ad
vanced assessment method, some unequivocal results under 
the majority and mean approaches can be resolved, emphasiz
ing the added value of this step.

The QAF aims to develop a systematic and harmonized frame
work for the regulatory assessment of (Q)SAR models, predic
tions, and results based on multiple predictions. It is applicable 
irrespective of the modeling technique used to build the model, 
the predicted endpoint, and the intended regulatory purpose.

The assessment of (Q)SARs for regulatory purposes should 
not be limited to checking the validity of the model used be
cause even a valid model can produce unacceptable predictions 
under certain conditions. Therefore, individual predictions and 
results from multiple predictions need dedicated assessments.

Practical implications for the 
implementation of SSbD
The findings of this study have different implications for stake
holders involved in the implementation of the SSbD framework, 
including regulators, industry actors, and researchers. In particu
lar, they highlight both the opportunities and the current limita
tions of relying on in silico tools for early-stage hazard 
identification.

For regulators, the developed workflow presented in this study 
demonstrates how multiple in silico tools can be applied in a 
structured and transparent manner while explicitly addressing 
uncertainty. The results highlight that different strategies for inte
grating model outputs (e.g., majority vote, mean, or conservative 
approaches) can lead to different assessment outcomes, even 
when based on the same underlying predictions. This strengthens 
the importance of documenting not only the chosen tools but 
also the justification of the integration strategies and decision 
rules in line with EFSA’s WoE Principles and the OECD’s QAF (EFSA 
Scientific Committee et al., 2017; OECD, 2023a). Rather than aim
ing for a single definitive outcome, the workflow supports regula
tory use of in silico tools as part of an iterative decision-making 
process, where uncertainty and data gaps are explicitly stated and 
can be re-examined as additional information becomes available.

For industry and innovators, particularly at early stages of 
chemical and material development, the workflow provides a 
practical means to screen potential hazards before significant 
resources are committed. The results show that in silico tools 
are well suited to identifying potential areas of concern across a 
broad range of SSbD-relevant endpoints, but also that conclu
sions may depend on model coverage and agreement. From a 
design perspective, this suggests that SSbD assessments should 
be used to guide informed choices and prioritization rather than 
to deliver binary “pass/fail” decisions. Early identification of po
tential hazard signals can support substitution, redesign, or tar
geted data generation, while acknowledging that uncertainty is 
an inherent feature of early innovation.

For researchers and tool developers, the analysis highlights 
several areas where further methodological development is 
needed to support SSbD implementation. These include im
proved harmonization of endpoint definitions across models, 
clearer and more consistent communication of AD information, 
and expanded model coverage for currently underrepresented 
endpoints. The observed variability between models and plat
forms also points to the need for further work on integration 
approaches that go beyond simple aggregation, particularly for 
complex endpoints such as reproductive toxicity and endocrine 
disruption. Addressing these challenges through harmonized 
reporting, improved applicability domain diagnostics, and the 
development of models for currently underrepresented SSbD- 
relevant endpoints would significantly strengthen the role of in 
silico tools in future SSbD assessment (Benfenati et al., 2019; 
OECD, 2023a).

Overall, in silico tools can play a central role in operationaliz
ing SSbD, provided they are applied within a transparent, well- 
documented framework that explicitly accounts for uncertainty 
and context of use. Rather than replacing experimental data or 
expert judgment, such tools are most effective when used to 
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support early decision-making, learning, and iteration through
out the innovation process.

Conclusions and recommendations
In this study, we evaluated the use of in silico tools to predict 
chemical hazards under the SSbD assessment framework; how
ever, the approach can be applied to different regulatory con
texts, too. An SSbD assessment is an iterative process 
throughout the innovation path, where the flow of information 
gradually increases moving from one innovation stage to the 
next. In relation to the position of in silico tools, they are critical 
during the earlier stages of innovation when the information is 
very limited and the uncertainty higher. Even though these tools 
are commonly used for hazard predictions, they present limita
tions regarding their incorporation into the SSbD assessment 
process. Within the PARC SSbD toolbox, the previously dis
cussed (Q)SAR tools, along with additional in silico tools, have 
been mapped across the innovation process and the SSbD 
framework assessments for safety and sustainability. One of the 
main objectives of the PARC SSbD toolbox is to integrate tools 
and data throughout an SSbD assessment pipeline. Therefore, 
the current study serves as a starting point for building an in 
silico hazard assessment workflow in the context of the PARC 
SSbD toolbox development. For a better-defined protocol for 
in silico hazard assessment under SSbD (and other regulatory 
contexts), a set of recommendations is provided.

Prediction reliability
In silico tools are generally easy to use and do not require exten
sive input data. However, to receive predictions that are not 
only rapid but also reliable, the hazard identification within the 
SSbD framework should incorporate the evaluation of the pre
diction’s reliability. To accomplish this, a series of actions need 
to be implemented. First, a systematic approach to integrate re
liability assessment into models that do not include it within 
their estimations should be structured. This would also facilitate 
the process of evaluating predictions of the same endpoint by 
different models. Moreover, assessors should be provided with 
comprehensive information regarding the AD status of each 
model, including the reason why a specific structure falls out
side the AD. This would allow them to reach informed decisions 
on whether to consider a model prediction in their assessment.

Missing endpoints and data gap strategy
Within the iterative process of SSbD across innovation, data 
gaps are expected to occur, particularly in the earlier stages. 
These data gaps need to be considered during the decision- 
making process. In addition, from the current study, we 
identified hazard endpoints (e.g., Specific Target Organ 
Toxicity—Single Exposure, physical hazards) that are included in 
the EC SSbD framework for which predictive models are not 
available or very limited in applicability. As a result, the interpre
tation of results received from SSbD assessment, and particu
larly hazard assessment, should require a comprehensive and 
transparent approach to consider data gaps. In conjunction with 
the missing endpoints, there is a need for future (Q)SAR model 

developments that cover these types of endpoints and address 
potential data gaps within the assessment pipeline. Also, when 
(Q)SAR models are lacking, there are other in silico 
approaches—such as read-across and expert systems—that 
might be used to provide hazard predictions. These methods 
can leverage chemical similarity, mechanistic reasoning, or 
weight-of-evidence approaches to reduce uncertainty for spe
cific endpoints or borderline cases. Future SSbD workflows 
could also benefit from integrated strategies combining (Q)SARs 
with complementary in silico methodologies to further 
strengthen confidence in hazard-based design decisions.

Complex endpoints
Another important aspect that needs to be considered is the 
complexity associated with some of the indicators, such as 
reprotoxicity. The prediction and evaluation of these indicators 
may be more challenging compared to simpler indicators. 
Therefore, a new scheme for the assessment of a substance 
should be structured that integrates in silico tools more effec
tively, which should be used not only to replicate a limited tradi
tional scheme. Furthermore, the integration of results from 
different models into a single overall call should be investigated. 
For instance, the integration of outcomes resulting from models 
that predict the same endpoints, such as mutations in cells, but 
for different organisms (i.e., mouse and hamster) could be ex
plored. Finally, an additional area of investigation could entail 
the integration of different endpoints (i.e., different assays) 
related to the same indicator (i.e., mutagenicity) into a single 
value. This would also involve the strategy needed for imple
mentation and how this could be established efficiently.

Supplementary material
Supplementary material is available at Integrated Environmental 
Assessment and Management online.
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its online supplementary material.
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