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Abstract
Assessing the safety and efficacy of skincare products has become increasingly 
important, with the rise of alternative methods to animal testing, due to ethical and 
regulatory demands. We reviewed the integration of classical statistical techniques 
with modern in Silico approaches, providing a structured guide for researchers. Fol-
lowing PRISMA 2020 guidelines, we conducted a systematic PubMed search for 
studies applying statistical or computational methodologies to assess cosmetic prod-
uct safety and efficacy, and published between 2013 and 2023. Papers lacking meth-
odological rigor or clear application to cosmetics were excluded. Two independent 
reviewers screened studies to minimize bias, and only peer-reviewed articles were 
included. Tables and figures were prepared to synthesize the main results. A total 
of 195 studies met the inclusion criteria. Our findings highlight the increasing role 
of in Silico approaches and machine learning techniques in cosmetic safety evalu-
ation, alongside traditional statistical methods such as regression analysis, hypoth-
esis testing, and multivariate techniques. The review provides practical guidance on 
selecting methodologies based on data availability and research objectives, along 
with a critical analysis of their strengths and limitations. The findings are shaped by 
search keywords, which may have excluded some related studies. In Silico methods 
emerge as promising alternatives to animal testing, though their reliability depends 
on robust validation and high-quality datasets. Standardization and regulatory inte-
gration are crucial for broader adoption in cosmetic science.
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1  Introduction

In recent years, the skincare industry has experienced a surge in the development 
and marketing of innovative products to improve skin health and appearance. We 
have witnessed a shift towards more sustainable, plant-based, nature-inspired, 
and animal-free testing cosmetics. Cosmetic companies are embracing innovation 
and exploring nature’s wealth of resources to create eco-friendly products that 
promote skin health and environmental well-being. As the demand for sustainable 
cosmetics continues to grow, further advancements and exciting developments in 
the field are emerging, aiming to strike a balance between beauty, science, and 
environmental consciousness.

The second significant consideration that motivates our analysis, is the full 
implementation of the animal testing bans (Regulation No 1223/2009) in Euro-
pean countries, forbidding in Vivo testing of finished products and cosmetic 
ingredients in 2004 and 2009, respectively. Therefore, classical statistical meth-
odologies, serving as indispensable tools for assessing the safety and efficacy of 
skincare products in a reliable and evidence-based manner, now encounter new 
challenges arising from the described emerging perspectives.

This review aims to guide cosmetic researchers who conduct experimental 
studies to develop innovative green and eco-friendly cosmetic formulations. Our 
focus will be on the crucial aspect of the choice of statistical tools for robust and 
reproducible skincare studies. Specifically, the discussion will include the selec-
tion and application of appropriate statistical tests.

Combined with proven efficacy, cosmetics products need to have a compre-
hensive toxicological assessment. An increasing number of alternatives to animal 
testing have been developed and validated for the safety and efficacy assessment 
of cosmetic products and ingredients. These advances led to the growth of New 
Approach Methodologies (NAMs) that aim to replace the old tests. NAMs are 
validated tools that predict a substance’s systemic toxicity in the absence of ani-
mal testing. Many of them include new in Vitro Methods, such as the 3D human 
skin equivalent models used to evaluate skin irritation potential. NAMs have also 
provided substantial progress in the in Silico methodologies: new computational 
methods mimic in Vitro and in Vivo assays, are based on mathematical and statis-
tical models, and incorporate the use of ‘big data’ provided by previous studies.

In Silico approaches hold great promise in accurately predicting different 
safety parameters without resorting to traditional in Vivo testing. By leveraging 
sophisticated statistical tools and models, these methods offer a cost-effective and 
environmentally friendly alternative, allowing researchers to bypass resource-
intensive laboratory testing.

The aim is to explore the most important emerging trends together with the tra-
ditional statistical testing employed in skincare research. This work emphasises 
the importance of employing appropriate statistical approaches in the safety and 
efficacy assessment of new green skincare products, according to the new shift in 
the market and the current regulations. By combining in Silico methods with con-
ventional assays and appropriate statistical testing, we want to provide up-to-date 
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guidelines to the cosmetics industry for developing effective, eco-friendly prod-
ucts based on natural and sustainable ingredients while adhering to rigorous 
safety standards.

2 � Methods

This systematic review followed the PRISMA (Preferred Reporting Items for Sys-
tematic Reviews and Meta-analyses) guidelines for reporting systematic reviews 
(Page et  al. 2021). To ensure methodological rigor and transparency, we imple-
mented a structured framework characterized by a clearly defined search strategy, 
predefined inclusion and exclusion criteria, and a systematic data extraction process 
(see Appendix for the detailed PRISMA 2020 item checklist). In line with recom-
mendations from the Cochrane Collaboration, two independent reviewers conducted 
both the study screening and data extraction processes to minimize bias and enhance 
reliability. The following sections detail each step of this methodology, outlining 
how relevant studies were identified, selected, and analyzed.

2.1 � Databases and research strings

Studies containing the safety and efficacy assessment of cosmetic products were 
identified via the scientific database PubMed, which comprises more than 36 mil-
lion citations for biomedical literature from MEDLINE, life science journals, and 
online books. Keywords and search terms related to skincare products, statistical 
approaches, in Silico methods, and relevant toxicity parameters, such as skin cor-
rosion and irritation, eye irritation, skin sensitization, mutagenicity, genotoxicity, 
carcinogenicity, dermal absorption, and phototoxicity, were used to retrieve signifi-
cant papers. The PubMed Advanced Search Builder was used to write the following 
clauses: 

(i)	 (cosmetic) AND (phototoxicity) AND (assessment) AND (model);
(ii)	 (cosmetic) AND (skin irritation) AND (assessment) AND (model);
(iii)	 (cosmetic) AND (eye irritation) AND (assessment) AND (model);
(iv)	 (cosmetic) AND (skin corrosion) AND (assessment) AND (model);
(v)	 (cosmetic) AND (skin sensitization) AND (assessment) AND (model);
(vi)	 ((dermal absorption[Title/Abstract]) OR (dermal penetration[Title/Abstract])) 

AND (cosmetic[Title/Abstract]);
(vii)	(cosmetic) AND (assessment) AND (model) AND((mutagenicity) OR (geno-

toxicity));
(viii)	 (cosmetic) AND (carcinogenicity) AND (assessment) AND (model);
(ix)	 (cosmetic) AND (assessment) AND (in Silico) AND ((acute toxicity) OR 

(repeated dose toxicity) OR (reproductive toxicity));
(x)	 (efficacy[Title/Abstract]) AND (cosmetic[Title/Abstract]) AND (in Silico).
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As the marketing bans on cosmetic products have evolved over time, we chose not to 
take into account the studies published before 2013, which is the date on which the 
main animal testing bans came into effect. All articles published between January 
2013 and December 2023 were taken into account.

2.2 � Selection process

Papers are included in the review based on the following eligibility criteria: 

	 (i)	 Relevance: The paper should focus on statistical approaches for the safety and 
efficacy assessment of skincare products, specifically discussing one or more 
of the recommended safety parameters, including skin corrosion and irritation, 
eye irritation, skin sensitization, mutagenicity, genotoxicity, carcinogenicity, 
dermal absorption, and phototoxicity;

	 (ii)	 Scientific rigor: only peer-reviewed articles and reputable sources, such as 
reports from regulatory agencies (e.g., FDA, ECHA, OECD) and recognized 
scientific organizations, are considered to ensure the quality and reliability of 
the information;

	 (iii)	 Publication date: the specific date range was set to 2013–2023 to encompass 
the most recent and relevant research up to the present;

	 (iv)	 Language of publication: only articles published in the English language were 
considered for inclusion in this comprehensive review.

Exclusion criteria are applied as follows: 

	 (i)	 articles that do not mention any statistical or in Silico method are excluded;
	 (ii)	 studies that do not focus on hazard assessment but rather on exposure assess-

ment are excluded;
	 (iii)	 research that focuses on environmental risk assessment rather than specific 

risk assessment related to human health are excluded.

The titles and abstracts of all identified PubMed records were screened to determine 
their relevance. The selection process was conducted in three stages, in accordance 
with Page et al. (2021): 

1.	 Initial screening - Titles and abstracts were reviewed to exclude non-relevant 
studies.

2.	 Full-text assessment - The remaining studies with available full text were 
assessed for eligibility based on the predefined inclusion and exclusion criteria.

3.	 Final selection - Studies meeting all criteria were included in the review.

Any discrepancies between reviewers were resolved through discussion or consulta-
tion with a third reviewer when necessary. To visually represent the search process, 
we employed a PRISMA-recommended flow diagram (see Fig. 1), constructed using 
the tool described in Haddaway et al. (2022).



From animal testing to in Silico models: a systematic review…

2.3 � Extraction of relevant information

A meticulous analysis of the selected articles has been conducted to derive a struc-
tured framework of statistical approaches used to evaluate the safety and efficacy of 
skincare products. The extracted information included whether the study focused on 
efficacy or safety. For safety-related studies, the specific parameters assessed (e.g., 
skin corrosion, irritation, sensitization) were recorded. Studies were further catego-
rized as experimental (in Vivo/in Vitro) or in Silico.

For experimental studies, we documented the statistical methodologies employed, 
considering the type of data and research objectives.

For each in Silico study, we extracted details on the software used, its accessibil-
ity (free or proprietary), the safety parameters it predicts, and the models it imple-
ments (QSAR, read across, rule-based method, or hybrid models).

The obtained information is summarized through explanatory tables and figures, 
presented in the following section, which provides a structured overview of the 
methodologies and tools reported across the included studies.

Fig. 1   PRISMA Flow Diagram describing the selection process of the articles admitted in the review
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More generally, the classification of extracted information was not always unique. 
A study could investigate both efficacy and safety, assess multiple safety parameters, 
or employ a combination of laboratory and computational tests. Additionally, stud-
ies often utilized multiple statistical or computational methods, which were all docu-
mented to reflect the full scope of their approach.

Regarding missing or unclear data, we only included outcomes that were explicitly 
specified in the study reports.

3 � Results

The systematic search yielded a careful selection of studies investigating the safety and 
efficacy of skincare products. These studies vary in study design, research objectives, 
and methodological approaches, reflecting the multidisciplinary nature of cosmetic sci-
ence. We included experimental studies, observational studies, reviews, reports, and 
computational studies, the latter introducing and validating new in Silico methods, 
software tools, and predictive models. While traditional experimental methods remain 
predominant, an increasing number of studies incorporate in Silico models, highlight-
ing their growing role in cosmetic product assessment. The following sections pro-
vide a detailed breakdown of the literature search process and the key methodological 
approaches identified in this review.

3.1 � Literature search

The results of the selection process for the papers included in the review are described 
in the flowchart represented in Fig. 1.

The systematic review began by identifying 432 records, of which 71 duplicates 
were removed. The high number of duplicates is due to the fact that many studies assess 
multiple safety parameters simultaneously (e.g., skin sensitization together with skin 
irritation and genotoxicity). After de-duplication, the titles and abstracts of 361 papers 
were carefully examined, resulting in the exclusion of 48 records that were not rele-
vant to the primary focus of the study. The remaining 313 articles were attempted to be 
retrieved in full text. However, 32 of them were found to be unretrievable. As a result, 
a thorough screening of 281 reports was conducted to ensure that the selected stud-
ies aligned with the review’s predefined objectives. This rigorous process revealed that 
86 reports did not address the core themes of the review; in fact, they did not include 
any statistical or computational method relevant to cosmetic safety assessment, focused 
solely on exposure assessment, or addressed environmental risk assessment instead of 
human safety, as detailed in Fig. 1. Consequently, they were excluded from further con-
sideration. In the end, the systematic review included a total of 195 studies.

3.2 � Statistical methods for assessing cosmetic products

The main findings highlight the widespread use of different statistical meth-
ods in the skincare field. In particular, a wide variety of statistical tests were met, 
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demonstrating their key role in assessing the efficacy and safety profile of skincare 
formulations in in Vivo and in Vitro studies.

Furthermore, an increasing proportion of in Silico studies was observed, reflect-
ing a contemporary trend in skincare research. in Silico studies explored a spectrum 
of statistical modelling approaches and probabilistic models, including QSAR mod-
els and machine learning techniques.

The following paragraphs will provide a detailed explanation of each of these two 
main approaches.

3.2.1 � Statistical testing

When assessing the safety and effectiveness of skincare products, it is crucial to 
select the appropriate statistical tests. This directly affects the reliability and inter-
pretability of study findings. To address the multifaceted nature of these evalua-
tions, we have compiled a comprehensive table (Table 1) that lists various statistical 
approaches tailored for cosmetic product analysis. It is important to note that the 
choice of a statistical test depends on the research objectives and the characteristics 
of the data being investigated. Table 1 provides a practical guide to clarify the rela-
tionship between research goals and appropriate statistical methods. It also includes 
references to articles, that passed the inclusion criteria, for each statistical test and 
goal. This feature aims to offer researchers insight into both theoretical aspects and 
the real-world implementation of statistical methodologies in the evaluation of skin-
care products.

From the reviewed studies, we observed that the majority of experimental stud-
ies analyzed continuous (Gaussian) outcomes. Most of these studies reported their 
results using mean and standard deviation, with the one-sample t-test and ANOVA 
being the most frequently used statistical methods for evaluating efficacy and safety 
parameters. Further details on these tests, along with practical examples to guide the 
selection of appropriate statistical methods, are provided in Sect. 4.1.

3.2.2 � in Silico methods

A thorough literature review has shown that in Silico methods play an essential 
role in the assessment of safety endpoints and efficacy of skincare products. To 
evaluate efficacy endpoints, our research has identified a specific application of in 
Silico tools, namely molecular docking (Ledwoń et al. 2023; Masjedi and Solh-
joo 2022; Hazarika et al. 2022; Ouedraogo et al. 2022). This computational tech-
nique is particularly useful for predicting the orientation of one molecule (ligand) 
when bound to another (target), and it is implemented by several software such 
as Discovery Studio Visualiser (Dassault Systemes BIOVIA, U.S.A.), AutoDock 
and Endocrine Disruptome. Molecular docking will be further explored during 
the discussion. Table  2 presents the results of the literature search and catego-
rises them according to the different endpoints. From the selected articles, it was 
possible to identify the most commonly used in Silico software employed in cos-
metic safety research. A first classification of these tools is illustrated by the cir-
cular dendrogram shown in Fig. 2, which provides researchers with insights for 
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selecting the appropriate in Silico tool to detect a specific endpoint. Secondly, the 
software are grouped in Table  3 according to the predictive model they imple-
ment. This complementary classification framework is consistent with the catego-
risation provided in Wilm et al. (2018) and divides the computational approaches 
into five categories: linear QSAR, non-linear QSAR, rule-based methods, read-
across approaches, and hybrid models. The latter organisation facilitates com-
parison and selection based on specific research needs and objectives. In the dis-
cussion section, we analyze each approach individually, referencing the relevant 
software packages listed in Table 3 as examples.

Table 2   Results of the in Silico literature search, classified by endpoint

Endpoint Articles

Dermal absortion Petry et al. (2017); Canavez et al. (2021); Ates et al. (2016); Selvestrel et al. 
(2021); Juncan et al. (2023); Hatanaka et al. (2015)

Skin sensitization Canavez et al. (2021); Selvestrel et al. (2022b); Reynolds et al. (2021); Hirota 
et al. (2018); Silveira et al. (2016); Strickland et al. (2022); Borba et al. 
(2022); Johansson et al. (2013); Skare et al. (2015); Jeon et al. (2022); Klein-
streuer et al. (2018)

Wilm et al. (2018); Fung et al. (2020); Li et al. (2019); Tourneix et al. (2019, 
2020); Wilm et al. (2019); Canipa et al. (2017); Hirota et al. (2015); Gilmour 
et al. (2022); Leist et al. (2014); Borba et al. (2020)

Vandecasteele et al. (2021); Selvestrel et al. (2021); Asturiol et al. (2016); Gau-
tier et al. (2020); Toropov and Toropova (2021); Sarath Kumar et al. (2016); 
Leontaridou et al. (2016); Toropov et al. (2021); Dvořáková et al. (2023); Im 
et al. (2023); Juncan et al. (2023)

Skin corrosion Silveira et al. (2016); Borba et al. (2022)
Skin irritation Canavez et al. (2021); Selvestrel et al. (2022b); Golembo et al. (2022); Silveira 

et al. (2016); Borba et al. (2022); Skare et al. (2015); Popiół et al. (2019)
Eye irritation Canavez et al. (2021); Silveira et al. (2016); Borba et al. (2022); Skare et al. 

(2015); Silva et al. (2021); Verma and Matthews (2015a, 2015b)
Phototoxicity Canavez et al. (2021); Xiong et al. (2019)
Mutagenecity Canavez et al. (2021); Ates et al. (2016); Silveira et al. (2016); Skare et al. 

(2015); Toropov et al. (2021); Baderna et al. (2020); Popiół et al. (2019); 
Juncan et al. (2023)

Genotoxicity Canavez et al. (2021); Ates et al. (2016); Silveira et al. (2016); Skare et al. 
(2015); Selvestrel et al. (2021); Lebre et al. (2022); Baltazar et al. (2020); 
Baderna et al. (2020); Dvořáková et al. (2023); Rioux et al. (2023); Yang 
et al. (2021)

Carcinogenicity Canavez et al. (2021); Silveira et al. (2016); Leist et al. (2014); Gao et al. 
(2019); Rioux et al. (2023)

Acute toxicity Canavez et al. (2021); Borba et al. (2022); Selvestrel et al. (2021); Yang and Ni 
(2023); Erhirhie et al. (2018); Hisaki et al. (2015); Rioux et al. (2023)

Repeated dose toxicity Ates et al. (2016); Leist et al. (2014); Selvestrel et al. (2022a); Hisaki et al. 
(2015); Rioux et al. (2023); Qian et al. (2022); Batke et al. (2016); Api et al. 
(2019); Paini et al. (2017)

Reproductive toxicity Skare et al. (2015); Leist et al. (2014); Hisaki et al. (2015); Ouedraogo et al. 
(2022); Popiół et al. (2019)

Efficacy Hazarika et al. (2022); Ledwoń et al. (2023); Masjedi and Solhjoo (2022)
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4 � Discussion

4.1 � Empirical data collection protocols for safety and efficacy

An ever-growing awareness of the importance of consumer protection has led 
to stricter regulatory requirements on cosmetics. The need to provide more and 
more evidence of product safety and effectiveness encourages the progress and 
evolution of the cosmetic testing field. Before discussing the methodologies and 
basics of experimental data collection, a brief insight into safety and efficacy in 
cosmetics is essential. Although the contents of this paragraph predominantly 
refer to the legal framework of the EU, most principles can be applied globally.

Fig. 2   Circular dendrogram of in Silico software
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All regulations agree that safety is the most important feature to be checked 
before marketing (Barthe et al. 2021; Applebaum 2021). This is mandatory for mini-
mizing adverse health effects and continues as surveillance until the product is sold. 
The safety assessment aims to quantify product-related risks (i.e. the probability 
that a specific hazard occurs) and hence it should consider both its composition (i.e. 
ingredients, contaminants, and their relative amounts) and the conditions of use Kim 
et al. (2021).

Properties on which data should be available are acute and repeated dose toxicity, 
skin corrosion and irritation, eye irritation, sensitizing/photosensitizing potential, 
mutagenicity, genotoxicity, carcinogenicity, reproductive toxicity, dermal/percutane-
ous absorption, phototoxicity (SCCS, 2021). These parameters can be evaluated by 
considering both individual ingredients and the entire formulation. The assessment 
is performed on data collected by own tests or/and derived from literature. Gener-
ally, testing the final product is the best way to prove its safety because complex 
mixtures may exhibit effects resulting from ingredient interaction. However, single 
ingredient evaluations are widely accepted because most products derive from a lim-
ited number of substances (SCCS, 2021).

In addition to a comprehensive toxicological evaluation, it is of paramount impor-
tance that cosmetics have proven efficacy (Nobile 2016). This is generally achieved 
by providing evidence that supports effect-related claims. Defining claims as any 
public information declared about the product, the aim of this procedure is to protect 
the end-users from misleading messages (Applebaum 2021). Product claims that 
have to be substantiated include performance and sensory attributes; relevant data 
can be obtained from nonclinical and/or clinical studies. The tests could be carried 
out either on a single ingredient or on the whole formulation to examine a consumer 
perception or a condition that can be instrumentally analysed (Cosmetics Europe 
2008; Applebaum 2021).

Cosmetic testing based on empirical data collection could be conducted in Vitro, 
ex Vivo and in Vivo. In Vitro experiments rely on simple cellular models (i.e. cell 
lines or reconstructed tissues) and are generally used for screening and/or to evalu-
ate the impact of product/ingredient on a specific mechanism, whereas ex Vivo tests 
employ isolated living tissues increasing the complexity of procedure and data inter-
pretation. After the ban of animal testing in the EU and the progressive alignment 
of the other countries/regions (Sreedhar et al. 2020), in Vivo studies are mainly con-
ducted on human volunteers. Although being more time-consuming compared with 
the former approaches, in Vivo tests provide more relevant results. In this context, 
ethical issues should be carefully considered: as a rule, safety assessment should 
precede efficacy testing, while strong preliminary evidence should be collected 
before testing safety in Vivo (Nobile 2016).

Considering the diversity of the endpoints to be addressed, it is beyond the scope 
of this review to describe the specific experimental approaches. In this regard, it is 
worth mentioning that few guidelines are available (e.g., OECD guidelines for in 
Vitro safety assessment or EEMCO guidelines for clinical efficacy testing) and they 
do not cover all the possible cases (Kim et al. 2021). Every scientific methodology 
that can furnish reliable and reproducible results could be considered for empirical 
studies (Cosmetics Europe 2008). This justifies the ongoing research in the field. 
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Moreover, as a consequence of animal testing bans or restrictions, alternative meth-
ods that provide representative toxicological data of new ingredients are urgently 
demanded (Arnesdotter et  al. 2021; Nobile 2016). Besides the technical point of 
view, data interpretation and, therefore, the selection of appropriate statistical analy-
sis are also critical to achieving consistent conclusions.

4.2 � Deciding a statistical test

Once empirical data collection through in Vitro, ex Vivo and in Vivo studies has been 
completed, researchers need to perform statistical analyses to determine whether the 
new formulation meets the desired efficacy or safety endpoints. Statistical tests serve 
as indispensable tools for rigorously assessing the performance and potential risks 
associated with cosmetic products, providing insights that inform further devel-
opment and regulatory decisions in the cosmetics industry. However, with a wide 
range of available tests, it can be challenging for researchers to determine which test 
is appropriate for a given situation. Several considerations need to be made when 
selecting a statistical test, including elements such as the study design, the number 
of groups compared, and the nature of the data. Our study makes a contribution to 
the field by providing a practical guide in the form of a clear and organised table 
(Table  1). This resource is valuable as it helps researchers match their scientific 
questions to the structure of their data.

When selecting a statistical test, the user should first consider the nature of the 
outcome, that is, the result obtained from the experiment and whether it is qualita-
tive or quantitative. Qualitative variables, also called categorical, represent quali-
tative characteristics or attributes that can be divided into distinct categories or 
groups. If the categories have a natural order or ranking, the variable is also called 
ordinal or ranked, otherwise it is called nominal. Quantitative variables are divided 
into continuous when used for collecting measurements, and discrete for counts. 
Binary variables are particular cases of discrete variables. They are often used to 
represent yes/no or success/failure scenarios, such as the presence or absence of a 
characteristic. In contrast, continuous variables are measurements that can take any 
value within a range of real numbers. Continuous variables can also be divided into 
two families, Gaussian and non-Gaussian. Gaussian variables follow a Gaussian (or 
normal) distribution, that is a symmetrical and bell-shaped distribution, with the 
majority of observations clustered around the mean and fewer observations at the 
extremes. Many natural phenomena and biological measurements tend to follow a 
Gaussian distribution. On the other hand, non-Gaussian variables may have skewed 
or asymmetric distributions, heavy tails, or other departures from normality.

Statistical tests are classified as parametric or non-parametric, depending on 
whether they assume an underlying parametric model, for instance, the Gaussian 
case, or not. Therefore, non-parametric tests apply to all kinds of data. In determin-
ing whether a variable follows a normal distribution, statistical tests such as the Sha-
piro-Wilk test can provide valuable insights.

Some examples from the selected papers are provided below to enhance compre-
hension of variables in the cosmetic field.
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An example of a continuous variable may be the half-maximal inhibitory concen-
tration ( IC50 ). This endpoint was considered by Maciel et al. (2019) to test whether a 
particular cosmetic formulation is phototoxic. Firstly, the Shapiro-Wilk and Levene 
tests were used to confirm the normality and homogeneity of variance of the con-
tinuous variable, afterwards, the ANOVA test (for comparison to negative control 
cells with solvent) was performed.

However, when the Photo Irritation Factor (PIF) index is taken into account, as 
categorized by the OECD 432 guideline (i.e a PIF < 2 predicts the absence of a 
phototoxic effect; a 2 ≤ PIF ≤ 5 predicts a probable phototoxic effect; and a PIF > 5 
predicts a phototoxic effect (OECD 2019)), the nature of the variable shifts to an 
ordinal response. Herein lies the importance of considering the ordinal nature of the 
variable when choosing the test. Finally, a safety evaluation endpoint, such as skin 
sensitization, may be considered as an example of a binary variable. In Silveira et al. 
(2016) the skin sensitization potential is categorized into two possible responses, 
‘sensitized’ or ‘non-sensitized’, producing a binary outcome.

Statistical tests can also be classified based on the number of groups they are 
intended to analyze. The most straightforward case consists of comparing one group 
to a hypothetical value. For example, in Nepalia et al. (2021) the authors wanted to 
test the mutagenicity of some skincare products. In particular, they were interested 
in testing whether the mean mutagenicity rate (MR) exceeded a predefined value of 
2. As the MR is a continuous value, approximately Gaussian, they chose the one-
sample t-test to identify the potentially mutagenic products. On the other hand, one 
can be interested in comparing a specific endpoint in two or more different groups. 
This is the case, for example, of Savic et  al. (2021), where parametric (t-test and 
ANOVA) or non-parametric tests (Mann–Whitney test and Kruskall-Wallis) are cho-
sen depending on the normality or non-normality of the data. In the former case, 
the t-test compares the means between two groups to determine if the observed dif-
ferences are statistically significant. ANOVA extends this comparison to more than 
two groups, providing an overall assessment of group differences. If significant dif-
ferences exist, post-hoc tests, such as Tukey’s, employed in Savic et al. (2021), can 
identify specific group differences.

When dealing with ordinal data or when assumptions of normality are not met, 
non-parametric versions of the t-test and ANOVA are provided by the Mann–Whit-
ney and Kruskal-Wallis tests, respectively. Moreover, in cases where the Kruskal-
Wallis test produces a significant result indicating differences between groups, post-
hoc pairwise comparisons can be made using Dunn’s test, as shown in Estrela et al. 
(2021), to identify specific group differences.

Finally, another critical factor to consider when selecting an appropriate statisti-
cal test is the study design, in particular the nature of the relationship between the 
groups being compared - whether they are paired (dependent) or unpaired (inde-
pendent). In scenarios where groups are paired, such as in a longitudinal study or 
when measurements are taken on the same individuals under different conditions, 
paired tests become applicable. For example, the paired t-test is valuable when com-
paring hydration levels before and after sunscreen treatments on the same individ-
ual, as in Shyr and Ou-Yang (2016). This allows a nuanced examination of within-
subject changes.
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Conversely, unpaired tests are appropriate when dealing with independent groups. 
For example, the unpaired t-test was used in Golembo et al. (2022) to evaluate the 
effectiveness of an anti-acne product, by comparing a treated arm with an untreated 
one.

In skincare studies, quantifying the association between two variables is another 
critical task that researchers often face. This task is essential for understanding 
the relationships and dependencies between different factors involved in cosmetic 
formulations and their effects on the skin. An example is given in Gnonsoro et al. 
(2022), where the authors wanted to investigate the relationship between heavy 
metal concentrations and specific physicochemical properties (pH and density) of 
some hydroalcoholic gels. In this case, the variables were Gaussian, so the Pearson 
correlation coefficient was used. The Spearman correlation coefficient must instead 
be employed when dealing with ordinal variables, as in Estrela et  al. (2021). On 
the other hand, when two binary variables are considered, the phi coefficient is the 
appropriate measure. The common aim of these different indices is to describe the 
association between two variables. They take values between −1.0 and 1.0, with 0.0 
representing complete independence and −1.0 or 1.0 representing a perfect associa-
tion. In the previous instance of Gnonsoro et al. (2022), the correlation coefficient 
between cadmium concentration and pH was determined to be 0.19, indicating a 
lack of significant association between these two variables.

In many cosmetic research studies, there is a need to compare observed values 
and to predict values using known information. The predictive aspect emerged in 
da  Silva et  al. (2019), where a linear model was used to predict the Sun Protec-
tion Factor (SPF) based on the percentage of some active ingredients in a sunscreen 
formulation. The results of this regression allowed the authors to identify the best 
active ingredient to provide a high level of UV protection. When regression models 
are applied and compared, it is common practice to perform sensitivity analysis and 
assess accuracy, as shown by Liu et al. (2020). These steps are used to evaluate the 
models’ predictive power and to determine their reliability in capturing the underly-
ing relationships between variables. On the other hand, non-parametric models can 
be used, for example, to classify a skin irritant, as illustrated in Liu et al. (2020), 
where the prediction is based on the viability measured after exposure to certain 
chemicals over time.

4.3 � Adopting an in Silico method

In skincare research, in Silico methods are of great importance as they provide a 
cost-effective and time-efficient approach to assess the safety and efficacy of skin-
care products. Computational models and algorithms are employed by in Silico tools 
to predict the potential effects of ingredients on various endpoints. They are used 
in the field of efficacy, for example, to predict the optimal match between two mol-
ecules to achieve a more stable and effective formulation. This predictive capability 
enables researchers and cosmetic companies to screen many compounds and for-
mulations in Silico before conducting expensive and time-consuming in Vitro or in 
Vivo studies. Of course, the effectiveness and applicability of in Silico tools depend 
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on the quality and quantity of available data for model development (Luechtefeld 
et al. 2018). Recent results (Asturiol et al. 2016) suggest that in Silico tools have the 
potential to outperform traditional in Vitro and in Chemico methods. High-quality, 
accurate, and comprehensive datasets enable these tools to produce reliable predic-
tions, while larger datasets enhance statistical power and generalizability. Insuf-
ficient or biased data can result in unreliable outcomes, underscoring the impor-
tance of maintaining rigorous standards for data quality and promoting diversity in 
datasets.

A critical perspective is essential when selecting which in Silico method to use, 
as each comes with distinct advantages and limitations, depending on the research 
context. A thorough evaluation of these aspects can guide the choice of the most 
appropriate method.

4.3.1 � Computational approaches for predicting toxicity

Various computational methods have been used to develop in Silico tools for safety 
assessment. These methods range from simple similarity measures, which com-
pare a molecule to known toxic or non-toxic compounds, to more advanced tech-
niques such as multivariate QSAR models. We will focus on several key approaches: 
QSAR, rule-based methods, read-across, and hybrid models. We will introduce 
these methods and explore their specific implementations to assist scholars and 
practitioners.

4.3.1.1 QSAR models
QSAR models are computational tools that predict how a compound’s chemical 

structure influences its toxicological effects. They have been developed using data 
on compounds with known toxicities, either from public databases or through direct 
experimental investigation. The first step of data pre-processing (data curation) 
ensures accuracy and relevance before calculating molecular descriptors. Descrip-
tors, such as molecular weight, size, shape, polarity, and electronic properties, pro-
vide quantitative representations of a compound’s structural features. They are then 
analysed in relation to the collected toxicity data to uncover a statistical relationship 
and construct the model. Finally, rigorous statistical measures are applied to assess 
the model’s predictive power and reliability. Through this comprehensive workflow, 
QSAR plays a pivotal role in expediting the safety assessment process by offering a 
nuanced understanding of how new compounds with similar structural features may 
exhibit toxicological responses, thereby streamlining the safety assessment process. 
QSAR methods can be divided into two types: linear models, which assume a lin-
ear relationship between descriptors and response values, and non-linear methods, 
which do not make this assumption.

These models have several advantages that enhance their usefulness and effec-
tiveness: they are capable of predicting a sound value for a specific toxicity end-
point, categorizing compounds into toxicity classes, or calculating the likelihood of 
belonging to a particular class (Gleeson et al. 2012).

However, QSAR models may not always be applicable. One limitation is the 
requirement for a substantial number of chemicals at the learning stage of the model 
to achieve statistical significance (Deeb and Goodarzi 2012). Additionally, they 
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perform feature selection to identify the most significant and independent molecular 
descriptors. Otherwise, using a large number of descriptors would lead to a complex 
and fragmented multidimensional space, posing challenges in model interpretation 
and implementation (Weaver and Gleeson 2008). In some cases, QSAR models may 
lack biological interpretability and do not take into account critical factors such as 
dose, duration, or metabolites, which are essential considerations in toxicity assess-
ment (Raies and Bajic 2016). It is crucial to address these limitations by improving 
the quality of the data and enhancing model development techniques to enhance the 
reliability and applicability of QSAR approaches in toxicology research.

The Applicability Domain (AD) is a cornerstone in QSAR modeling. It defines 
the range of chemical, structural, or biological characteristics covered by the data 
used to build the model. This definition sets the boundaries within which the model 
can make reliable predictions for new compounds, thereby ensuring the valid-
ity of predictions for chemicals similar to those in the original dataset. In Weaver 
and Gleeson (2008) the authors demonstrated how monitoring the AD is a valuable 
tool for tracking QSAR performance, estimating prediction accuracy, and identify-
ing when models need recalibration. To further validate these models, it is essen-
tial to incorporate experimental data from new compound sets that differ structur-
ally from those used in the original training data (Kar and Roy 2010). Without this, 
models may show high accuracy in the training set, but their predictive performance 
often decreases when tested on new chemicals (Valerio Jr 2009). Recent efforts have 
focused on developing automated procedures to determine the AD of the model. 
Two primary approaches for AD estimation have been proposed: one based on the 
interpolation region of the training set in the descriptor space and the other rely-
ing on similarity analysis (Nikolova-Jeliazkova and Jaworska 2005). The latter 
highlights that a compound’s similarity is relative and should align with features 
pertinent to the modeled endpoint (Nikolova and Jaworska 2003; Bender and Glen 
2004). For high-dimensional models, which utilize numerous fragments as descrip-
tors, estimating the AD can be particularly complex. Range-based methods, which 
define the AD by specifying the minimum and maximum values of descriptors, offer 
a practical approach when combined with PCA for data pre-processing. Nikolova-
Jeliazkova and Jaworska (2005) applied this integrated method to the KOWWIN 
model, used for predicting bioavailability through n-octanol/water partition coef-
ficients (Kow). However, this approach has limitations whenever the number of 
dimensions increases.

The validation of QSAR models is not just a step, but a crucial checkpoint before 
their integration into regulatory and commercial applications (OECD 2004). Model 
accuracy is typically assessed using validation sets, which consist of chemicals with 
known target values. Creating these sets is not just a task, but a critical process, as 
well-designed validation datasets lead to accurate evaluations. An effective valida-
tion set should reflect the intended application of the model, which requires careful 
selection of chemicals within the AD of the model (Luechtefeld et  al. 2018). The 
size and diversity of validation datasets remain significant obstacles. Building robust 
models often requires large datasets with a wide range of compounds to cover the 
chemical space adequately. However, the limitations of proprietary data and the high 
costs associated with data collection can hinder the availability of such data sets 
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(Luechtefeld et al. 2018). To improve validation methods, future approaches could 
incorporate balanced sampling techniques that ensure a diverse representation of 
chemical categories, leading to more accurate measurements of model performance.

From a practical standpoint, QSAR models excel in high-throughput screening 
scenarios, especially when working with well-characterized compounds and large 
datasets. Their speed and cost-efficiency make them invaluable in early-stage evalu-
ations (Neves et  al. 2018). When precision and mechanistic insights are required, 
particularly for complex or novel chemical entities, QSAR models may not perform 
as effectively. In data-poor situations, hybrid approaches or alternative methods like 
read-across, where experts draw on prior knowledge to predict the behavior of new 
chemicals, are often more pragmatic and contextually suitable (Shah et  al. 2016). 
Thus, while QSAR offers robust early-stage predictions, alternative methods should 
be preferred, particularly when biological interpretability or nuanced toxicological 
predictions are needed.

Linear QSAR A linear QSAR model represents the relationship between the 
structural features of compounds and their biological activity through a linear equa-
tion. The equation usually takes the form:

where y represents the predicted toxicity endpoint (measured on a continuous scale), 
x1,… xM are the molecular descriptors, �i is the regression coefficient related to the 
i-th molecular descriptor and �0 is the intercept term. Linear QSAR models assume 
a direct proportionality between changes in molecular descriptors and biological 
activity, where the coefficients �i are estimated from a training set of compounds 
with known toxicities. Once developed, linear models can predict the activity or tox-
icity of new compounds with similar structural features.

For example, the Potts and Guy model (Potts and Guy 1992) is a linear QSAR 
used to predict the percutaneous flux of pharmacological compounds. It estimates 
the permeability coefficient through the skin by incorporating molecular descrip-
tors such as molecular weight and lipophilicity. It is implemented by numerous in 
Silico software packages, such as IHSkinPerm, VERMEER Cosmolife (formerly 
SpheraCosmolife Selvestrel et al. 2021) and the Dermwin program of the US EPA’s 
EPISuite software.

Linear QSAR models offer significant advantages, particularly in their simplicity 
and interpretability. When these models perform well, they provide a set of predicted 
values and clear insights into structure-activity relationships in the dataset, making 
them valuable tools for researchers. Naturally, a critical point of view arises when 
considering that some studies based on linear QSAR often rely solely on regression 
coefficients to draw broad conclusions (Guha 2008). This tendency can oversim-
plify the complexities inherent in the data, potentially overlooking nuanced relation-
ships. Therefore, while linear QSAR models can be very effective, it is essential to 
approach their findings with due caution and avoid overgeneralization.

Non-linear QSAR Non-linear QSAR methods, with their ability to explore 
non-linear relationships between the structural features of compounds and their 

(1)y = �0 +

M
∑

i=1

�ixi
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biological responses, offer a powerful tool. Their adaptability, particularly advan-
tageous for large datasets, allows for the identification of complex relationships 
between chemical structures and biological activities. However, it’s important 
to note that for smaller datasets, these methods may be susceptible to overfitting 
(Hewitt et al. 2009). This occurs when the model captures noise in the data rather 
than actual underlying relationships and hence has bad performance on new data-
sets. Furthermore, concerns have also been raised regarding the need for more inter-
pretability of such models (Worth et al. 2011).

The IRFMN/JRC model, implemented in VEGA, represents one of the non-linear 
QSAR approaches for the prediction of skin sensitization. The model uses a deci-
sion tree algorithm to classify chemical compounds as sensitizers or non-sensitizers, 
based on their structural features and physicochemical properties. By recursive par-
titioning of the data, it identifies informative patterns and relationships that effec-
tively distinguish between the two categories. Each node of the algorithm represents 
a molecular descriptor, and each branch embodies a decision rule based on the value 
of that descriptor. Another commonly used non-linear model is the random forest 
(RF), an ensemble method that combines multiple decision trees to improve their 
accuracy and robustness. STopTox (Borba et al. 2022) is an in Silico tool that imple-
ments this approach, providing a user-friendly interface for researchers to apply the 
random forest algorithm to their datasets. Artificial neural networks (ANNs) also 
play an important role in in Silico modelling. They consist of interconnected nodes, 
or neurons, organised into layers. Through iterative training, they learn to map input 
data to output predictions and are adept at capturing complex patterns. For exam-
ple, Hirota et al. (2018) developed an ANN model for the risk assessment of skin 
sensitisation.

Non-linear QSAR models vary significantly in interpretability. Decision trees, 
for example, offer a clear and intuitive representation of decision-making processes. 
They create a tree-like structure that allows users to easily trace the path from input 
features to the final prediction. This transparency makes it straightforward to under-
stand how specific characteristics of a compound influence its classification. In con-
trast, other non-linear methods, such as RF and ANNs, offer significantly less inter-
pretability (Luechtefeld et al. 2018). In RF, individual decision paths are obscured, 
making it difficult to identify which features contribute the most to the final out-
put. Similarly, ANNs have a "black box" nature that complicates the interpretation 
of the decision-making process. The intricate interactions between nodes and the 
non-linear transformations applied to the data can hide the model’s inner workings, 
hindering efforts to explain how specific input variables lead to certain predictions. 
However, it is noteworthy that several recent advancements have been reported to 
improve the interpretability of these complex models, offering new ways to better 
understand how predictions are generated (Ribeiro et al. 2016; Rioux et al. 2023).

4.3.1.2 Rule-based approaches
Rule-based methods, unlike statistical models, rely on established rules and 

expert-derived knowledge to predict safety endpoints. They are based on the under-
standing that toxicity data and chemical structures can be analyzed to identify recur-
ring patterns and establish rules that correlate specific structural features, known as 
structural alerts (SAs), with toxicological effects. These rules, typically expressed as 
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if-then statements, are a product of human expertise and provide a simple and acces-
sible way to interpret and implement toxicity prediction models (Raies and Bajic 
2016). A variety of commercial (SaferSkin, HazardExpert) and freely available tools 
(OECD QSAR Toolbox, VEGA, Toxtree, ToxAlerts, OSIRIS Property Explorer) 
are accessible for virtual screening of structural features that may lead to toxicity. 
Tox-tree, a notable example of the latter category, employs a set of structural rules 
curated by experts from industry, academia, and government to provide a qualitative 
assessment of the likelihood that a compound will exhibit toxicity across various 
endpoints (Gleeson et al. 2012) as depicted in Fig. 2.

Rule-based methods are the best choice in cases where toxicological mechanisms 
are complex or poorly understood. Additionally, they can enhance other modelling 
techniques by offering context-specific understanding of chemical toxicity. How-
ever, despite their advantages, these approaches have several limitations. Firstly, 
they rely solely on binary features, categorising chemical structures as either present 
or absent, without considering variations in concentration or structural complexity. 
Moreover, they are restricted to qualitative endpoints and cannot provide insight into 
the underlying biological pathways of toxicity (Raies and Bajic 2016). One of the 
significant drawbacks is their potential incompleteness. The list of predefined SAs 
and associated rules may not cover all toxicological mechanisms, resulting in a high 
risk of false negatives (Venkatapathy and Wang 2013; Milan et al. 2011; Roncagli-
oni et  al. 2013). This means that certain toxic chemicals may be misclassified as 
non-toxic if they do not match any of the existing rules. To enhance the predictive 
accuracy and reliability of these models, it is crucial to ensure that the list of SAs 
and rules is comprehensive and refined as more experimental data becomes avail-
able. Therefore, this approach is most effective when qualitative screening is suffi-
cient. For broader applications requiring deeper mechanistic insights, methods such 
as QSAR or read-across may provide a more comprehensive understanding (Cronin 
and Madden 2010).

To address the limitations of Human-Based Rules (HBRs), which rely on pre-
defined expert knowledge that may be incomplete or difficult to update, Induction-
Based Rules (IBRs) offer a data-driven alternative (Valerio Jr 2009; Venkatapathy 
and Wang 2013). IBRs generate rules computationally from large datasets, identi-
fying patterns between chemical structures and toxicity endpoints that may escape 
human detection (Valerio Jr 2009; Lepailleur et al. 2013). This also allows for the 
development of hybrid rule systems that may combine the strengths of both HBRs 
and IBRs, offering broader coverage and adaptability in toxicity predictions (Ven-
katapathy and Wang 2013). In addition, deep learning algorithms could assist in 
identifying new structural alerts by guiding decisions and suggesting patterns, mov-
ing toward an AI-assisted approach in toxicity prediction (Goh et al. 2017).

4.3.1.3 Read-across methods
In the field of in Silico toxicology, read-across (RAx) is a frequently used 

approach for predicting endpoint information by utilizing available data on the 
same endpoint of related substances (Patlewicz et  al. 2013; OECD 2014; Schultz 
et al. 2015). This involves evaluating the toxic potential of molecules based on their 
similarity. Similarity is typically computed using fingerprints, which represent mol-
ecules as bit strings defining their fragments, atom paths, or pharmacophoric points. 



From animal testing to in Silico models: a systematic review…

Metrics such as Tanimoto or Tversky coefficients and the Euclidean distance are 
commonly used to assess the similarity between molecules (Leach 2001). However, 
it is important to note that even highly similar molecules may not exhibit similar 
activity levels. This is because minor structural differences can lead to significant 
variations in response to a particular process or activity at a specific receptor (Was-
sermann and Bajorath 2010). Hence, the suitability of the general similarity concept 
for predicting toxicity must be assessed on a case-by-case basis, considering both the 
toxicity endpoint and the molecular series being studied (Gleeson et al. 2012). An 
example of a read-across tool has been implemented in VEGA (Enoch et al. 2008). 
The tool is designed to assess the skin sensitization potential of alkenes, a group 
of chemicals known for undergoing a specific chemical reaction, called Michael 
addition. It relies on a database of similar substances tested for skin sensitization to 
gauge the strength of this reaction. VEGA compares a property called electrophilic-
ity among these chemicals. When evaluating a new chemical, the model estimates its 
skin sensitization potential by comparing its electrophilicity to those in the database.

RAx, with its several advantages, including its ease of interpretation and imple-
mentation, is a method that can be readily adopted in the field of in Silico toxicol-
ogy (Enoch 2010). RAx can model quantitative and qualitative toxicity end-points, 
accommodating various descriptors (Dimitrov and Mekenyan 2010). This adaptabil-
ity makes it a powerful tool for toxicity prediction.

For example, Enoch et al. (2008) demonstrated a quantitative approach to RAx, 
extending its application within a known mechanism of action. One key strength of 
RAx is that it requires minimal data, with only a few high-similarity compounds 
needed to extrapolate activity. However, finding the correct type of high-similarity 
data can be particularly challenging, especially for novel structural classes, which 
may limit its applicability in some cases (Hemmerich and Ecker 2020). However, 
there are also limitations. Statistical similarity measures allow for comparisons 
between chemicals, but they do not provide direct biological insight into the toxic-
ity mechanisms. Moreover, complex similarity measures can make model interpre-
tation difficult, potentially complicating the understanding of predictive outcomes 
(Dimitrov and Mekenyan 2010). Dimitrov and Mekenyan (2010). Conflicting toxic-
ity profiles or insufficient availability of similar compounds may also compromise 
the validity of read-across methods (Modi et  al. 2012). In such cases, the QSAR 
approach offers a viable alternative, especially when a large data set is available and 
a quantitative evaluation is needed (Enoch 2010; Modi et  al. 2012; Venkatapathy 
and Wang 2013; Jeliazkova et al. 2010).

Several studies propose workflows for conducting a proper read-across study. 
Patlewicz et al. (2013) suggest a stepwise approach that includes identifying poten-
tial analogues, collecting and evaluating data, and comparing physicochemical 
properties and toxicokinetics to ensure reliable predictions. Schultz et  al. (2015) 
emphasize the importance of chemical category membership, bioavailability, and 
mechanistic plausibility to justify read-across predictions for regulatory purposes. 
Additionally, hybrid approaches that integrate RAx are common. For instance, Modi 
et  al. (2012) present a method combining data-mining, QSAR, and read-across, 
where QSAR serves as a final step when no toxicological data on analogues is 
available.



	 T. G. Vasiljev et al.

4.3.1.4 Hybrid models
Hybrid in Silico models combine two or more of the above-mentioned com-

ponents to improve prediction accuracy and the applicability of computational 
methods (Wilm et al. 2018). They combine elements such as QSAR, rule-based 
approaches, and read-across. For instance, the OECD QSAR Toolbox combines 
rule-based profilers with RAx to identify appropriate analogs or construct chemi-
cal categories. This is achieved by utilizing experimental data on various end-
points for a wide range of substances. Another hybrid approach for predicting 
skin sensitization potency, exemplified by CADRE-SS (Kostal and Voutchkova-
Kostal 2016), integrates a linear QSAR method with expert-curated rules. This 
model is a three-class categorical hybrid that describes various stages of the 
sensitization process. It incorporates predictions from Monte Carlo simulations, 
rule-based assignment of reaction domains, and chemical reactivity calculations 
based on physicochemical and quantum mechanical descriptors.

Hybrid methods can also integrate machine learning algorithms. For example, 
Luechtefeld et al. (2018) developed an approach that predicts the skin sensitiza-
tion potential of compounds by combining fingerprint similarity analysis with RF. 
It considers dependencies between 19 different endpoints and uses an RF algo-
rithm for prediction, it can handle missing data (enhancing its applicability in var-
ious scenarios) and is accessible through the proprietary platform REACHAcross 
(https://www.ulreachacross.com). REACHAcross is a web-based, automated 
read-across QSAR tool that combines several public databases. In March 2017, 
its underlying dataset included more than 70 million structures, 300,000 of which 
contained biological data and 20,000 linked to animal data. Luechtefeld et  al. 
(2018) assessed the predictive capacity for acute and topical endpoints using 
leave-one-out cross-validation, revealing that more than 80% of toxic chemicals 
were correctly identified (sensitivity= 80 ), with specificities (ability to detect true 
non-toxic molecules) ranging from 54% to 71%.

Integrating read-across and QSAR principles significantly enhances the inter-
pretability of model predictions and provides a clear framework for understand-
ing the relationships between structurally similar compounds (Luechtefeld et al. 
2016). This synergy allows for more intuitive insight into how chemical struc-
tures influence biological activity, making it easier for researchers to identify 
potential toxicants. However, it is essential to remain vigilant, as this integration 
can sometimes lead to oversimplified conclusions if the intricate complexities of 
chemical interactions are not fully explored (Luechtefeld et al. 2018).

While hybrid models offer valuable advantages, they also present challenges 
due to the complexities of interpreting their results. For instance, correlations 
between predictions from different components may not necessarily indicate high 
reliability. Misinterpretation can occur when overlapping training data or shared 
modeling methods create a false impression of agreement (Rorije et  al. 2013; 
Fitzpatrick et al. 2018). Nonetheless, hybrid models have emerged as promising 
first-tier screening tools for various endpoints in toxicological assessments, bal-
ancing the need for interpretability with the intricacies of chemical interactions 
(Kostal and Voutchkova-Kostal 2016).
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4.3.2 � Molecular Docking

Molecular docking, an in Silico tool widely used in cosmetic research, plays a cru-
cial role in evaluating the efficacy of skincare products, particularly cosmeceuti-
cals - formulations that bridge the gap between cosmetics and pharmaceuticals by 
containing active ingredients with proven therapeutic effects. This methodology 
predicts the optimal binding conformation between one molecule (the ligand) and 
another (the target). In cosmetic formulations, the ligand represents the active ingre-
dient, while the target represents the skin protein with which it interacts. Docking 
involves a sophisticated combination of computational techniques, including sam-
pling algorithms, such as genetic algorithms, which generate different orientations 
of the ligand-target complex. Such orientations are then evaluated using scoring 
functions to select the most stable binding configurations, and to allow research-
ers to screen and optimise candidate compounds for their ability to modulate skin 
processes effectively. For example, Ledwoń et al. (2023) investigated the potential 
of novel thiosemicarbazone (TSC)-peptide conjugates as inhibitors of skin pigmen-
tation enzymes using Discovery Studio Visualizer software, revealing promising 
tyrosinase inhibitors for skin whitening in cosmeceutical applications. Similarly, 
Masjedi and Solhjoo (2022) investigated the potential of fenugreek seed-derived 
trigonelline with the software AutoDock, while (Budama-Kilinc et al. 2022) utilized 
molecular docking to explore chlorogenic acid’s potential as a tyrosinase inhibitor 
for hyperpigmentation treatment, further supporting its use in cosmetic applications.

Molecular docking is also widely used to predict the efficacy of bioactive com-
pounds, particularly in evaluating their potential as anti-aging agents. For exam-
ple, Nurkolis et al. (2023) applied molecular docking to assess various compounds’ 
effectiveness in promoting skin regeneration, offering valuable insights into anti-
aging therapies. Similarly, Nutho and Tungmunnithum (2024) underscores the 
potential of flavonoids extracted from Asian water lily to inhibit key skin aging 
enzymes, including collagenase, elastase, and tyrosinase. These studies highlight 
the utility of molecular coupling to accelerate the discovery and optimization of 
cosmetic ingredients, providing a cost-effective and time-efficient approach to the 
development of skincare products.

One of the primary advantages of this in Silico technique is its ability to generate 
leads rapidly by predicting how small molecules will interact with biological targets. 
The lock-and-key model, a foundational concept in molecular docking, has demon-
strated considerable success in identifying potential drug candidates across various bio-
logical systems. Gschwend et al. (1996) indicate that, when applied to enzymes, this 
technique achieves hit rates in the micromolar range of 2% and 20%, demonstrating its 
effectiveness in generating selective leads. However, the application of molecular dock-
ing has its challenges. Incomplete molecular structures and inherent shortcomings limit 
current methods in scoring functions, which hinder their accuracy in predicting binding 
affinities (Fan et al. 2019). These limitations arise from the oversimplification of inter-
actions and the reliance on static models that do not account for the dynamic nature of 
molecular interactions. The flexibility of both the ligand and the target enzyme is only 
sometimes accurately captured, leading to potential errors in predicting the most stable 
binding conformation. This issue is particularly critical in Su et al. (2024), a study on 
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skin-lightening compounds where the focus is on developing tyrosinase inhibitors and 
precise binding interactions are crucial for efficacy.

Comprehensive biological data may be integrated into the scoring functions to 
provide a more nuanced understanding of binding interactions and improve accuracy 
(Enyedy and Egan 2008). Additionally, combining molecular docking with other com-
putational methods, such as molecular dynamics (MD) simulations, can provide a more 
detailed and dynamic view of the binding process. MD simulations are a computational 
technique that is used to model the physical movements of atoms and molecules over 
time, offering a more realistic representation of molecular systems than static models. 
For instance, Nutho and Tungmunnithum (2023) combined in Vitro enzymatic assays 
with molecular docking and MD simulations. Their findings demonstrated that these 
flavonoids exhibited strong inhibitory potential and favorable skin permeability, which 
made them promising candidates for anti-aging cosmeceutical applications.

In addition, redocking is a validation technique that is often employed to enhance 
the accuracy of traditional docking methods. It involves removing a known ligand 
from its binding site and then redocking it to assess the performance of the docking 
algorithm. This process helps verify the consistency of the docking predictions and 
bolsters confidence in the reliability of the results. For example, in Su et al. (2024), 
a multidimensional molecular screening strategy that included redocking and MD 
simulations significantly improved the accuracy of identifying effective tyrosinase 
inhibitors.

In summary, while molecular docking is a powerful tool in the initial stages of 
drug and cosmetic development, its limitations must be addressed through inte-
grated computational approaches and enhanced data utilization to improve accuracy 
and reliability.

5 � Limitations

One limitation of this systematic review is that we relied on PubMed as the data-
base for our search. While PubMed is a comprehensive resource for biomedical 
and life sciences literature, using a single database may have resulted in the omis-
sion of related studies indexed in other databases. Additionally, the search results 
are strongly dependent on the specific keywords used in the search strategy. Our 
keyword selection was focused on cosmetic safety and efficacy assessment, which 
means that studies outside of this defined scope were not included, potentially limit-
ing the generalizability of our findings to broader safety assessment methodologies. 
Future reviews might consider expanding the database sources and broadening the 
keyword selection to encompass a wider domain.

6 � Conclusion: practice, policy and future research implications

In the realm of cosmetics, ensuring safety is of utmost importance and requires 
thorough evaluation prior to product launch. Regulatory frameworks govern-
ing cosmetics exhibit significant variation across different regions. In the United 
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States, the Food and Drug Administration (FDA) oversees cosmetic safety under 
the Federal Food, Drug, and Cosmetic Act, while in Asia, regulatory bodies such 
as the State Administration for Market Regulation (SAMR) in China and the 
Dubai Municipality in the United Arab Emirates hold sway. Within the European 
Union (EU), Regulation (EC) No 1223/2009 sets out strict guidelines for the mar-
keting of cosmetic products, and similar procedures are in place in countries such 
as the UK, Australia, Canada, and various Asian countries. Thus, understanding 
and adhering to the specific regulations of the target market is of utmost impor-
tance for cosmetic manufacturers (Ferreira et al. 2022).

We have reviewed the entire spectra of statistical methods for cosmetic assess-
ment to guide researchers and practitioners in selecting the appropriate approach 
according to the research question. We briefly described the inherent nature of 
each approach, and we discussed their advantages and limitations to support 
informed decision-making in cosmetic research.

As the cosmetics industry embraces innovation, statistical and in Silico meth-
odologies are increasingly integrated into safety and efficacy evaluations. These 
theoretical approaches offer multiple advantages, mainly reducing animal test-
ing, and also improving the efficiency of product evaluation and aligning with the 
overarching goal of minimizing traditional testing methods (Silva and Tamburic 
2022).

The evolution of in Silico toxicology has been marked by significant advance-
ments, using expansive databases, sophisticated models and algorithms, and vari-
ous computational techniques. This progress has led to various in Silico methods 
covering a wide range of chemicals and toxicological endpoints. Such models are 
ultimately simulations of reality, and accurately reflecting the intricate physiological 
processes that lead to toxicity remains a major challenge (Kimber et al. 2011). Con-
fidence in these models can be significantly improved when used alongside other 
critical information - such as their limitations, applicability domains, as well as data 
on metabolites and exposure - creating a more comprehensive framework for risk 
assessment (Stouch et al. 2003).

In a rapid overview, we have seen that when applying QSAR, it is essential to 
define the applicability domain. Linear models offer simplicity and interpretability, 
while non-linear models can reveal more intricate relationships but often lack trans-
parency. Rule-based methods aid qualitative screening, and IBRs complement HBRs 
with AI-assisted structural alerts. Read-across approaches are easy to interpret and 
work well in integrated workflows. Hybrid models provide effective first-tier screen-
ing tools. Molecular coupling predicts molecular interactions rapidly, and the inte-
gration of biological data into scoring functions enhances accuracy.

To enhance the reliability of in Silico predictions, it is essential to improve the 
quality, standardization, and accessibility of datasets.

First, ensuring high data quality is fundamental for computational toxicology 
models (Cherkasov et al. 2014). AI-driven predictive methods are particularly sen-
sitive to inconsistencies in data annotation, duplication, and poor reproducibility, 
which can lead to misleading results and inflated performance metrics. Rigorous 
data curation is essential to mitigate these risks and enhance model accuracy (Alves 
et al. 2021).
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Second, the lack of broadly accepted standards for data integration and model 
validation presents a major obstacle to the reproducibility and regulatory accept-
ance of in Silico approaches. The heterogeneity of data sources-spanning different 
formats, collection methodologies, and annotation conventions- may complicates 
cross-study comparability and model generalizability. Harmonization efforts, such 
as those initiated by EU-STANDS4PM, highlight the necessity of establishing com-
mon frameworks to facilitate the interpretability of computational models in toxicol-
ogy and biomedical research (Brunak et al. 2020).

Finally, accessibility remains a key factor in improving the robustness of in Silico 
assessments. Curated, publicly available repositories would not only enhance valida-
tion efforts but also encourage broader collaboration within the scientific community. 
At the same time, increasing data sharing initiatives will require the implementation of 
privacy-preserving techniques to address privacy concerns (Luechtefeld et al. 2018).

Overcoming these challenges can make in Silico methods more reliable, repro-
ducible and acceptable in toxicology.

As data continues to grow in volume and complexity, integrating machine learning 
into in Silico approaches transforms chemical hazard assessment and offers robust and 
reliable alternatives to conventional methods (Luechtefeld et al. 2018). However, the 
complexity of these models often results in a "black-box" nature, posing challenges for 
transparency and interpretability (Guha 2008). To address transparency, standardized 
reporting guidelines that clearly document model architectures, training procedures, 
and evaluation metrics should be developed (Togo et al. 2022). Additionally, prioritiz-
ing interpretability in computational models remains crucial. Hybrid approaches that 
balance predictive accuracy with transparency could provide a viable path forward, 
ensuring both performance and regulatory acceptance.

A key limitation in current in Silico models is their reliance on animal-derived 
or limited human datasets. This scarcity results in restricted structural diversity 
and a small pool of available data; in such cases, the creation of a robust predic-
tive model is severely hampered (Cherkasov et al. 2014). To address this issue, data 
augmentation methods are being explored (Papadopoulos and Karalis 2023). These 
approaches can partially overcome the limitations of small clinical studies.

To date, most published in Silico models have focused on classifying chemicals 
as safe or unsafe, which limits their applicability, particularly for weak or moderately 
unsafe substances in commercial products. Introducing multi-class models that distin-
guish between mild, moderate, and severe toxic compounds would broaden their prac-
tical applications. This enhancement is particularly crucial for products like rinse-off 
cosmetics, which remain on the skin surface for a brief period (Ta et al. 2021).

Additionally, to ensure the safety of cosmetics, an urgent need exists for 
data-driven approaches to aggregate/mixture exposure assessment that closely 
reflects real-world scenarios. Unlike individual chemicals, mixtures can exhibit 
complex, non-additive toxicity profiles, leading to synergistic or antagonistic 
effects. These interactions significantly complicate the assessment process. In 
this context, Kar and Leszczynski (2019) demonstrated the effective application 
of in Silico tools for predicting the toxicity of chemical mixtures, highlighting 
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the potential of computational methods to enhance safety evaluations in cos-
metic formulations.

Looking ahead, while in Silico methods show promise for specific toxicologi-
cal endpoints such as skin sensitization and genotoxicity, there remain gaps in their 
applicability, particularly for endpoints like repeated dose toxicity and reproductive 
toxicity. This underscores the ongoing necessity for further research and develop-
ment in this field to enhance its regulatory utility and efficacy.

The landscape of efficacy assessment in cosmetics presents unique challenges, 
particularly in the realm of cosmeceuticals - topical preparations that, while sold 
as cosmetics, exhibit characteristics akin to pharmaceutical action. Dr. Kligman, 
who coined the term during his pivotal experimentation with the anti-aging effects 
of tretinoin, emphasized this dual nature (Kligman 2005). Despite the well-defined 
regulatory frameworks that ensure the safety of cosmetics through established tox-
icity endpoints, efficacy claims often do not undergo the same rigorous scrutiny. 
This gap highlights the importance of in Silico techniques like molecular docking, 
which has emerged as a key method in evaluating the pharmaceutical potential of 
cosmeceuticals.

Molecular docking, in particular, allows researchers to explore and predict the 
interactions between bioactive compounds and skin proteins. By optimizing the 
binding affinity of these molecules, the method enhances both the stability and over-
all efficacy of cosmeceutical formulations. In the context of anti-aging, docking 
studies have proven instrumental in assessing the potential of compounds to inhibit 
key enzymes like collagenase, elastase, and tyrosinase, which are involved in skin 
aging. This approach offers a modern, data-driven pathway to evaluate and sub-
stantiate efficacy claims, ensuring that cosmeceutical products deliver measurable 
results alongside their cosmetic appeal.

In conclusion, we have seen in Silico methods provide valuable tools for cosmetic 
safety and efficacy assessment, although their optimal utilization requires an inte-
grated, multidisciplinary approach. Future advances are expected to be driven by 
innovations in in Vitro and sensory technologies, Machine Learning (ML), and per-
sonalized product development. A key priority will be leveraging ML to develop 
more tailored cosmetic formulations, ensuring products align with individual skin 
profiles and sensitivities. At the same time, enhancing algorithm transparency and 
refining regulatory frameworks will be essential to ensure compliance, safety, and 
public trust. Ethical considerations, including data privacy and responsible decision-
making, must also be addressed to foster acceptance and reliability in ML-driven 
assessments (Mirakhori and Niazi 2025). Establishing standardized datasets and 
harmonizing international regulations will play a crucial role in shaping a more rig-
orous and globally accepted framework for cosmetic testing.

7 � Registration and protocol

The protocol for this systematic review was prospectively registered on PROSPERO 
with registration number CRD420251029213. No amendments were made to the 
information provided at the time of registration.
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