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1 In a nutshell

Apellis (https://apellis.jaqpot.org), is a web-application developed using R and shiny package,
based on the related Matlab code that can be found in GitHub (https://github.com/DemetraDanae/
optimized-read-across). You can find and pull the Apellis docker image here: https://hub.docker.com/
r/demetradanae/apellis.
Through Apellis users can train a predictive model, download it and use it in order to acquire predictions of
a toxicity endpoint (numerical/categorical) of interest for a set of engineered nanomaterials (ENMs). Apellis
incorporates the concepts of grouping, read-across[1] and optimization through Genetic Algorithms (GA). The
application consists of two main tabs for model development using one or two similarity criteria respectively. Each
of the model development tabs consists of sub-tabs for training and use of the model:
Read-across training In this part, the users can train a toxicity-predictive model through a GA workflow described

by Varsou et al.(2019).[2] An external validation approach is used to test the proposed read-across method-
ology, by dividing the full dataset into training and test subsets. This data partitioning can be achieved
either by applying a random partition or a partition method (e.g. Kennard-Stone).[3] The training set is used
in the GA workflow and determines the optimal set of descriptors and threshold(s) values. Using read-across
technique a table that contains all test ENMs with a successful prediction for the toxicity index is presented,
a diagram of test ENMs with their neighbors, as well as diagrams and tables containing information for the
optimized parameters and model’s accuracy.

• Required specifications: This tab contains a series of operational parameters concerning the evolutionary
process and the objective function, that should be tuned by the users.

• Probabilities: This tab contains all the necessary probability values that should be tuned for the
evolutionary process.

Obtain predictions In this part, the users can either use the trained model from the previous part right after
its development, or they can upload and use a model that was trained and saved anytime, for the toxicity
prediction of a set of ENMs with unknown toxicity index. After prediction process a table containing the
predicted toxicity value for all the unknown ENMs is presented along with the ENMs neighbor diagram.

For more information please refer to the relevant publication: Varsou, Dimitra-Danai, and Haralambos Sarimveis.
”Apellis: An online tool for read-across model development.” Computational Toxicology 17 (2021): 100146.

1.1 About Apelles

Apelles (pronounced Apellís) was a renowned painter of ancient Greece. Apelles was probably born at Colophon
in Ionia and prospered during the 112th Olympiad (332–329 BC). Apelles allowed the superiority of some of
his contemporaries: his portraits were exceptionally realistic, he was praised for his ingenuity and grace and, the
simplicity and completeness of his works were remarkable. Apelles’ paintings include: Alexander the Great wielding
a thunderbolt, Aphrodite Anadyomene, the Calumny etc. Several Italian Renaissance painters were inspired by
him and repeated his subjects however, none of his paintings have survived to this day.

2 Background methodology

Apellis is based in a novel read-across methodology for the prediction of toxicity related endpoints of ENMs.
This method lies in the interface between the two main read-across approaches, namely the analogue and the
grouping methods, and can employ a single or multiple criteria for defining similarities among ENMs. Based on
the formulation and the solution of a mathematical optimization problem, the method searches over a space of
alternative grouping hypotheses[1], and determines the one providing the most accurate read-across predictions.
For the solution of this problem, an innovative GA was developed.
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Figure 1: A schematic representation of the proposed read-across approach using the selected variables for determining the neighbors
in the multi-dimensional space and for obtaining the final read-across prediction. The optimal threshold value defines a circle around
a reference ENM (red particle) and ENMs inside the circle are considered as neighbors (blue particles) whereas the rest ENMs do not
belong to the reference ENM neighborhood and are not involved in the read-across prediction. In case of two different thresholds, two
circles are defined around each reference ENM and as neighbors are considered only the particles that fall in the inner circle.

In brief, the toxicity endpoint prediction of a target ENM can be performed using the weighted average of the
corresponding values of ”neighboring” ENMs, i.e. neighboring ENMs of every target ENM are selected by calcu-
lating pairwise similarity measures with all available ENMs and by excluding those ENMs for which the similarity
measure do not fulfill a predefined threshold. The proposed workflow assumes that a complete dataset is available,
i.e. a set of ENMs for which the toxicity endpoint values are known.
If two types of descriptors are available (e.g. physicochemical and biological), similarity measures are calculated
between all ENMs separately for the available physicochemical and biological data. For each ENM in the available
set, the ENMs for which both similarity measures satisfy the predefined corresponding thresholds, are selected as
neighbors. Therefore, in order to characterize two ENMs as similar they need to satisfy both physicochemical
and biological similarity criteria. The advantage of this approach is that considers explicitly the multi-perspective
characterization of ENMs, by defining multiple thresholds relative to different similarity criteria and ensuring that
two ENMs are considered as neighbors only if they satisfy all similarity requirements.
A schematic representation of how the read-across prediction is computed is depicted in Fig.1.
The development of GAs is ”bio-inspired” from the principles of species evolution, and is based on the concept that
living organisms are examples of successful optimization. The operational parameters of the GAs are summarised
next and are directly linked to the biological processes of selection, crossover and mutation of genes:

• Potential solution (chromosome): The chromosome contains a sequence of genes with a length equal to the
total number of variables.

• Group of potential solutions (population): A group of chromosomes (an even number).
• Iterations (generations): A number of cycles of selection, crossover and mutation between the potential

solutions, leading to an optimal solution.
• Fitness evaluation (selection): A process of selection of chromosomes based on their calculated fitness. The

reproduction of the fittest chromosomes in the next generation must be assured.
• Combination of two potential solutions (crossover): Reproduction operator is employed to exchange genes

between two chromosomes, in a random point of crossover.
• Alteration of a potential solution (mutation): A process of alteration of the crossovered chromosomes.

According to a predefined probability value, the procedure inverts the value of each gene: 0 becomes 1 and
vice versa (uniform mutation).

• Ensuring desirable evolution (elitism): During the creation of a new population with different biological
processes, there is a chance of losing the chromosome with the highest score. This method forces the best
chromosome to be included in the new population.
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• Optimal solution (genome): A chromosome containing the combination of genes among the generations
that leads to the optimal solution.

The particular GA developed in this work uses the parameters depicted in Table 1 and is explained next. The
algorithm is schematically described in Fig. 2.

Table 1: Initialization parameters of the GA

Initial parameter Details
nChrom The size of the population, total number of chromosomes

per generation
generations The total number of generations
initGeneProb The probability for a gene to have value 1 initially
crossProb The probability of crossover
mutProb The probability for mutation of each gene (uniform)
nonUnf The mutation probability of the threshold(s) (non-uniform)
thrGA𝑚𝑖𝑛 Lower bound of the threshold(s) value
thrGA𝑚𝑎𝑥 Upper bound of the threshold(s) value
bGA Freezing parameter
predFactor Minimum number of samples with produced prediction

Step I An initial population of chromosomes is created. The structure of the chromosomes is shown in Table
2. The chromosome is actually a vector, whose length is equal to the number of descriptors plus the number of
similarity criteria used for defining neighbors to a target ENM. The threshold(s) are placed in specific positions
in the chromosome representations. This creates hybrid chromosomes containing binary genes for descriptors and
real genes for thresholds. A value of 1 means that the corresponding descriptor is selected for defining the distance
matrix, while a value of 0 means that the descriptor has not been selected. The probability of a binary gene
to be coded as 1 is denoted by initGeneProb. The real genes of the chromosomes contain the threshold values
corresponding to the similarity criteria and their values are selected randomly from the distance matrices of all
samples, considering all variables in each group. In case only one similarity criterion is used, the threshold is placed
in the end of the chromosome, whereas if two criteria are used, the two thresholds are placed at the beginning
and the end of the chromosome (Table 2).

Table 2: Examples of chromosomes with one and two thresholds

1 0 0 1 0 ... 1 1 2.718
2 1.772 1 0 0 ... 0 1 1.618

Step II The fitness of each chromosome of the initial population is then calculated as follows:
• The Euclidean distances between all pairs of ENMs are computed using Eq. 1 for a single similarity criterion

or Eqs. 2-3 for two similarity criteria.

𝑑𝑖𝑠𝑡𝑖,𝑗 =
√√√
⎷

𝐿
∑
ℓ=1

𝑎𝑡𝑡𝑟ℓ (𝑥𝑖,ℓ − 𝑥𝑗,ℓ)
2 , 𝑖 = 1, … , 𝑁𝑡𝑟, 𝑗 = 1, … , 𝑁𝑡𝑟, 𝑖 ≠ 𝑗 (1)

𝑑𝑖𝑠𝑡𝐴𝑖,𝑗 =
√√√
⎷

𝐿𝐴

∑
ℓ=1

𝑎𝑡𝑡𝑟𝐴ℓ (𝑥𝐴𝑖,ℓ − 𝑥𝐴𝑗,ℓ)
2 , 𝑖 = 1, … , 𝑁𝑡𝑟, 𝑗 = 1, … , 𝑁𝑡𝑟, 𝑖 ≠ 𝑗 (2)

𝑑𝑖𝑠𝑡𝐵𝑖,𝑗 =
√√√
⎷

𝐿𝐵

∑
ℓ=1

𝑎𝑡𝑡𝑟𝐵ℓ (𝑥𝐵𝑖,ℓ − 𝑥𝐵𝑗,ℓ)
2 , 𝑖 = 1, … , 𝑁𝑡𝑟, 𝑗 = 1, … , 𝑁𝑡𝑟, 𝑖 ≠ 𝑗 (3)
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Figure 2: Schematic description of the proposed algorithm.
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where, x𝑖 = {𝑥𝑖,1, 𝑥𝑖,2, … 𝑥𝑖,𝐿}, is a vector containing the values of the 𝐿 descriptors for each one of the
𝑁𝑡𝑟 available training ENMs and 𝑎𝑡𝑡𝑟ℓ, is a binary variable indicating if the descriptor ℓ is selected or not,
ℓ = 1, … , 𝐿. Adaptations are made in case that descriptors are grouped into sets 𝐴 and 𝐵 containing 𝐿𝐴
and 𝐿𝐵 descriptors respectively.

• For each ENM, neighbor ENMs are identified as the ones whose distance from the reference ENM is equal
or lower than the threshold value (in case of two similarity criteria both distances should be equal or lower
than the respective thresholds).

• For ENMs without any neighbor, read-across predictions are not possible. The algorithm checks if Eq. 4 is
satisfied, i.e. if ENMs with at least one neighbor are more than 𝑝𝑟𝑒𝑑𝐹𝑎𝑐𝑡𝑜𝑟 multiplied by the total number
𝑁𝑡𝑟 of training ENMs. If yes, the algorithm proceeds with next step. If not, the chromosome is rejected,
and a new chromosome is generated as described in Step I.

𝑁𝑡𝑟

∑
𝑖=1

𝑝𝑟𝑒𝑑𝑖 ≥ 𝑝𝑟𝑒𝑑𝐹𝑎𝑐𝑡𝑜𝑟 ⋅ 𝑁𝑡𝑟 (4)

where, 𝑝𝑟𝑒𝑑𝑖 is a binary variable that becomes equal to 1, when a read-across prediction is achieved for the
𝑖th ENM, and 0, if no prediction is possible. The total number of ENMs with a successful prediction can be
summarized in 𝑁𝑝𝑟𝑒𝑑 = ∑𝑁𝑡𝑟

𝑖=1 𝑝𝑟𝑒𝑑𝑖.
• The read-across predictions for ENMs with at least one neighbor in the training set are computed using Eq.

5 (Eq. 6 for two similarity criteria).

̂𝑦𝑖 =
∑𝑁𝑡𝑟

𝑗=1 𝑦𝑗 ⋅ 𝑛𝑒𝑖𝑏𝑖,𝑗
1+𝑑𝑖𝑠𝑡𝑖,𝑗

∑𝑁𝑡𝑟
𝑗=1

𝑛𝑒𝑖𝑏𝑖,𝑗
1+𝑑𝑖𝑠𝑡𝑖,𝑗

, ∀𝑖 = 1, … , 𝑁𝑝𝑟𝑒𝑑 (5)

̂𝑦𝑖 =
∑𝑁𝑡𝑟

𝑗=1 𝑦𝑗 ⋅ 𝑛𝑒𝑖𝑏𝑖,𝑗
1+𝑑𝑖𝑠𝑡𝐴𝑖,𝑗

∑𝑁𝑡𝑟
𝑗=1

𝑛𝑒𝑖𝑏𝑖,𝑗
1+𝑑𝑖𝑠𝑡𝐴𝑖,𝑗

, ∀𝑖 = 1, … , 𝑁𝑝𝑟𝑒𝑑 (6)

where, ̂𝑦𝑖, is the predicted endpoint value for the 𝑖th training ENM with at least one neighbor, 𝑦𝑗 is the
endpoint value of the 𝑗th training ENM, 𝑛𝑒𝑖𝑏𝑖,𝑗 is a binary variable taking the value of 1 if ENMs 𝑖 and 𝑗
are neighbors and 0 if they are not and, 𝑁𝑡𝑟 is the number of training ENMs.
In case of categorical endpoint-prediction the predicted class is estimated by the distance-weighted majority
vote of the closest training neighbors, assuming the existence of at least one neighbor for each query ENM
(Eq. 7 or Eq. 8 for two similarity criteria).

̂𝑐𝑙𝑎𝑠𝑠𝑖 = arg max
𝑐𝑙𝑎𝑠𝑠

(
𝑁𝑡𝑟

∑
𝑗=1

𝑛𝑒𝑖𝑏𝑖,𝑗
1 + 𝑑𝑖𝑠𝑡𝑖,𝑗

⋅ 𝑐𝑙𝑎𝑠𝑠𝑗), ∀𝑖 = 1, … , 𝑁𝑝𝑟𝑒𝑑 (7)

̂𝑐𝑙𝑎𝑠𝑠𝑖 = arg max
𝑐𝑙𝑎𝑠𝑠

(
𝑁𝑡𝑟

∑
𝑗=1

𝑛𝑒𝑖𝑏𝑖,𝑗
1 + 𝑑𝑖𝑠𝑡Α𝑖,𝑗

⋅ 𝑐𝑙𝑎𝑠𝑠𝑗), ∀𝑖 = 1, … , 𝑁𝑝𝑟𝑒𝑑 (8)

where, ̂𝑐𝑙𝑎𝑠𝑠𝑖 is the predicted categorical endpoint value of the 𝑖th training ENM with at least one neighbor,
𝑐𝑙𝑎𝑠𝑠𝑗 the categorical endpoint value of the 𝑗th training ENM, 𝑛𝑒𝑖𝑏𝑖,𝑗 is a binary variable taking the value
of 1 if ENMs 𝑖 and 𝑗 are neighbors and 0 if they are not, 𝑑𝑖𝑠𝑡𝑖,𝑗 is the Euclidean distance between ENMs 𝑖
and 𝑗 and, 𝑁𝑡𝑟 is the number of training ENMs. All 𝑐𝑙𝑎𝑠𝑠 arguments are of a binary type TRUE/FALSE.
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• The mean squared error (MSE) over all ENMs with at least one neighbor is computed using Eq. 9.

𝑀𝑆𝐸 = 1
𝑁𝑝𝑟𝑒𝑑

𝑁𝑡𝑟

∑
𝑖=1

𝑝𝑟𝑒𝑑𝑖 (𝑦𝑖 − ̂𝑦𝑖)
2 (9)

In case of categorical endpoint-prediction instead of MSE, the Matthews correlation coefficient (MCC) is
calculated according to Eq. 10.

𝑀𝐶𝐶 = 𝑇 𝑃 × 𝑇 𝑁 − 𝐹𝑃 × 𝐹𝑁
√(𝑇 𝑃 + 𝐹𝑃)(𝑇 𝑃 + 𝐹𝑁)(𝑇 𝑁 + 𝐹𝑃)(𝑇 𝑁 + 𝐹𝑁)

(10)

where, 𝑇 𝑃 (true positive) is the frequency of class TRUE ENMs correctly classified as ”TRUE”, 𝑇 𝑁 (true
negative) is the frequency of class FALSE ENMs correctly classified as ”FALSE”, 𝐹𝑃 (false positive - Type
I error) is the frequency of class FALSE ENMs incorrectly classified as ”TRUE” and 𝐹𝑁 (false negative -
Type II error) is the frequency of class TRUE ENMs correctly classified as ”FALSE”.

• The fitness function value of the chromosome is computed by Eq. 14. Score function has two components
the error term (better predictions lead to higher scores) and a regularization term, accompanied by a reg-
ularization factor 𝑤𝑓𝑂𝐹 , that controls the influence of the number of selected variables on the final score.
The error depends on the MSE (Eq. 11) or MCC values (Eq. 12), according to the predicted endpoint
(numerical or categorical respectively).
In case that no neighbors are found for all test ENMs, MSE or MCC cannot be calculated and automatically
error is equal to Inf. In addition for categorical endpoints, when MCC is equal to -1 (total disagreement
between prediction and observation), error is automatically equal to Inf. Infinity in this case is considered
equivalent to a large number.

𝑒𝑟𝑟𝑜𝑟 = {∞ if MSE = NA
𝑀𝑆𝐸 otherwise

(11)

𝑒𝑟𝑟𝑜𝑟 = {∞ if MCC = -1 or MCC = NA
|0.5 − 1/(1 + 𝑀𝐶𝐶)| otherwise

(12)

𝑂𝐹 = 𝑒𝑟𝑟𝑜𝑟 + 𝑤𝑓𝑂𝐹 ⋅
𝐿

∑
ℓ=1

𝑎𝑡𝑡𝑟ℓ (13)

𝑠𝑐𝑜𝑟𝑒 = {0 if 𝑒𝑟𝑟𝑜𝑟 = ∞
1/(𝑂𝐹 + 10−5) if 𝑒𝑟𝑟𝑜𝑟 ≠ ∞ (14)

• The chromosome with the highest (best) calculated fitness is saved for later analysis.
Step III A natural selection process takes place and it is iterated generations times. During each iteration, the
following procedure is repeated nChrom/2 times and in total nChrom are selected that form the new generation.

• In order to assure the reproduction of the fittest chromosomes, a ”roulette wheel” approach is used. The
method selects a pair of chromosomes from the previous population, based on randomly generated numbers
that indicate the ”slots” corresponding to the different chromosomes. The roulette wheel is constructed so
that the size of each slot is proportional to the fitness of the corresponding chromosome. The roulette is
”biased”, thus chromosomes with a reproductive advantage (better fitness scores), have higher probability
to be selected. For each pair of selected chromosomes, the one with the highest score is saved as the
bestParent for later use.

8



• The genetic operators of crossover are applied. According to the crossProb value, it is decided if the
chromosomes are going to exchange strings of genes or not, in a randomly selected point that indicates the
position of crossover.

• The genetic operator of mutation is applied. With probability mutProb, binary genes that corresponds to a
descriptor, invert their value from 0 to 1 and vice versa, while non-uniform mutation is always performed to
the threshold values, according to Eq.15.

𝑡ℎ𝑟𝐺𝐴
𝑛𝑒𝑤 =

⎧{{{
⎨{{{⎩

𝑡ℎ𝑟𝐺𝐴
𝑜𝑙𝑑 + (𝑡ℎ𝑟𝐺𝐴

𝑚𝑎𝑥 − 𝑡ℎ𝑟𝐺𝐴
𝑜𝑙𝑑 ) ⋅ (1 − 𝑟(1−𝑔/𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠)𝑏𝐺𝐴)

if a random digit is 0

𝑡ℎ𝑟𝐺𝐴
𝑜𝑙𝑑 − (𝑡ℎ𝑟𝐺𝐴

𝑜𝑙𝑑 − 𝑡ℎ𝑟𝐺𝐴
𝑚𝑖𝑛) ⋅ (1 − 𝑟(1−𝑔/𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠)𝑏𝐺𝐴)

if a random digit is 1

(15)

In Eq.15, 𝑡ℎ𝑟𝐺𝐴
𝑜𝑙𝑑 is the old threshold value, 𝑡ℎ𝑟𝐺𝐴

𝑛𝑒𝑤 the threshold value that results from the non-uniform
mutation, 𝑡ℎ𝑟𝐺𝐴

𝑚𝑎𝑥 and 𝑡ℎ𝑟𝐺𝐴
𝑚𝑖𝑛 are the upper and the lower bounds of the threshold values, 𝑟 is a random

number between 0 and 1, 𝑔 is the number of the current generation and, 𝑏𝐺𝐴 is a parameter which
determines the degree of dependency on the generation number.
The non-uniform mutation process, searches the space uniformly in the first place avoiding stagnating, and
as the number of iterations approximates the maximum number of generations, convergence is achieved.[4]

• The two new chromosomes are evaluated with the procedure described in Step II and in case a chromosome
does not meet constraint 4, it is replaced by its bestParent.

In case the best chromosome of the previous generation is not included in the new generation, the algorithm places
it in the position of the chromosome with the minimum score, in order to ensure that the chromosome with the
best performance will always survive in the evolutionary procedure.
The best chromosome of the last generation is the result of the algorithm. The selected variables and threshold(s))
corresponding to this chromosome will be used subsequently for read-across predictions of unknown ENMs. For
evaluating the method, all the training examples are passed through step II described above to produce the
read-across predictions.

3 Validation

An external validation scheme [6] is used to test the performance of the produced read-across model in terms of
predicting accurately the endpoint on ENMs that have not been used during the training process. To this end, the
read-across model which is the final outcome of the training evolutionary workflow, is used to compute endpoint
predictions for the ENMs belonging to the test set. These calculations are performed using Eqs. 5 and 7, adapted
for test samples. [2]
For numerical endpoints, the following validation metrics are computed: the 𝑞2

𝑒𝑥𝑡 statistic (Eq. 16) [6], the mean
absolute error (MAE, Eq. 17) and the MSE metric (Eq. 18), which is adapted to the test samples:

𝑞2
𝑒𝑥𝑡 = 1 − ∑𝑁𝑝𝑟𝑒𝑑

𝑖=1 (𝑦𝑖 − 𝑦𝑖)2

∑𝑁𝑝𝑟𝑒𝑑
𝑖=1 (𝑦𝑖 − ̄𝑦𝑡𝑟)2 (16)

𝑀𝐴𝐸 = 1
𝑁𝑝𝑟𝑒𝑑

𝑁𝑡𝑒𝑠𝑡

∑
𝑖=1

|𝑝𝑟𝑒𝑑𝑖 (𝑦𝑖 − ̂𝑦𝑖)| (17)
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𝑀𝑆𝐸 = 1
𝑁𝑝𝑟𝑒𝑑

𝑁𝑡𝑒𝑠𝑡

∑
𝑖=1

𝑝𝑟𝑒𝑑𝑖 (𝑦𝑖 − ̂𝑦𝑖)
2 (18)

where, 𝑦𝑖 and ̂𝑦𝑖 are the actual and predicted endpoint values over the test set,
̄𝑦𝑡𝑟 is the averaged value of the endpoint over the 𝑁𝑡𝑟 training ENMs and,

𝑁𝑡𝑒𝑠𝑡, is the number of ENMs in the test set ,
𝑁𝑝𝑟𝑒𝑑 is the number of test ENMs with 𝑝𝑟𝑒𝑑𝑖 ≠ 0.

In case of categorical endpoints, validation results are displayed in a confusion matrix (Table 3), where 𝑇 𝑃 , 𝑇 𝑁, 𝐹𝑃 , 𝐹𝑁
have been defined in Eq. 10. The proportion of actual TRUE-class ENMs that are correctly classified as “TRUE”
is measured by sensitivity (𝑆𝑛, Eq. 19) and the proportion of actual FALSE-class ENMs that are correctly classified
as “FALSE” is measured by specificity (𝑆𝑝, Eq. 20). The overall success rate is measured by accuracy (𝐴𝑐, Eq .
21).

Table 3: Confusion matrix

Predicted class
TRUE FALSE

Actual TRUE TP FN
class FALSE FP TN

𝑆𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁 (19)

𝑆𝑝 = 𝑇 𝑁
𝑇 𝑁 + 𝐹𝑃 (20)

𝐴𝑐 = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁 (21)

The 𝑀𝐶𝐶 metric is also calculated for the test set, according to the Eq. 10, which is adapted for the test samples.

Instructions

Apellis offers two alternatives for model training depending on the available data. In case that only one type
of descriptors is available Numerical single criterion tab (Class single criterion tab for categorical endpoints)
must be used, whereas in case of two different types of available descriptors Numerical multiple criteria tab
(Class multiple criteria tab for categorical endpoints) should be used however, single criterion tabs can also be
used and all descriptors will be treated as one category. All tabs have similar use, as described in the following
paragraphs. Apellis’ homepage (Fig. 3) includes all the necessary information about its functionality (user guide,
video tutorial, information about maintenance and license).

 It is advised to refresh the app when new datasets are uploaded or different tabs are used.

4 Numerical single criterion

This part (Fig. 4) can be used for training and using a read-across model for the prediction of toxicity endpoints
and other properties of ENMs, when only one type of descriptors is available (or users aspire to treat the descriptors
as one category).
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Figure 3: Apellis’ landing page. From top ribbon users can chose numerical/class single criterion or multiple criteria model development
according to the available data. The landing page includes a summary of the application functionalities and two quick-start guides in
Apellis at a glance box and useful information about its use in Help box. The Status box includes the last update date and the License
box the link towards the license file. In addition, two gifs explain in a few steps how to train and use a read-across model through the
app. Finally, a video tutorial for Apellis’ use and a gif explaining the background methodology are presented in the landing page.
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Figure 4: Numerical single criterion tab. On the right part of the interface the specifications that must be tuned are displayed and in
the main part the training results are going to be displayed.

4.1 Read-across training

In this section training of a read-across model is performed according to the provided dataset and the set of
specifications defined by the user. A sequential workflow, as described previously, is followed in order to find the
optimal hypothesis for the endpoint estimation.
A demo dataset is provided coming from Walkey et al. (2014)[7] for demonstration reasons. The datasets consists
of 84 culture medium incubated gold anionic and cationic nanoparticles (NPs) (diameters of 15, 30 and 60 nm). For
each NP there are available 40 physicochemical descriptors, 129 protein corona fingerprints (biological descriptors)
and additional measurements of its cell association with human A549 cells (in mL/�g(Mg)). The cell association
was transformed into log2 values. The protein corona fingerprints were filtered by Gene Set Variation Analysis and
only 63 were considered as statistically significant proteins.[8]

4.1.1 Specifications

Users must upload one .csv file containing the dataset of interest by clicking on the Browse button in the Upload
a data set field. The file must contain the values of available descriptors (in columns separated by commas ”,”
-otherwise an internal error may occur) and the values of the toxicity index (2nd column), which will be predicted
by the model. In the 1st column the ENMs names should be listed. Missing values cannot be handled by this
approach (Fig. 6). In addition, columns containing the same value in all rows cannot be handled and must be
deleted by the input file. An exemplary input file can be seen in Fig. 5.
The user can select if the provided data should be normalized or not, according to Eq. 22 by clicking on Scaling
of raw data.

𝑐sc = 𝑐in − 𝑚𝑖𝑛
𝑚𝑎𝑥 − 𝑚𝑖𝑛 (22)

where 𝑐in, is the value of the parameter before normalization, 𝑚𝑖𝑛, is the minimum value of the parameter in the

12



Figure 5: An exemplary template file for model training (numerical endpoint). The first column contains the ENMs ID, the second
the endpoint that is going to be predicted, followed by the rest of descriptors in the rest of the columns.

set, 𝑚𝑎𝑥,is the maximum value of the parameter in the set and 𝑐sc, is the normalized value of the parameter.
For validation purposes (formation of training and test sets), users must choose a the partitioning method (Kennard-
Stone or random) and the corresponding training:test ratio. The user must initialize some parameters for the
evolution of the algorithm presented in Table 4.

Table 4: Apellis’ specifications that should be tuned by the users.

Apellis specification Corresponding GA parameter Accepted values
Number of chromosomes nChrom positive even numbers
Number of generations generations positive numbers
Number of training samples with a prediction predFactor 0-1
Weight of selected variables 𝑤𝑓𝑂𝐹 0-1

4.1.2 Probabilities

In continuation the user must tune a series of operational parameters of the GAs (Fig. 7) that are directly linked
to the biological processes of selection, crossover and mutation of genes (Table 5).
Concerning the non-uniform mutation, the lower threshold value is always equal to 0.1, while the upper threshold
value is equal to the mean value of the maximum distances between provided samples.
If a dataset is uploaded or the demo dataset is selected, by pressing the Train button, the model training starts,
according to the described workflow, otherwise the corresponding button remains disabled till all necessary files
are provided. During training a process bar is presented, indicating the number of processed generation.
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Figure 6: Warning message presented when a file with missing values is uploaded.

Table 5: Probabilities that should be tuned by the users.

Apellis specification Corresponding GA parameter Accepted values
Favor variable selection in 1st generation initGeneProb 0-1
Crossover between chromosomes crossProb 0-1
Uniform mutation mutProb 0-1
Non-uniform mutation nonUnf 0-1
Freezing parameter bGA positive numbers

 It is advised not to leave page nor to refresh it during execution, otherwise training maybe interrupted.

4.1.3 Training results

After the completion of training, a scatter plot containing the predicted and the actual values of all ENMs of the
uploaded dataset (training and test sets) is presented. Users can zoom in specific areas of the plot, hover over
the depicted points and compare the actual (experimental) and the predicted endpoint values. The diagram can
be downloaded in .png format.
The experimental and the predicted endpoint values for the test ENMs with a successful prediction, are also
presented in the produced table entitled Experimental vs. predicted endpoint values for the test set. The
prediction values have the same units as the actual values.
In addition, the app produces two tables one containing the selected variables and one containing information
about the trained model (optimized threshold, number of the generation that produced the best solution, the
score calculated over the test set, the total number of test samples with a successful prediction, the total number
of selected variables, the MSE, the mean absolute error (MAE) and the 𝑞2

𝑒𝑥𝑡 statistic). Finally, the app produces
the ENMs’ Neighbors heatmap, where the neighbors of the test ENMs in the training set are depicted. In this
heatmap for each pair of training-test ENMs, a value of 1 (dark color) is allocated if these ENMs are neighbors,
or a value of 0 (light color) is allocated if these ENMs are not neighbors. The neighbors heat map actually gives
a graphical representation of the ENMs grouping.
Users can download all training results by clicking on Download training results in the form of a .zip file,
containing .csv files with the selected variables, the neighbors for the test ENMs, the predictions for the test ENMs
and all necessary statistics and model information.
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Figure 7: Read-across training sub-tab for tuning the probabilities presented in Table 5. The probabilities’ tab is the same in training
using single or multiple criteria.

Users can also name their model by typing in Model title and download the trained model by clicking on Download
model for future use in the following tab (Obtain predictions) without any need for constant training with the
same data. An example of training is presented in Fig. 8.

4.2 Obtain predictions

This section of the application can be used right after the read-across training or after the input of an already
trained model by Apellis (Fig. 9). In that way, the toxicity index of a data set of untested ENMs can be predicted,
when all the descriptors that were used in training are known values.
If a model is already available from a previous training, the users can click on Upload model and import an
adequate model file by clicking on Browse button of the Upload an adequate model file field. When the model
is uploaded a Template input file can be downloaded in order to be filled-in by the users with the necessary
descriptor/variables values that will be used for the endpoint prediction. The necessary variables are also presented,
as well as the endpoint that will be predicted, the model title and the 𝑞2

𝑒𝑥𝑡 statistic from external validation.
This part can be also used right after the training of the model. In that case the Upload model field remains
disabled. The user must upload a .csv file in the application containing the descriptor values for the untested
ENMs dataset, either according to the template file (in case that a model is uploaded) or according to the training
file (omitting the 2nd column). It is necessary to provide values only for the selected descriptors, however the
columns of the non-selected variables must not be deleted; it is advisable to be filed with miscellaneous values.
By clicking on Predict button, the prediction process begins. The analysis produces a table that contains the
predicted value of toxicity index for all the provided ENMs, and the ENMs Neighbors heatmap. All results can
be downloaded in .zip format by clicking on Download prediction results. An example of model use can be
found in Fig. 10.
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Figure 8: Numerical single criterion tab training results.

5 Numerical multiple criteria

This part (Fig. 11) can be used for training and using a read-across model for the prediction of toxicity endpoints
and other properties of ENMs, when two types of descriptors are available (e.g. physicochemical, image, biological,
theoretical etc. descriptors).

5.1 Read-across training

In this section training of a read-across model is performed according to the provided dataset and the set of
specifications defined by the user. The same demo dataset as in Numerical single criterion is provided. [7], [8]

5.1.1 Specifications

Users must upload two .csv files containing the dataset of interest by clicking on the Browse button in the Upload
a data set type 1 or 2 fields. The first file (type 1) must contain the values of available type 1 descriptors (in
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Figure 9: Numerical single criterion tab for model use. This interface is similar for the numerical multiple criteria, class single criterion
and class multiple criteria tabs.

Figure 10: Numerical single criterion tab for model use. In this example an already trained model is uploaded to the app. Its details
can be found in the right side of the interface. The predictions for an artificial dataset of gold NPs are presented on the left side of
the interface.

columns) and the values of the toxicity index (2nd column), which will be predicted by the model. In the 1st
column the ENMs names should be listed. The second file (type 2) must contain the values of available type 2
descriptors (in columns). In the 1st column the ENMs names should be listed in the same order as in the type
1 file. Missing values cannot be handled by this approach. In addition, columns containing the same value in all
rows cannot be handled and must be deleted by the input file. An example of input files can be seen in Fig. 12.
The user can select if the provided data should be normalized or not, according to Eq. 22 by clicking on Scaling
of raw data.
For validation purposes (formation of training and test sets), users must choose a the partitioning method (Kennard-
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Figure 11: Numerical multiple criterion tab. On the right part of the interface the specifications that must be tuned are displayed and
in the main part the training results are going to be displayed.

Stone or random) and the corresponding training:test ratio. The users must initialize some parameters for the
evolution of the algorithm presented in Table 4. Apart from the parameters presented in Table 4, the users must
define the Prediction base; namely the weighting factors type (either calculated from distances computed using
descriptors type 1 either type 2) that will be used in predictions (see Eq. 6).

5.1.2 Probabilities

As explained before, the user must tune a series of operational parameters of the GAs that are directly linked to
the biological processes of selection, crossover and mutation of genes (Table 5).
Concerning the non-uniform mutation, the lower threshold value is always equal to 0.1, while the upper threshold
value is equal to the mean value of the maximum distances between provided samples.
If a dataset is uploaded or the demo dataset is selected, by pressing the Train button, the model training starts,
according to the described workflow, otherwise the corresponding button remains disabled till all necessary files
are provided. During training a process bar is presented, indicating the number of processed generation.

5.1.3 Training results

After the completion of training, a scatter plot containing the predicted and the actual values of all ENMs of the
uploaded dataset (training and test sets) is presented. The diagram can be downloaded in .png format.
The experimental and the predicted endpoint values for the test ENMs with a successful prediction, are also
presented in the produced table entitled Experimental vs. predicted endpoint values for the test set. The
prediction values have the same units as the actual values.
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Figure 12: Two exemplary template files (types 1 and 2) for numerical model training. Type 1 file (left image): The first column
contains the ENMs ID, the second the endpoint that is going to be predicted, followed by the rest of descriptors in the rest of the
columns.Type 2 file (right image): The first column contains the ENMs ID, followed by the rest of descriptors in the rest of the
columns.

In addition, the app produces two tables one containing the selected variables and one containing information
about the trained model. Finally, the app produces the ENMs’ Neighbors heatmap, where the neighbors of the
test ENMs in the training set are depicted.
Users can download all training results by clicking on Download training results in the form of a .zip file,
containing .csv files with the selected variables, the neighbors for the test ENMs, the predictions for the test ENMs
and all necessary statistics and model information.
Users can also name their model by typing in Model title and download the trained model by clicking on Download
model for future use in the following tab (Obtain predictions) without any need for constant training with the
same data. The results are similar to the training results of Numerical Single Criterion tab (Fig. 8).

5.2 Obtain predictions

This section of the application can be used right after the read-across training or after the input of an already
trained model by Apellis. In that way, the toxicity index of a data set of untested ENMs can be predicted, when
all the descriptors that were used in training are known values. The interface for model use is similar to the one
of the Numerical single Criterion (Fig. 9).
If a model is already available from a previous training using Numerical multiple criteria, the users can click on
Upload model and import an adequate model file by clicking on Browse button of the Upload an adequate
model file field. When the model is uploaded a Template input file can be downloaded in order to be filled-in
by the users with the necessary descriptor/variables values that will be used for the endpoint prediction. The
necessary variables are also presented, as well as the endpoint that will be predicted, the model title and the 𝑞2

𝑒𝑥𝑡
statistic from external validation.
This part can be also used right after the training of the model. In that case the Upload model field remains
disabled. The user must upload a .csv file in the application containing the descriptor values for the untested
ENMs dataset, either according to the template file (in case that a model is uploaded) or according to the training
file (omitting the 2nd column). It is necessary to provide values only for the selected descriptors, however the
columns of the non-selected variables must not be deleted; it is advisable to be filed with miscellaneous values.
By clicking on Predict button, the prediction process begins. The analysis produces a table that contains the
predicted value of toxicity index for all the provided ENMs, and the ENMs Neighbors heatmap. All results can
be downloaded in .zip format by clicking on Download prediction results.
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6 Class single criterion

Similarly to numerical endpoints, users can train and use a categorical-endpoint read-across model from the
adequate tabs. The Class single criterion part can be used for training and using a read-across model for the
prediction of toxicity class of ENMs, when only one type of descriptors is available (or users aspire to treat the
descriptors as one category).

6.1 Read-across training

In this section training of a read-across model is performed according to the provided dataset and the set of
specifications defined by the user. The interface is the same as for numerical endpoints training. A demo dataset
is provided coming from Liu et al. (2013) [9] for demonstration reasons. The datasets consists of 23 metal oxide-
cored ENMs. For each ENM there are 24 available descriptors and its toxicity class (TRUE/FALSE) according
to the toxicity profiles consisting of seven different assays for human bronchial epithelial (BEAS-2B) and murine
myeloid (RAW 264.7) cells, over a concentration range of 0.39–100 mg/L and exposure time up to 24 hrs.

6.1.1 Specifications

The Specifications part is similar to the Numerical single criterion part (Fig. 4). Users must upload one .csv file
containing the dataset of interest by clicking on the Browse button in the Upload a data set field. The file must
contain the values of available descriptors (in columns separated by commas ”,”) and the class (TRUE/FALSE) of
the toxicity index (2nd column), which will be predicted by the model. In the 1st column the ENMs names should
be listed. Missing values cannot be handled by this approach. In addition, columns containing the same value in
all rows cannot be handled and must be deleted by the input file. An exemplary input file can be seen in Fig. 13.

Figure 13: An exemplary template file for model training (categorical endpoint). The first column contains the ENMs ID, the second
the class (TRUE/FALSE) that is going to be predicted, followed by the rest of descriptors in the rest of the columns.

Again, the user can select if the provided data should be normalized or not, according to Eq. 22 by clicking
on Scaling of raw data, the partitioning method (Kennard-Stone or random) for external validation and the
corresponding training:test ratio. The user must also initialize some parameters for the evolution of the algorithm
as before (Table 4).
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6.1.2 Probabilities

The operational parameters of the GAsfor the selection, crossover and mutation of genes must also be tuned
(Table 5, Fig. 7).
Concerning the non-uniform mutation, the lower threshold value is always equal to 0.1, while the upper threshold
value is equal to the mean value of the maximum distances between provided samples.
If a dataset is uploaded or the demo dataset is selected, by pressing the Train button, the model training starts,
according to the described workflow, otherwise the corresponding button remains disabled till all necessary files
are provided. During training a process bar is presented, indicating the number of processed generation.

6.1.3 Training results

After the completion of training, a confusion matrix is presented depicting the validation results (TP, TN, FP, FN
frequencies). The experimental and the predicted endpoint values for the test ENMs with a successful prediction,
are also presented in the produced table entitled Experimental vs. predicted endpoint class for the test set.
In addition, the app produces two tables one containing the selected variables and one containing information
about the trained model (optimized threshold, number of the generation that produced the best solution, the
score calculated over the test ENMs, the total number of test samples with a successful prediction, the total
number of selected variables and the accuracy, sensitivity and specificity statistics, and MCC). Finally, the app
produces the ENMs’ Neighbors heatmap, where the neighbors of the test ENMs in the training set are depicted.
In this heatmap for each pair of training-test ENMs, a value of 1 (dark color) is allocated if these ENMs are
neighbors, or a value of 0 (light color) is allocated if these ENMs are not neighbors.
Users can download all training results by clicking on Download training results in the form of a .zip file,
containing .csv files with the selected variables, the neighbors for the test ENMs, the predictions for the test ENMs
and all necessary statistics and model information.
Users can also name their model by typing in Model title and download the trained model by clicking on Download
model for future use in the following tab (Obtain predictions) without any need for constant training with the
same data. An example of training is presented in Fig. 14.

6.2 Obtain predictions

This section of the application can be used right after the read-across training or after the input of an already
trained model by Apellis (the interface is similar to the tab presented in Fig. 9).
If a model is already available from a previous training, the users can click on Upload model and import an
adequate model file by clicking on Browse button of the Upload an adequate model file field. When the model
is uploaded a Template input file can be downloaded in order to be filled-in by the users with the necessary
descriptor/variables values that will be used for the endpoint prediction. The necessary variables are also presented,
as well as the endpoint that will be predicted, the model title and the accuracy statistic from external validation.
This part can be also used right after the training of the model. In that case the Upload model field remains
disabled. The user must upload a .csv file in the application containing the descriptor values for the untested
ENMs dataset, either according to the template file (in case that a model is uploaded) or according to the training
file (omitting the 2nd column). It is necessary to provide values only for the selected descriptors, however the
columns of the non-selected variables must not be deleted; it is advisable to be filed with miscellaneous values.
By clicking on Predict button, the prediction process begins. The analysis produces a table that contains the
predicted value of toxicity index for all the provided ENMs, and the ENMs Neighbors heatmap. All results can
be downloaded in .zip format by clicking on Download prediction results. An example of model use can be
found in Fig. 15.
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Figure 14: Class single criterion tab training results, including the confusion matrix for the test set, the corresponding accuracy metrics,
the predicted class for each test sample and the neighbors heatmap.

7 Class multiple criteria

This part can be used for training and using a read-across model for the prediction of toxicity endpoints and
other properties of ENMs, when two types of descriptors are available (e.g. physicochemical, image, biological,
theoretical etc. descriptors).

7.1 Read-across training

In this section training of a read-across model is performed according to the provided dataset and the set of
specifications defined by the user.
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Figure 15: Single criterion tab for model use. In this example predictions for a set of samples with unknown class endpoints, are
acquired directly after the model train. The predictions for an artificial dataset of metal oxide ENMs are presented on the left side of
the interface.

7.1.1 Specifications

Users must upload two .csv files containing the dataset of interest by clicking on the Browse button in the Upload
a data set type 1 or 2 fields. The first file (type 1) must contain the values of available type 1 descriptors (in
columns) and the values of the toxicity (TRUE/FALSE) index (2nd column), which will be predicted by the model.
In the 1st column the ENMs names should be listed. The second file (type 2) must contain the values of available
type 2 descriptors (in columns). In the 1st column the ENMs names should be listed in the same order as in the
type 1 file. Missing values cannot be handled by this approach. In addition, columns containing the same value
in all rows cannot be handled and must be deleted by the input file.
The user can select if the provided data should be normalized or not, according to Eq. 22 by clicking on Scaling
of raw data.
For validation purposes (formation of training and test sets), users must choose a the partitioning method (Kennard-
Stone or random) and the corresponding training:test ratio. The users must initialize some parameters for the
evolution of the algorithm presented in Table 4. Apart from the parameters presented in Table 4, the users must
define the Prediction base; namely the weighting factors type (either calculated from distances computed using
descriptors type 1 either type 2) that will be used in predictions (see Eq. 6).

7.1.2 Probabilities

As explained before, the user must tune a series of operational parameters of the GAs that are directly linked to
the biological processes of selection, crossover and mutation of genes (Table 5, Fig. 7).
Concerning the non-uniform mutation, the lower threshold value is always equal to 0.1, while the upper threshold
value is equal to the mean value of the maximum distances between provided samples.
If a dataset is uploaded by pressing the Train button, the model training starts, according to the described
workflow, otherwise the corresponding button remains disabled till all necessary files are provided. During training
a process bar is presented, indicating the number of processed generation.
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7.1.3 Training results

After the completion of training, a confusion matrix is presented depicting the validation results (TP, TN, FP, FN
frequencies). The experimental and the predicted endpoint values for the test ENMs with a successful prediction,
are also presented in the produced table entitled Experimental vs. predicted endpoint values for the test set.
In addition, the app produces two tables one containing the selected variables and one containing information
about the trained model. Finally, the app produces the ENMs’ Neighbors heatmap, where the neighbors of the
test ENMs in the training set are depicted. The training results are similar to the Class single criterion tab (Fig.
14).
Users can download all training results by clicking on Download training results in the form of a .zip file,
containing .csv files with the selected variables, the neighbors for the test ENMs, the predictions for the test ENMs
and all necessary statistics and model information.
Users can also name their model by typing in Model title and download the trained model by clicking on Download
model for future use in the following tab (Obtain predictions) without any need for constant training with the
same data.

7.2 Obtain predictions

This section of the application can be used right after the read-across training or after the input of an already
trained model by Apellis. If a model is already available from a previous training using Class multiple criteria,
the users can click on Upload model and import an adequate model file by clicking on Browse button of the
Upload an adequate model file field. When the model is uploaded a Template input file can be downloaded in
order to be filled-in by the users with the necessary descriptor/variables values that will be used for the endpoint
prediction. The necessary variables are also presented, as well as the endpoint that will be predicted, the model
title and the accuracy statistic from external validation.
This part can be also used right after the training of the model. In that case the Upload model field remains
disabled. The user must upload a .csv file in the application containing the descriptor values for the untested
ENMs dataset, either according to the template file (in case that a model is uploaded) or according to the training
file (omitting the 2nd column). It is necessary to provide values only for the selected descriptors, however the
columns of the non-selected variables must not be deleted; it is advisable to be filed with miscellaneous values.
By clicking on Predict button, the prediction process begins. The analysis produces a table that contains the
predicted value of toxicity index for all the provided ENMs, and the ENMs Neighbors heatmap. All results can
be downloaded in .zip format by clicking on Download prediction results.

8 Abbreviations

• ENM, engineered nanomaterial
• GA, genetic algorithm
• MAE, mean absolute error
• MCC, Matthew’s correlation coefficient
• MSE, mean squared error
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9 Disclaimer

This program is free software: you can redistribute it and/or modify it under the terms of the GNU General Public
License as published by the Free Software Foundation, either version 3 of the License, or (at your option) any later
version.
This program is distributed in the hope that it will be useful, but WITHOUT ANY WARRANTY; without even the
implied warranty of MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU General
Public License for more details.
You should have received a copy of the GNU General Public License along with this program. If not, see https:
//www.gnu.org/licenses/.

10 Contact information

 dimitra.varsou@gmail.com
 DemetraDanae
 Video tutorial
 Unit of Process Control and Informatics, School of Chemical Engineering, NTUA, GR
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