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Abstract

For materials engineers, it is very important to select the
best material to make an object. The criteria used for such
selection may be classified in several categories, including
the two following: criteria related to the durability of mate-
rials against degradations caused by environments and those
expressing their impacts on the environment throughout
their whole life cycle. Selecting a material is therefore a
multi-criteria decision problem. Due to the diversity of
criteria, material analysis is carried out by design offices
using systems based on human knowledge when available
and, otherwise, trial and error. Currently, the large amount
of materials available and the number of properties make
it necessary to investigate the use of generative Al for the
selection of materials. However, the information provided by
the available systems is insufficient to make the appropriate
decision. Traditional operational research systems based
on mathematical models, such as Formal Concept Analysis
(FCA), provide a support for understanding the logic used
to reach the solutions. They offer decision-makers a greater
possibility of arguing their choice. Our work tackles this
material selection decision problem using FCA. The results
obtained after applying the FCA ConExp tool are analyzed in
relation to the results obtained by the Al systems ChatGPT
and the Fictiv-Al material selection assistant.

Keywords: Durability in Specific Environments; Sustainabil-
ity of the Planetary Environment; Formal Concept Analysis
(FCA); Soft Sets; Al Systems

Introduction

In materials engineering, the optimal choice of a material
with respect to several categories of criteria is a problem that
raises many issues. One of these problems is the following:
there may be two categories of criteria of different semantic
nature such that for a pair formed by two criteria, one of the
first category and the other of the second category, the mate-
rial satisfying at most the criterion of the first category turns
out to satisfy at least the criterion of the second category. In
the case of the choice of materials in engineering, two of the
most important categories of criteria are the following: the
category of criteria that measure the resistance of materials
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in particular environments and the category of criteria that
express the impacts of materials on the global environment,
our planet.

Due to the diversity of criteria, the analysis of materials is
carried out by humans in design offices using their knowl-
edge and databases. Currently, the large amount of materials
available and the number of properties make it necessary to
investigate the use of generative Al for the selection of ma-
terials. However, the information provided by these systems
is insufficient to make the right decision. Traditional sys-
tems of operational research based on mathematical models,
such as FCA can explain the reasoning. They offer decision
makers a larger possibility to argue their choice. This work
addresses this decision-making problem using Formal Con-
cept Analysis (FCA) (Ganter, Stumme, and Wille 2005). The
results obtained after applying ConExp (Context Explorer
2021) are analyzed in relation to the two results obtained by
the ChatGPT and Fictiv-Al material selection assistant. Our
conclusions express the idea that an Al system dedicated to
a specific objective, for example, the categorization process,
can be hybridized with submodules built on the basis of tra-
ditional modeling and integrated into a complete system.
We can see that in different fields of science, technology,
or economics, in the context of real decision-making, the
notion of parameter is given more or less different mean-
ings, which is very important in real applications. In (Pascu
et al. 2024) we have refined the notion of soft set without
depriving it of a certain degree of generality. This is why
we introduced the notion of double soft set. Based on this
mathematical notion (Molodtsov 1999), one could build an
Al categorization system as an answer to the problems cited
above. We investigate the following ideas:

* The capacity of the FCA model to give an appropriate
answer to a real problem of categorization encountered in
material engineering.

* The extension of the category of parameters related to
the resistances against degradations caused by the envi-
ronment, considered in our previous work (Pascu et al.
2024), with a new category of parameters expressing the
impacts of materials on the planetary environment that
could sometimes act in opposition to the former.

Finally, the goal of this study is to propose a solution for the
choice of materials for ordinary products. We show that
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Figure 1: Resistances against degradations (Ashby 1999)
and Environmental Impacts of Materials

with little information, a rational choice can be made from
two points of view: the resistance of the products to the en-
vironment and their environmental qualities. Our findings
express the idea that an Al system dedicated to a specific
objective, in this case the categorization process, can be hy-
bridized with submodules built on the basis of traditional
modeling and integrated into a complete Al system. Such
hybridization makes it possible to obtain a system dedi-
cated to multi-criteria choice that inherits in its modeling an
Al-type paradigm such as deep learning as well as the tra-
ditional mathematical modeling paradigms such as proofs.
This paper is part of a more developed project dealing with
the application of mathematical reasoning and mathematical
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modeling to categorization problems in engineering gener-
ally and, eventually, its extension with categorization based
on Al approaches such as deep learning.

The paper is organized as follows. In Section 1, we present
the double representation of materials with respect to some
specific physical environments, on the one hand, and with
respect to their impacts on the global environment, on the
other. In Section 2, we propose models of FCA analysis of
the representation mentioned above. The results obtained
are discussed in the end. In Section 3, the results of our
model are compared with those obtained using two Al-based
systems, namely Fictiv-Al and ChatGPT. In Section 4, we
present our conclusions and some directions for future work.



Data presentation

Figure 1 shows our double representation of materials prop-
erties, combining a “doughnut representation” (Raworth
2017) in the circular crown, with an Ashby representation
(Ashby 1999) in the interior disk.

The interior disk presents, as in (Ashby 1999), a cate-
gorization of four classes of materials (Alloys, Polymers,
Ceramics and Composites) depending on their resistance
to attacks by six environments (Aerated Water, Salt Water,
Strong Acids, Strong Alkalis, Organic Solvents and U-V
Radiation). Four levels of materials resistance are defined:
A (Excellent), B (Good), C (Poor) and D (Bad).

Resistance levels increase from the center to the circum-
ference (see (Ashby 1999)).

Our contribution to the representation in Figure 1 is the
circular crown. It describes the impacts of 54 materials on
the global environment. Due to the number of materials, for
the sake of place, not all the materials names are mentioned
in each sector. It has been built by collecting and analyzing
the environmental properties of materials from various
databases (Base Empreinte ADEME 2025) (Materials
Intelligence by ANSYS Granta 2019), normalizing the
values to use the same scale for the various properties, and
defining limits for classification into levels of impacts.

The impacts of the same classes of materials as above, on
the global environment (the planet), are evaluated by the fol-
lowing four criteria: carbon footprint, energy consumption,
water consumption, and unrecycled fraction. Materials are
represented by sectors of the circular ring, on the concentric
circles corresponding to evaluation degrees. The materials
impact on the global environment are also classified in four
degrees: A (Excellent), B (Good), C (Poor), and D (Bad).
This time, the levels are decreasing from the interior to the
exterior. For each property, the degree of a material is cal-
culated using the logarithm of the ratio between its attribute
value and the span of values of all materials (Planet-Score
2023). The degrees are dimensionless abstractions of the
dimensioned properties. The presentation as a doughnut
does not give an order relation that leads to a decision.

The users of the diagram derive the ranking of the materi-
als from the doughnut without the help of a computer. Gen-
erally, people prefer a ranking presentation in one dimension
such as the Planet-Score (Planet-Score 2023).

Formal concept analysis

Formal Concept Analysis (FCA) (Ganter, Stumme, and
Wille 2005) is an analysis of the ’categorization problem” in
the presence of several criteria. It is based on a mathematical
model which, in its turn, is founded on the mathematical
theory of lattices, particularly, Galois lattices. We presented
it in brief in (Pascu et al. 2024). Basically, it is a matter of
categorizing a set of objects versus a set of criteria called
attributes. The input data are presented in a matrix form
called context matrix. A combinatorial algorithm calculates
pairs of subsets composed by a subset of objects, called

Extent and its subset of corresponding attributes, called
Intent such that each object in an Extent has all the attributes
in its corresponding Intent and conversely. These kinds of
pairs are called formal concepts (FC). The set of all formal
concepts is proved to form a Galois lattice. FCA algorithm
is implemented in the ConExp system (Context Explorer
2021).

In (Pascu et al. 2024), we analyzed by FCA theory the
problem of resistance of materials. This analysis corre-
sponds to the interior disk of the representation in Figure 1.
Now we have to add global environmental impact to the re-
sistance and analyze both aspects using FCA. For the mate-
rial engineer, these two aspects are important for the choice
of the best material from which to make a certain object.

As already explained, our problem of categorization is a
problem of categorization of two independent sets of cri-
teria. Due to the particular cognitive features of the FCA
model, the “translation” of the cognitive context of the
model presented in Figure 1 into an FCA model requires
some formalization. We propose two methods:

1. First method: two independent orderings are generated for
the classes of materials. They are respectively based on
durability and environmental impact. A global ordering is
therefore deduced by analyzing the two orderings. In this
case, two FCA models are built.

* Model 1. We apply the FCA algorithm with classes of
materials as FCA-objects and levels of durability with
respect to local environments as FCA-attributes. This
analysis was presented in (Pascu et al. 2024).

* Model 2. We independently apply the FCA algorithm
with classes of materials as FCA-objects and levels of
impacts on the global environment as attributes.

2. Second method: we generate a global ordering of classes

of materials taking into account both durability and envi-
ronmental impact. We propose two implementation mod-
els in this case:

(a) First implementation (Model 3): we apply the FCA al-
gorithm by considering classes of materials as FCA-
objects and both the levels of durability with respect
to local environments and the levels of impacts on the
global environment as attributes.

(b) Second implementation: the global ordering is obtained
in 2 steps from 2 linked FCA models.

e First step: the FCA Algorithm is applied using Model
1 mentioned above.

» Second step: the formal concepts (FC) issued from the
first step are used as FCA-objects and the environmen-
tal impacts are used as attributes (Model 4).

Model 1 was the topic of the paper (Pascu et al. 2024). For
the sake of concision, in the rest of the paper, we will focus
on the second method and its first implementation (Model
3). Indeed, in comparison to the other alternatives mentioned
above for the ordering of classes of materials taking into ac-
count durability and environmental impact, it is more easy to
use both through the context table and the generated lattice,



which provide a global view with all information needed for
an explainable decision-making.

Ordering of classes of materials based on Model 3

The approach consists in applying the FCA algorithm to the
diagram of Figure 1 using Model 3, where the FCA-objects
are classes of materials and the FCA-attributes are the levels
of durability with respect to local environments and the lev-
els of impacts on the global environment.

Allo Poly Compo Cera Allo Poly Compo Cera

AeWa-A X X X X X
AeWa-B X X X X X X X
AeWa-C X X X X X X X X
AeWa-D X X X X X X X X
SaWa-A X X X X X
Sawa-B X X X X X X X
S5awa-C X X X X X X X
SaWwa-D X X X X X X X X
StAc-A X X X
StAc-B X X X X X X
StAc-C X X X X X X X
StAc-D X X X X X X X X
Stal-A X X X
StAl-B X X ot X
Stal-c X X X X X X X X
StAl-D X X X X X X X X
Orso-A X X X X X
OrSo-B X X X X X X X
OrSo-C X X X X X X X
0rSo-D X i X X X X bt X
UVRa-A X X X X
UVRa-B X X X X X X X
UVRa-C X X X X X X X
UVRa-D X X X X X X X X
CaFo-A X
CaFo-B X X X X
CaFo-C X X X X X X X
CaFo-D X X X X X X ot X
En-A X
En-B X X bt X
En-C X X X X X X X
En-D X X X X X X X X
WaUs-A X
WalUs-B X X X X
Waus-C X X X X X X X
Wals-D X X X X X X X X
UnFr-A X
UnFr-B X X X X X
UnFr-C X X X X X
UnFr-D X X X X X X X X

Table 1: FCA contexts 1 and 2

We consider two contexts corresponding to two signifi-
cant cases. Table 1 presents the transposed version of these
contexts, with attributes on lines and objects on columns. In
this table, the part on the left corresponds to context 1 and
the part on the right to context 2.

Name Metal and [Polymers |Composites |Ceramics
Alloys
Notation  |Allo Poly Compo Cera

Table 2: FCA Objects notations

Name |Aerated |Salt Strong [Strong |Organic |U-V Ra-
Water |Water |Acids |Alkalis [Solvents|diation
Notation|AeWa |SaWa |StAc StAl OrSo UVRA

Table 3: Local environment notations in FCA attributes
names

Name Carbon Energy Water Unrecycled
Footprint Usage Fraction
Notation CaFo En WaUs UnFr

Table 4: Environmental impacts notations in FCA attributes
names

In Table 1, we adopted notations presented in Table
2 for FCA-objects, those available in Tables 3 and 4 to
denote the names of local environments and the names of
environmental impacts, respectively, in the FCA-attributes.

Let L be one of levels A, B, C, or D. For each local
environment (resp. each environmental impact) denoted N,
we use N-L to denote the attribute corresponding to the
level L of durability in the local environment denoted N
(resp. level L of environmental impacts denoted N). For
example, AeWa-A is the attribute corresponding to a level
of resistance A to attacks by Aerated Water.
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Figure 2: FCA Lattice with context 1

Context 1 (resp. 2) corresponds to the case where, for
each material group, the minimum (resp. maximum) of
the strength level spectrum of the elements of the group
is selected. With the approach adopted in context 1, it is
guaranteed that the minimum level will be satisfied at the
end of the selection process, whatever material of the group



is selected. With the approach of context 2, there is no
guarantee that the maximum level will be satisfied at the
end of the selection process, since the actual level depends
on the material selected in the group and may be less than
the maximum.

We used the tool ConExp (Context Explorer 2021) for the
application of the FCA algorithm. The FCA lattices obtained
with Context 1 and Context 2, using the ConExp tool, are
presented, respectively, in Figures 2 and 3. The lattices give
an order relation of the groups of materials from the bottom
to the top, going from the best choice(s) to the worst.
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Figure 3: FCA Lattice with context 2

Both figures can be seen as a partial ordering of the groups
of materials with respect to durability and environmental im-
pacts.

The lattice presented in Figure 2 shows that no group of
materials perfectly satisfies neither environmental impacts
nor durability constraints. The category including metals
and alloys and the category of ceramics are better than the
categories of polymers and composites, each for different
durability criteria and environmental impacts. It is possible
to obtain a ranking of the categories of materials for each
context. For example, for plates and mugs where the use in
contact of salted water, aerated water, detergents (organic
solvents) and UV radiation is daily, the lattice shows that
ceramics are the best choice for both durability and environ-
mental impacts criteria.

The lattice presented in Figure 3 places metals and alloys,
ceramics and composites in the best position, each for a dif-
ferent category of environmental impacts. This lattice puts
the polymers in the worst position. It should be noted that
the degree A of the composites is due to the presence of nat-
ural materials such as bamboo. This lattice has more interest
for people with enough knowledge to be able to distinguish
the different materials of the same category.

Comparison with results obtained using
Fictiv-AI and ChatGPT

In order to compare our results with those obtained using
Fictiv-Al and ChatGPT, the request we have submitted to
these two Al systems is the following:

Which are the materials resistant to salt water, UV, organic
solvents, and fresh water, while also having a reduced
carbon footprint, low embedded energy, low water use, and
a high recycled content ?

We present hereafter the whole answer of Fictiv Materials

Al (Materials Al by Fictiv 2024):
To select a material that meets your criteria for resistance
and environmental impact, you’ll need to consider materials
known for their durability and environmental sustainability.
For manufacturing, you can opt for materials that are re-
silient in harsh environments and have lower environmental
impact. However, these attributes data varies by source and
specifics of availability, but here’s a general suggestion:

- *¥*CNC Material Option:** - **3]6/316L Stainless
Steel:** Known for excellent corrosion resistance including
salt water and organic solvents. While its recycled content
can be high, it may not inherently have "low embedded en-
ergy” but recycled variants help in reducing carbon foot-
print.

- **Sheet Metal Material Option:** - **3]6L Stainless
Steel:** Similar benefits as above. Popular for its durabil-
ity and recyclability, typically retaining much of its original
metal content when recycled.

- *¥3D Printing Option:** - **Nylon 12:** Offers good
resistance to chemicals and water, though specific UV and
saltwater resistance would depend on exact processing and
finishing.

For environmentally focused material choices, a detailed
analysis of lifecycle, transportation effects, and supplier-
specific practices would be necessary. However, this gives
a preliminary idea for manufacturing contexts. For more
nuanced environmental implications, reach out to a Fictiv
representative for a tailored consultation based on more
specific datasets about material sourcing and recycling
practices.

An abstract of the answer of ChatGPT 40 mini (ChatGPT-

40 2024) is given below:
To identify materials that meet the criteria of being resistant
to salt water, UV, organic solvents, and fresh water, while
also having a reduced carbon footprint, low embedded en-
ergy, low water use, and a high recycled content, we can look
at materials that are naturally durable, sustainable, and en-
vironmentally friendly. Here are some suggestions:

1. Recycled PET (rPET) Properties: Recycled PET is re-
sistant to both saltwater and fresh water, making it suitable
for marine and outdoor applications. It has good resistance
to UV degradation, and moderate resistance to organic sol-
vents. Sustainability: PET can be recycled multiple times,
making rPET a high-recycled-content material. The produc-
tion of rPET consumes less energy and water than virgin
PET, reducing the carbon footprint. Applications: Outdoor



furniture, marine products, packaging, textiles.

2. HDPE (High-Density Polyethylene) Properties: HDPE
is highly resistant to both saltwater and fresh water, as well
as to UV radiation and most organic solvents. It’s also non-
toxic and resistant to corrosion, making it durable for out-
door and marine environments. Sustainability: HDPE can
be made from recycled materials (rHDPE), which reduces
the environmental impact. It has a low embedded energy and
is easily recyclable. Applications: Outdoor furniture, piping,
containers, marine applications.

3. Natural Fiber Reinforced Composites |[...]

4. Cork [...]

5. Bio-based Polymers (PLA, PHA, etc.) [...]

6. Recycled Aluminum [...]

7. Wood from Sustainable Forestry (e.g., Teak, Ipe) [...]

8. Stone (e.g., Recycled Concrete or Stone Composites)
[...]

9. Glass (Recycled Glass) |[...]

By selecting these materials, you can achieve a balance
between performance (resistance to environmental factors)
and sustainability (low environmental impact, high recycla-
bility, and low embedded energy).

The first system is based on ChatGPT and its answer
is oriented towards manufacturing. It proposes only two
materials. The first is a stainless steel and the second
is a plastic. Two manufacturing processes are proposed
for stainless steel. ChatGPT provides a ranked list of 9
materials, covering the four categories considered in the
domain, and gives some explanations. The first two are
plastics. For the second (HDPE), it goes beyond the request
by providing information about toxicity.

The designer Jarrod Lim (Man x Machine x Material
2024) used ChatGPT to select wood to build furniture
pieces that satisfy some sustainability constraints (renew-
able source). He faced difficulties to get an appropriate
answer and had to try several requests in order to obtain
a satisfying solution. He pointed out the lack of technical
knowledge of the system about materials and industrial
processes.

ANSYS (Al-Augmented Simulation Technology 2024),
a famous company specialized in finite element method
and simulation of multi-physical systems, acquired Granta
Design in 2019, the society founded by Michael F. Ashby,
specialized in the choice of materials, and renamed it AN-
SYS Granta. They needed a tool with a complete database
process for an efficient choice of materials. Recently, they
developed an AI system for assistance in multi-physics
system simulations. This illustrates the increasing use of Al
in design offices.

The answers of Fictiv-Al are in accordance with our
analysis, but the responses of ChatGPT are not, although
the Al of Fictiv is based on the latter. It appears that training
ChatGPT under the control of manufacturing systems’ ex-
perts with good knowledge about the selection of materials
drastically influences the accuracy of the answers. But it

cannot be considered as a formal reasoning leading to the
results. Typically, the choice between computer numerical
control (CNC) machining and sheet metal forming and
welding depends on the size and shape complexity of the
pieces to be produced. This aspect is not explained by
Fictiv-Al. The answer indicates manufacturing options,
although the prompt instruction does not ask for.

Both AI propose extra-information beyond the instruc-
tions, as Web search engines that put commercial links
on the top of their answers. Both AI propose plastics.
They are recyclable, but repeated recycling diminishes the
mechanical performance of the material. Recycle of 100 %
of a polymer is not possible. The fraction that is not recycled
goes mainly to the environment. Because its density is not
far from that of water, the pieces made of polyamide 12 (PA
12), proposed by Fictiv-Al, will be fractionated by shocks
or other natural actions. In the mean term, the size of the
pieces will be microscopic and will be scattered in water
areas such as ponds, lakes, seas, and oceans (O’Brien 2023)
(Villani et al. 2020). An alternative is polyamide 11 (PA 11),
a bio-sourced plastic, but it is not proposed by Fictiv-Al As
the PA 12, the PA 11 is not biodegradable.

In our current work, we have targeted groups of materials,
but not specific materials. Nevertheless, it makes it possible
to obtain precise and explainable selections using our lat-
tices. Our analysis gives results about the four categories of
material. After selecting a category, the process could be it-
erated to the set of materials of the category. Currently we
have limited the set of materials to those present in the dura-
bility diagram Ashby 1999), about fifty, but we can extend
this number to reach a hundred of materials per category in
the second step. Repeating the process 2 or 3 times should
give access to all the materials referenced by the largest on-
line database of materials, and thus give accurate answers.

Conclusions

In this paper, we present the problem of “material catego-
rization” as formulated by material engineering. This work
extends the one presented in (Pascu et al. 2024) by consid-
ering a set of new parameters characterizing materials, and
particularly criteria that express the ecological impacts of
materials on the global environment. We started from the
idea that each problem formulated in a particular field of sci-
ence of technology can be viewed as a ’problem of knowl-
edge” and modeled by approaches of one or more fields of
knowledge.

After investigating some practices in solving this problem
using Al tools such as ChatGPT or Fictiv-Al material se-
lection assistant, it appears that solutions of categorization
provided by such Al tools are not sufficient. Their current
solutions are presented as totally rather than partially or-
dered lists as expected in this context. A hybridization by
an algorithm taking into account a more formal categoriza-
tion theory such as FCA can lead to a partial order which
in turn can be refined by the decision makers. A perspective
of this work is the hybridization of the FCA-based approach
with generative Al for explainable decision-making.
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