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Abstract

The increasing generation of industrial waste has created significant environmental and
resource-management challenges, while simultaneously providing opportunities for the devel-
opment of sustainable engineering materials. Industrial waste upcycling offers a promising
pathway for converting waste streams into value-added materials for construction, infrastruc-
ture, composites, ceramics, and other engineering applications. However, the performance of
waste-derived materials is influenced by numerous factors, including waste composition, particle
characteristics, replacement level, processing conditions, and curing parameters. This chapter
presents a statistical modeling perspective on the development and evaluation of sustainable
engineering materials from industrial waste. Established statistical methods, including descrip-
tive analysis, correlation analysis, regression modeling, analysis of variance, response surface
methodology, and mixed-effects models, are considered for understanding material behavior
and experimental variability. Machine-learning approaches are also discussed as complementary
tools for prediction and model comparison. Particular emphasis is placed on using statistical
models to identify important factors, predict engineering performance, and optimize material
formulations under practical constraints. The chapter further connects statistical prediction
with sustainability indicators such as waste utilization, energy consumption, production cost,
and environmental impact. A real-data case study will illustrate how statistical modeling can
support data-driven material design and contribute to the transition from conventional waste
management toward a circular economy.

Keywords: Industrial waste upcycling; sustainable engineering materials; statistical modeling; re-
gression analysis; response surface methodology; machine learning; material optimization; waste
valorization; circular economy; sustainable engineering.
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1 Introduction

Industrialization has contributed substantially to economic development, infrastructure expansion,
and technological advancement. However, the production, processing, and consumption of industrial
materials also generate substantial quantities of residual materials that require appropriate manage-
ment. These residuals may arise from energy production, metallurgical operations, mining, chemical
manufacturing, foundry processes, glass production, and construction activities. When such ma-
terials are inadequately managed, they may contribute to environmental contamination, resource
depletion, and additional economic costs. The United Nations Environment Programme emphasizes
the importance of moving beyond conventional waste management toward waste prevention, resource
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recovery, and circular-economy practices [1]. Although the Global Waste Management Outlook pri-
marily examines municipal solid waste, its broader resource-management principles are relevant to
the development of integrated waste valorization strategies.

The environmental significance of waste management extends beyond the disposal stage. The
extraction of virgin raw materials, their transportation, industrial processing, and the manufacture
of replacement materials can consume energy and generate environmental burdens. Consequently,
sustainable material development requires a systematic assessment of both material performance and
resource efficiency. Life-cycle assessment (LCA) provides a recognized framework for evaluating envi-
ronmental aspects and potential impacts throughout the life cycle of a product or process, including
the definition of the goal and scope, inventory analysis, impact assessment, and interpretation [2].
Therefore, the environmental advantages of industrial waste utilization should not be assumed solely
from the fact that a waste material has been incorporated into a new product. Such advantages
depend on factors including waste processing requirements, transportation distance, substitution of
conventional materials, product durability, and end-of-life management.

Industrial waste valorization represents a resource-oriented approach in which residual materials
are converted into useful secondary resources or value-added products. In contrast to disposal-
oriented practices, valorization considers the possibility of recovering useful physical, chemical, or
functional properties from materials that would otherwise have limited economic value. In construc-
tion and materials engineering, this approach is particularly relevant because industrial by-products
may serve as supplementary cementitious materials, aggregates, mineral fillers, ceramic constituents,
or precursors for alkali-activated materials. For example, coal fly ash has been investigated as a
resource for several applications, including cementitious and other construction-related products [3].
Similarly, construction and demolition waste can provide secondary aggregates and other recoverable
material fractions, although effective implementation depends on appropriate sorting, processing,
quality control, and market acceptance [4, 5]. These applications illustrate the potential of waste
valorization to reduce the demand for selected virgin resources while creating additional pathways
for material utilization.

The range of industrial residues considered for sustainable material design is broad. It includes
fly ash, blast-furnace slag, steel-making residues, red mud, foundry sand, construction and demoli-
tion waste, waste glass, quarry dust, mining residues, and rice-husk ash. However, these materials
cannot be treated as interchangeable ingredients. Their properties may vary substantially according
to their sources, production processes, chemical composition, mineralogical structure, particle-size
distribution, moisture content, and pretreatment conditions. Even materials bearing the same gen-
eral name may exhibit different engineering characteristics when obtained from different industrial
facilities or production batches. Consequently, a waste material that performs satisfactorily in one
formulation may not provide the same performance under different processing conditions or when
combined with a different binder or matrix. This variability makes systematic characterization and
data-driven evaluation important components of sustainable material development.

The successful incorporation of industrial waste into engineering materials depends on several
interacting factors. These may include the proportion of waste used, the water-to-binder ratio,
particle fineness, chemical composition, additive dosage, mixing procedure, processing temperature,
compaction pressure, curing duration, and environmental exposure. The resulting engineering re-
sponses may include compressive strength, tensile strength, flexural strength, density, porosity, water
absorption, thermal conductivity, durability, and resistance to chemical or physical degradation. In
practice, these responses are often interdependent. For instance, a formulation that improves one
mechanical property may simultaneously affect density, water absorption, workability, production
cost, or long-term durability. The objective of material design is therefore not necessarily to max-
imize a single response, but to identify a formulation that achieves an appropriate balance among
technical, economic, and environmental requirements.

The circular-economy perspective provides a broader context for this problem. Rather than fol-
lowing a linear pattern of resource extraction, manufacturing, use, and disposal, a circular approach
seeks to retain the value of materials through reuse, recovery, recycling, and appropriate reintegration



into production systems. Reviews of construction and demolition waste management have identified
material recovery and circular-economy strategies as important opportunities for improving resource
efficiency, while also documenting practical barriers to their implementation [4, 5]. However, circu-
larity alone does not guarantee environmental superiority. The suitability of a waste-derived material
must be assessed in relation to its intended application, performance requirements, processing de-
mands, and environmental consequences. For this reason, material characterization and quantitative
performance evaluation should be integrated with sustainability assessment rather than treated as
separate activities.

A major challenge in industrial waste valorization is that material performance is governed by
numerous explanatory variables whose effects may be nonlinear and mutually dependent. Tradi-
tional experimental comparisons can identify differences between selected formulations, but they
may provide an incomplete understanding when many variables change simultaneously. Statistical
modeling offers a systematic framework for investigating such relationships. Descriptive statistics
summarize the distribution and variability of observed measurements, while graphical exploration
and correlation analysis help identify preliminary patterns and possible associations. Regression
models can quantify relationships between explanatory variables and engineering responses, whereas
analysis of variance (ANOVA) can be used to assess differences among experimental conditions under
an appropriate statistical design. These methods provide a foundation for interpreting experimental
evidence and identifying factors that may warrant further investigation.

A general representation of the relationship between material properties and explanatory variables
is

}/i:f(XilaXﬂ;---;Xip)"f—giy i:1,2,...,n, (11)
where Y; denotes an observed engineering-performance response for the ith experimental observation,
X1, - .., X;p represent the corresponding waste characteristics and processing variables, f(-) denotes
an unknown response function, and e; represents unexplained variation. The sample size is n, and p
denotes the number of explanatory variables. Depending on the experimental setting, the response
may be a continuous measurement, such as compressive strength or thermal conductivity, or another
outcome appropriate to the material-design problem.

The form of f(-) depends on the scientific problem and the available data. A linear regression
model may be useful when the response can be adequately approximated by additive linear effects.
Polynomial regression can accommodate curvature, while interaction terms can represent situations
in which the effect of one variable depends on the level of another. Response surface methodology
(RSM) provides a systematic collection of experimental-design and modeling techniques for studying
relationships between several controllable factors and one or more responses. It is particularly useful
when the objective is to identify operating conditions or material formulations that provide desirable
responses within a specified experimental region [6, 7]. For industrial waste-derived materials, such
methods can help investigate the combined influence of waste replacement level, binder content,
curing conditions, and other formulation variables.

A further consideration is the hierarchical structure of many materials experiments. Measure-
ments may be obtained from multiple specimens prepared within the same batch, from several
batches produced on different days, or from different laboratories or industrial facilities. Obser-
vations within a common batch may share unmeasured characteristics and therefore may not be
statistically independent. Treating all measurements as independent without considering the exper-
imental structure can lead to inappropriate uncertainty estimates. Where the design supports such
an analysis, mixed-effects models can distinguish systematic effects associated with measured formu-
lation variables from variation attributable to batches, production runs, or other grouping factors.
This is relevant to the transition from laboratory experimentation to industrial production, where
repeatability and batch-to-batch consistency are important considerations.

Machine-learning methods provide additional tools for analyzing complex relationships between
material composition and engineering performance. Algorithms such as regression trees, random
forests, support vector regression, and artificial neural networks can be used to represent nonlinear
associations without requiring the analyst to specify a complete parametric response function in



advance. A systematic review by Hassan et al. [8] documents the application of machine-learning
methods to the prediction of properties across different types of concrete. Such methods can com-
plement conventional statistical models when the available dataset contains sufficiently informative
observations and the evaluation procedure is carefully designed. Nevertheless, predictive accuracy
alone does not establish that a model is scientifically appropriate or that its predictions will gen-
eralize to new industrial settings. Data leakage, small sample sizes, imbalanced representation of
formulations, measurement error, and differences between training and deployment conditions can
all affect model performance. Accordingly, model evaluation should consider appropriate data par-
titioning, cross-validation where suitable, prediction errors, uncertainty, and the relevance of the
validation data to the intended application.

The relationship between statistical prediction and material optimization is particularly impor-
tant. A model may identify formulations associated with favorable experimental responses, but the
preferred formulation must also satisfy practical constraints. These may include minimum strength
requirements, acceptable water absorption, durability criteria, limits on waste content, manufactur-
ing feasibility, and restrictions on production cost or environmental impact. When several responses
are considered simultaneously, the problem becomes a multi-criteria or multi-objective optimization
task. A formulation with the highest predicted compressive strength may not be the most appro-
priate choice if it requires excessive energy, increases cost, or performs poorly in another essential
property. Moreover, any model-based optimum should be treated as a candidate for experimental
confirmation rather than as conclusive evidence of optimal performance. Design of experiments,
regression modeling, and response surface techniques provide established approaches for linking con-
trolled experimentation with process and product improvement [7].

Sustainability assessment adds another dimension to this framework. The quantity of waste in-
corporated into a formulation is a useful resource-utilization indicator, but it is not sufficient on its
own to establish an overall environmental benefit. Other indicators may include energy consumption,
greenhouse-gas emissions, water use, production cost, transportation requirements, durability, and
the potential for reuse or recycling at the end of the product’s service life. Life-cycle assessment can
provide a structured basis for evaluating environmental impacts across relevant stages of a product’s
life cycle, subject to the selected system boundaries, functional unit, inventory data, and assess-
ment assumptions [2]. Consequently, statistical models can contribute to sustainability-oriented
material design by estimating engineering responses and supporting comparisons among candidate
formulations, while environmental assessment provides a complementary basis for evaluating broader
consequences.

The present chapter adopts an application-oriented perspective to demonstrate how established
statistical and machine-learning methods can support the evaluation of industrial waste-derived ma-
terials. The emphasis is on integrating experimental data, exploratory analysis, regression modeling,
ANOVA, response surface methodology, mixed-effects modeling, predictive learning, and optimiza-
tion within a coherent analytical workflow. The objective is not to introduce new statistical theory,
but to explain how established techniques can be selected, interpreted, and applied to material-
design problems. Particular attention is given to the quality of the available data, the interpretation
of model assumptions, the assessment of predictive performance, and the distinction between statis-
tical association and causal conclusions.



The proposed framework can be summarized as

Industrial Waste Characterization

1

Experimental Design and Data Collection

{
Exploratory and Statistical Analysis

!

Regression and Machine-Learning Models

!

Model Validation and Uncertainty Assessment

!

Material Formulation and Multi-Response Optimization

l

Experimental Confirmation and Sustainability Assessment

This workflow emphasizes that sustainable material design is an iterative process rather than a
single prediction exercise. Model-based recommendations should be checked against experimental
evidence, engineering requirements, and environmental considerations. The resulting integration of
statistical analysis and material characterization can support more transparent comparisons among
candidate formulations and provide a quantitative basis for identifying promising uses of industrial
residuals. Ultimately, the chapter seeks to demonstrate how data-driven methods can help connect
industrial waste recovery with the development of technically suitable and environmentally informed
engineering materials.

2 Industrial Waste and Sustainable Engineering Materials

2.1 Industrial waste as a secondary resource

Industrial waste should not necessarily be regarded solely as an environmental burden; under appro-
priate technical, economic, and environmental conditions, it can serve as a secondary resource for
manufacturing value-added engineering materials. Industrial waste valorization involves recovering
useful constituents or functional properties from residual materials and incorporating them into new
products. This approach is consistent with circular-economy principles, which emphasize resource
efficiency, material recovery, and the reduction of dependence on virgin raw materials [1]. For exam-
ple, fly ash can be utilized in cementitious applications, while suitable construction and demolition
waste can be processed into secondary aggregates and other construction products [3, 4].

Depending on their industrial origin, waste materials may contain silica, alumina, calcium com-
pounds, iron oxides, carbonaceous matter, glassy phases, metallic constituents, or other potentially
useful components. Their engineering functions depend not only on chemical composition but also
on mineralogical structure, particle morphology, fineness, porosity, moisture content, and surface
characteristics. Consequently, the same waste may be suitable for one application but unsuitable
for another. Furthermore, the presence of undesirable constituents, soluble compounds, or poten-
tially hazardous substances may restrict its use and necessitate appropriate treatment and safety
assessment.

Waste characterization is therefore a fundamental prerequisite for material development. Rel-
evant measurements may include chemical composition, particle-size distribution, specific gravity,
moisture content, loss on ignition, and other application-specific properties. Measurements should
also be collected across different batches whenever possible, since variations in the source material
or production process may affect the consistency of the final product. From a statistical perspective,
characterization provides the explanatory variables required to investigate the association between
waste properties and engineering performance. It also helps distinguish genuine formulation effects



from variability attributable to differences in the waste itself.

2.2

Major categories of industrial waste

Industrial waste relevant to sustainable engineering materials can be classified according to its source,
composition, and potential application. Important categories include the following:

(i)

Fly ash and bottom ash: Residues from thermal power generation that may be considered
for cementitious materials, bricks, and other construction products, subject to their composi-
tion and application requirements [3].

Blast-furnace and steel-making slags: Metallurgical residues that may provide mineral
constituents for cementitious binders, aggregates, and other construction materials, depending
on their origin, processing, and material properties.

Red mud: A residue from alumina production whose mineral composition may support se-
lected applications in ceramics, construction materials, and other mineral-based products, pro-
vided that its alkalinity and potentially problematic constituents are appropriately evaluated.

Foundry sand: Used moulding and core sands that may be assessed as partial replacements
for natural sand or as constituents of selected construction products, subject to contamination
and quality-control requirements.

Construction and demolition waste: Concrete, masonry, brick, and other recoverable
fractions that can be processed into secondary aggregates and other construction materials.
Their suitability depends on sorting, contamination, particle grading, and processing quality
[4, 5].

Waste glass: Glass residues that may be processed for use as aggregate, filler, or a constituent
of selected glass-based and cementitious products, depending on particle size and compatibility
with the intended application.

Quarry dust and stone-processing residues: Fine mineral fractions that may be inves-
tigated as fillers or partial replacements for natural aggregates in appropriate construction
applications.

Mining and mineral-processing residues: Tailings and other mineral residues that may
contain useful mineral fractions but require careful assessment of chemical stability, contami-
nant content, and long-term environmental risks.

Rice-husk and other biomass-derived ashes: Ashes that may contain useful mineral
constituents, including silica, depending on the feedstock and combustion conditions. Their
suitability for cementitious and other applications depends on composition, fineness, and pro-
cessing history.

Waste polymers and industrial plastic residues: Selected polymer wastes that may be
incorporated into composites, modified construction materials, or other products after ap-
propriate sorting and processing. Compatibility, durability, and end-of-life considerations are
important in determining their suitability.

Other metallurgical and process-derived residues: Sludges, mineral fines, process pow-
ders, and related by-products that may offer recovery opportunities when their composition,
variability, and environmental safety are adequately established.



These categories illustrate the diversity of potential secondary resources; however, they should
not be interpreted as evidence that every waste stream is suitable for direct reuse. The feasibility of
valorization depends on the material’s characteristics, processing requirements, relevant engineering
standards, environmental safety, and the availability of a technically appropriate application. Conse-
quently, a systematic assessment of both material quality and variability is essential before selecting
a waste stream for further development.

2.3 Engineering applications

Industrial wastes can be incorporated into engineering materials through different mechanisms, de-
pending on their physical and chemical properties and the characteristics of the receiving material.
A waste may function as a partial replacement for cement, natural aggregate, sand, filler, binder, or
another constituent. Some materials may contribute to pozzolanic reactions, whereas others may pri-
marily provide particle packing, reinforcement, or mineral filler effects. Suitable aluminosilicate-rich
residues may also be investigated as precursors for alkali-activated or geopolymer materials. The ac-
tual mechanism and resulting performance must be established for the particular waste, formulation,
and processing conditions rather than assumed from the waste category alone.

Consider a composite in which industrial waste partially replaces a conventional constituent. Let

7 = percentage of industrial waste incorporated,

and let
Y = compressive strength of the resulting material.

The relationship between Z and Y may depend on particle packing, chemical reactivity, porosity,
water demand, and the properties of the remaining constituents. A moderate replacement level may
improve some aspects of performance, whereas excessive replacement may adversely affect strength
or other required properties. The response may therefore be nonlinear and may also depend on
variables such as curing time, binder content, and water-to-binder ratio.

A simple quadratic model can represent such curvature:

}/Z:ﬁﬁ—i_ﬁlzl—i_ﬁQZzz—i_glu 22177n7 (21)

where 3y, (1, and [y are unknown parameters and ¢; represents unexplained variation. A negative
quadratic coefficient, when supported by the data and model assumptions, may indicate a concave
response over the observed range. However, the estimated turning point should be interpreted as a
candidate optimum only if it lies within the investigated range and the model provides an adequate
representation of the data.

When several formulation variables interact, a more general model is appropriate:

p p
Y=o+ Z B Xij + Z B X + Z BinXij Xik + €3, (2.2)
j=1 j=1

j<k

where X;; denotes the jth explanatory variable for the ith observation, 3; represents a linear effect,
Bj; represents a quadratic effect, and [3;, represents an interaction effect. Such a model provides
a basis for response surface analysis and formulation optimization when the experimental design
contains sufficient information to estimate the required terms [6, 7.

The same modeling framework can be extended to responses such as water absorption, den-
sity, flexural strength, thermal conductivity, and durability indicators. Since the formulation that
maximizes one response may not optimize the others, practical material development often requires
simultaneous consideration of several performance criteria. Statistical analysis can help identify
influential variables, quantify uncertainty, compare candidate formulations, and select promising
conditions for experimental confirmation.



2.4 Circular economy perspective

The circular economy seeks to retain the value of resources through waste prevention, reuse, recycling,
and recovery, thereby reducing dependence on virgin materials and limiting avoidable disposal. In-
dustrial waste valorization can contribute to these objectives by returning suitable residual materials
to productive applications. In the construction sector, the recovery of construction and demolition
waste illustrates how secondary materials can be incorporated into new production cycles, although
implementation remains dependent on material quality, processing infrastructure, economic feasi-
bility, and regulatory requirements [4, 5]. A simplified pathway for industrial waste valorization
is
Industrial Process — Waste Generation

— Characterization and Treatment

— Statistical Analysis and Material Design

— Performance Validation

— Engineering Application.

Statistical modeling can support this pathway by relating waste characteristics and processing
conditions to measurable engineering responses. It can also help quantify batch variability, compare
alternative formulations, predict performance within a validated domain, and identify promising
conditions for further experimentation. Nevertheless, statistical prediction alone cannot establish
the overall sustainability of a proposed material. The environmental benefits of replacing conven-
tional resources must be assessed in relation to factors such as energy consumption, transportation,
processing requirements, product service life, and end-of-life management. Life-cycle assessment pro-
vides a structured framework for evaluating relevant environmental impacts across a defined product
system [2].

Accordingly, successful waste valorization requires the integration of material characterization,
statistical analysis, engineering validation, and sustainability assessment. This integrated approach
can help distinguish technically feasible applications from those that are merely plausible, while
providing a quantitative basis for developing reliable and resource-efficient engineering materials.

3 Data Collection and Experimental Variables

3.1 Data structure

The quality of statistical analysis depends fundamentally on the quality, relevance, and structure of
the collected data. In industrial waste valorization, observations may be obtained from laboratory
experiments, pilot-scale production, industrial monitoring, or published experimental studies. Each
observation should be associated with clearly defined material characteristics, formulation variables,
processing conditions, and measured engineering responses. Wherever possible, information about
the waste source, production batch, specimen preparation, testing procedure, and measurement units
should also be recorded.
A general representation of the dataset is

D={(V.,X/,Z):i=1,...,n}, (3.1)

where Y; denotes an engineering response, X; is a vector of p waste characteristics, Z; is a vector
of q processing or formulation variables, and n is the number of experimental observations. When
multiple responses are recorded, the response Y; may be replaced by a vector Y; € R™.

For illustration, consider the partial replacement of a conventional binder with fly ash. The
dataset may contain the fly ash replacement percentage, water-to-binder ratio, curing temperature,
curing duration, and compressive strength. The primary objective may be to investigate how the for-
mulation and processing variables influence compressive strength while accounting for experimental
variability. A hypothetical experimental record is presented below.



Table 1: Illustrative structure of a waste-upcycling dataset.

Obs. | Fly ash (%) | Water/binder | Curing | Temperature | Strength
ratio (days) (°C) (MPa)
1 0 0.45 28 25 42
2 10 0.45 28 25 45
3 20 0.45 28 25 48
4 30 0.45 28 25 47
) 40 0.45 28 25 44
6 50 0.45 28 25 39
7 60 0.45 28 25 33
8 70 0.45 28 25 27

Note: The values are hypothetical and are used solely to illustrate the statistical procedures. They do
not represent experimentally validated fly ash performance.

The table 1 represents eight formulations evaluated under the same nominal water-to-binder ratio
and curing conditions. This controlled comparison illustrates the relationship between replacement
level and compressive strength, but it cannot establish the independent effects of curing conditions
because those conditions do not vary. A more comprehensive experiment would vary selected factors
systematically and include sufficient replication to estimate experimental error.

An important distinction is that specimens prepared from the same batch are not necessarily
equivalent to independently produced experimental batches. If several specimens are obtained from
each batch, their shared production conditions may induce dependence. Accordingly, the exper-
imental unit, sampling structure, and replication scheme should be established before selecting a
statistical model [7].

3.2 Waste characteristics

Waste characteristics describe the composition and physical properties of the material being incor-
porated into the final product. Depending on the application, the explanatory vector may be written

as
Xi - (Xi1> Xi27 e ,XZ'I,)T . (32)

Typical variables include chemical composition, silica and alumina contents, calcium and iron
concentrations, particle-size distribution, moisture content, specific gravity, specific surface area,
pH, loss on ignition, organic content, and potentially hazardous constituents. Not every variable is
required in every study; selection should be guided by material science, the intended application,
measurement availability, and relevant safety requirements.

For example, the silica and alumina contents of an aluminosilicate-rich waste may be relevant
to its potential use in cementitious or alkali-activated materials. Particle fineness may influence
packing, surface area, and reaction rates, whereas moisture content can affect the effective water
content of a formulation. Such relationships provide scientific reasons for including these variables
in the analysis rather than selecting predictors solely through automated statistical procedures.

Measurements should, whenever feasible, be collected from multiple batches or sources. The
resulting variability can then be summarized and incorporated into subsequent models. Where
chemical composition is expressed as percentages of total composition, the components are also
subject to a sum constraint. Consequently, increases in one component may necessarily correspond
to decreases in others, creating dependencies that must be considered during regression modeling.



3.3 Processing and formulation variables

Processing variables describe the conditions under which a material is formulated, manufactured,
cured, and tested. They may be represented by

ZZ' - (Zib Zi27 ey Ziq)—r . (33)
Relevant examples include

Z;1 = waste replacement percentage,
Zio = water-to-binder ratio,

Z;3 = curing temperature,

Z;y = curing duration,

Z;5 = compaction pressure.

Other variables may include additive dosage, mixing time, particle pretreatment, processing
pressure, and drying conditions. The choice depends on the material and production method.

Careful experimental design is essential because formulation variables may interact. For instance,
the effect of increasing waste replacement may differ according to curing duration or water-to-binder
ratio. Consequently, varying one factor at a time may fail to reveal important interactions. Factorial
designs and response surface methodology provide systematic approaches to investigating such effects
and identifying promising operating conditions [6, 7].

The experimental range should be selected using scientific knowledge, safety considerations, en-
gineering specifications, and practical manufacturing constraints. Predictions beyond the observed
range should be treated cautiously because an apparently adequate model within the experimental
domain may behave unrealistically under extrapolation.

3.4 Engineering responses

The response variables quantify the performance of the resulting material. Depending on the appli-
cation, a multivariate response may be represented by

Y, = (Ya, Yoo, oo, Yim) (3.4)
where the components may include

Y;1 = compressive strength, Y;s = flexural strength, Y;3 = tensile strength,
Y;4 = water absorption, Y5 = density, Y;s = thermal conductivity,

Y;7 = durability indicator.

These responses represent different aspects of material performance and should be interpreted
according to their engineering significance. Higher strength may be desirable, whereas lower water
absorption may be preferred in some applications. The desirable direction for thermal conductivity
depends on whether the intended product is a thermal insulator or a heat-conducting material. Dura-
bility also requires a clearly specified measurement procedure, exposure condition, and observation
period.

Thus, material selection should not ordinarily be based on a single response in isolation. A
formulation that performs well mechanically may be less satisfactory in terms of cost, durability,
or environmental impact. The response variables should therefore be chosen to reflect the intended
application and the practical criteria against which candidate materials will be evaluated.
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4 Exploratory Statistical Analysis

Exploratory statistical analysis is the initial stage of quantitative investigation. Its purpose is to un-
derstand the structure of the collected data before fitting predictive or explanatory models. Descrip-
tive summaries, graphical displays, and diagnostic checks can reveal variability, skewness, unusual
observations, missing measurements, and preliminary relationships among variables [9, 7]. These pro-
cedures do not replace formal modeling; rather, they help determine which models and diagnostic
methods are appropriate.

4.1 Descriptive statistics

For observations X1, ..., X, the sample mean is
— 1
n

and the sample variance is

$2 = ! Z(XZ-—)_()Q. (4.2)

The sample standard deviation is sx = y/s%. The mean summarizes the central location of the
observations, whereas the standard deviation measures their dispersion around the sample mean.
For a positive variable with a nonzero mean, the coefficient of variation is

CVx = 22X % 100%. (4.3)
| X]
It expresses variability relative to the magnitude of the mean and can assist comparisons among
positive measurements recorded on different scales. However, it becomes unstable when the mean
is close to zero and is generally inappropriate for variables whose meaningful zero or ratio-scale
interpretation is absent.
For the illustrative compressive-strength observations in Table 1, the mean is

Y = % = 40.625 MPa.

Using the sample-variance formula gives
sy =~ 53.41 MPa?, sy ~ 7.31 MPa.

Consequently,
7.31

40.625

These calculations summarize the strength values across the eight different formulations. The
observed variability combines the differences among replacement levels with any other variation
present in the measurements. It should not be interpreted as a pure estimate of measurement error
because the formulations themselves differ.

For an experimental study, a descriptive table should normally report the sample size, mean,
standard deviation, median, interquartile range, and minimum and maximum values, as appropriate.
Where replication is available, summaries should also distinguish variability within a formulation
from variability between formulations or production batches.

v x 100% ~ 18.0%.
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4.2 Distributional analysis

Histograms, empirical distribution plots, density estimates, and boxplots provide complementary
information about the distribution of a variable. Histograms reveal broad distributional features,
while boxplots help identify unusual observations relative to the bulk of the data. Quantile-quantile
plots can be useful when assessing whether a distribution is approximately consistent with a proposed
reference distribution.

For example, compressive-strength observations may exhibit skewness, particularly when several
formulations or material sources are combined. A transformation may be useful if it improves model
adequacy or stabilizes the variability. Common transformations include

Y, =log(V3), Y; >0, (4.4)
and
Y=Y, Y.>o0 (4.5)

The logarithmic transformation is suitable only for strictly positive observations, whereas the square-
root transformation can be applied to nonnegative observations. The choice should be based on the
scientific meaning of the response, the observed distribution, and the assumptions of the intended
model. Transformation should not be performed merely because the raw observations fail a normality
test; in regression, the relevant distributional assumptions generally concern the model errors rather
than requiring every predictor and response to be normally distributed.

4.3 Graphical exploration

Scatterplots provide a useful graphical tool for examining the relationship between an explanatory
variable and an engineering response. For the present illustrative example, Figure 1 displays the re-
lationship between fly ash replacement percentage and compressive strength using the eight observed
pairs (Z;,Y;), i =1,...,8, where Z; denotes the replacement percentage and Y; denotes compressive
strength. The scatterplot indicates that compressive strength initially increases and then decreases,
with the largest observed value of 48 MPa occurring at a replacement level of 20%.

Fly ash replacement and compressive strength
55 \

50 | |
451 e . |
®
40 | |

35

30 - 2

25

Compressive strength (MPa)

20 | | | | | |
0 10 20 30 40 50 60 70

Fly ash replacement (%)

Figure 1: Scatterplot of fly ash replacement percentage against compressive strength for the illus-
trative dataset.

The observed pattern suggests that a linear model may not adequately represent the relationship
between fly ash replacement and compressive strength. However, the largest observed response
should not be interpreted as a validated optimum. The dataset contains only eight illustrative
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observations, without independent replication or estimates of uncertainty at each replacement level.
Consequently, the apparent maximum is descriptive and requires further experimental investigation.

For datasets involving multiple explanatory variables, scatterplot matrices, correlation heatmaps,
and plots stratified by waste source or production batch can reveal associations that may not be
apparent from individual summaries. Such graphical displays should be interpreted in conjunction
with the experimental design, since an apparent association may arise from differences in other
explanatory variables or from variations in the composition of the sampled batches.

4.4 QOutlier assessment and data quality

An unusual observation may arise from a recording error, instrument malfunction, specimen damage,
protocol deviation, or genuine heterogeneity in the waste material. Consequently, an observation
should not be removed merely because it is far from the sample mean or appears as an outlier in a
boxplot.

Potentially influential observations should be checked against laboratory records, instrument
calibration, sample identification, and specimen-preparation procedures. If the observation is valid,
it may contain important information about the range of material behavior. If an error is confirmed,
the correction or exclusion should be documented transparently.

Data-quality assessment should also examine missing values, inconsistent units, duplicate records,
impossible measurements, and differences in testing procedures. Missing observations should be
investigated before choosing a deletion or imputation method. In particular, the analysis should
preserve the distinction between a genuinely unobserved measurement and a measurement that is
absent because a specimen failed or a material did not meet a testing criterion.

5 Correlation and Variable Selection

5.1 Pearson correlation

The Pearson correlation coefficient measures the strength and direction of the linear association
between two quantitative variables. For paired observations (X;,Y;), it is defined as

d (X = X)(Y;-Y)
rxy = = . (51)

Z(Xi - X)? Z(Yz —-Y)?

1=1

Its value lies between —1 and 1. Values near 1 indicate strong positive linear association, whereas
values near —1 indicate strong negative linear association. A value near zero indicates little linear
association, but it does not rule out a nonlinear relationship.

For the eight illustrative observations, let X denote fly ash replacement percentage and Y denote
compressive strength. The sample Pearson correlation is approximately rxy ~ —0.78. This indicates
a negative overall linear association across the observed replacement levels. However, the scatterplot
shows that strength first increases and then decreases. The correlation coefficient therefore does not
fully describe the response pattern. This example illustrates why correlation should be interpreted
alongside graphical exploration and, when appropriate, nonlinear modeling.

5.2 Spearman’s Rank correlation

When the relationship is monotonic but may not be linear, Spearman’s rank correlation provides a
complementary measure. It is the Pearson correlation computed using the ranks of the observations.
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When there are no tied ranks, it can be written as

6 zn: d
=1

s=1——=—=,
' n(n? —1)

(5.2)
where d; is the difference between the ranks of X; and Y.

Spearman’s coefficient is less dependent on the original measurement scales and can detect mono-
tonic associations that are not linear. However, it does not generally identify a nonmonotonic re-
lationship such as a response that increases and then decreases. Neither Pearson nor Spearman
correlation establishes causation; the interpretation must account for the experimental design and
potential confounding variables.

5.3 Correlation matrix

For p explanatory variables, the pairwise correlations can be organized into the matrix

R = (7j&)pxp; (5.3)

where r;;, denotes the correlation between predictors X; and Xj;. A heatmap of this matrix can help
identify groups of strongly associated variables and possible redundancy in the predictor set.

For example, silica and alumina contents may be associated because they arise from related
mineralogical constituents. Likewise, particle size and specific surface area may be strongly related.
Such relationships are scientifically plausible but must be assessed using the actual data rather than
assumed in advance.

A further issue arises when chemical composition is recorded as percentages that sum to a fixed
total. In such cases, the variables are compositionally constrained, and ordinary correlation can
be difficult to interpret independently of that constraint. Depending on the research objective,
compositional-data methods or scientifically justified transformations may be more appropriate than
including every component as an unrestricted predictor.

5.4 Multicollinearity

Multicollinearity occurs when two or more explanatory variables contain overlapping linear informa-

tion. It can make regression coefficients unstable, increase their standard errors, and complicate the

interpretation of individual effects, even when the model retains useful predictive performance.
The variance inflation factor for predictor X is

1

IF, = —
=1

(5.4)

where RJQ- is the coefficient of determination obtained by regressing X; on the remaining explanatory
variables. A value near 1 indicates little linear inflation from the other predictors, whereas larger
values indicate increasing redundancy. Values such as 5 or 10 are sometimes used as diagnostic
reference points, but neither constitutes a universal threshold for excluding a variable.

In waste-derived material studies, multicollinearity may arise from related chemical components,
correlated processing conditions, or variables that are calculated from one another. The appropriate
response depends on the objective. For explanatory modeling, scientifically justified simplification or
carefully chosen predictor sets may improve interpretation. For prediction, regularization methods
such as ridge regression can stabilize estimates without requiring the automatic deletion of scientifi-
cally relevant variables [10].
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5.5 Variable selection

Variable selection aims to identify a useful set of explanatory variables for the scientific or predictive
objective. The process should begin with domain knowledge: variables known to influence material
performance should be considered even when their individual correlations with the response are
modest. A variable may contribute through an interaction or nonlinear effect that is not captured
by a simple pairwise correlation.

Common approaches include scientifically guided selection, comparison of candidate models using
information criteria, stepwise procedures, regularization methods such as the lasso, and variable-
importance measures from machine-learning algorithms. These approaches differ in their assump-
tions, stability, and interpretability [7, 10]. Automated selection should not be treated as a substitute
for experimental understanding, and stepwise selection in particular can produce unstable models
and overstate the apparent certainty of selected coefficients.

For predictive applications, variable selection should be performed within the training and valida-
tion procedure. If predictors are selected using the entire dataset before cross-validation, information
from the validation observations can leak into the modeling process, leading to an overly optimistic
estimate of predictive performance. Where sufficient data are available, the complete selection and
model-fitting procedure should be repeated within each training fold.

For the illustrative fly ash example, replacement percentage is an obvious candidate predictor
because it is the experimental factor under investigation. However, the eight observations do not
support a reliable assessment of a large predictor set, nor can they establish the independent effects
of curing, water-to-binder ratio, or waste composition because these variables were held fixed or
were not recorded as varying factors. A more informative study would vary the relevant factors
systematically, include suitable replication, and evaluate candidate models using diagnostic checks
and independent validation where feasible.

Ultimately, the selected variables should provide a defensible balance between scientific relevance,
interpretability, data availability, and predictive performance. The purpose is not simply to retain the
largest possible number of statistically associated predictors, but to develop a model that adequately
represents the material system and supports reliable conclusions within the domain for which data
are available.

6 Regression Models for Material Performance

Regression analysis quantifies the relationship between material performance and formulation or
processing variables. For waste-derived materials, the response may represent compressive strength,
particle size, thermal stability, durability, or pollutant-removal efficiency. The following numerical
illustrations demonstrate the methodology; the coefficients and observations are hypothetical and
should not be interpreted as results from an actual experiment.

6.1 Multiple linear regression

Suppose the compressive strength Y; depends on waste replacement percentage W;, curing temper-
ature T;, curing duration C;, and water-to-binder ratio R;. The multiple linear regression model
is

Yi = Bo + BiWi + BT + B3C; + BaR; + &5, i=1...,n, (6.1)

where €; represents random variation not explained by the included predictors. The coefficient 3;
measures the expected change in strength associated with a one-unit increase in the corresponding
predictor, holding the other predictors fixed.

For illustration, consider the hypothetical fitted equation

~

Y =25+ 0.18W + 0.12T + 0.08C — 18R. (6.2)

15



Here, W is measured in percentage points, 7" in degrees Celsius, C' in days, and R is dimensionless.
For W =30, T'= 40, C' = 28, and R = 0.45, the predicted strength is

~

Y = 25+ 0.18(30) + 0.12(40) + 0.08(28) — 18(0.45)
= 29.34 MPa.

Thus, the model predicts a strength of 29.34 MPa for this illustrative combination. This prediction is
meaningful only within the context of the assumed equation and the range of experimental conditions
used to fit a real model. In practice, the coefficients are estimated by least squares, which minimizes

SSE(8) = Y (i — Vi) (6.3)

i=1

The fitted model should also be assessed using residual diagnostics and appropriate measures of
predictive performance.

6.2 Polynomial regression

A linear model may be inadequate when increasing the waste content initially improves performance
but eventually reduces it. A quadratic model allows curvature:

Yi= B0+ 512 + 52212 + &4, (6.4)

where Z; denotes waste replacement percentage. If o < 0, the fitted curve is concave and may
possess an interior maximum. Its stationary point is

A
= ——. 6.5
20, (0
This point represents a maximum only when £, < 0 and it lies within the feasible experimental
range.
For example, consider the illustrative equation
Y =424 0.45Z — 0.012522. (6.6)
The estimated stati int is Z* 0.4 18%
e estimated stationary point is 7* = ———— = :
yp 2(—0.0125) ‘

The predicted response there is
?(18) = 42 4+ 0.45(18) — 0.0125(18)? = 46.05 MPa.

This example illustrates how a quadratic model can describe an interior maximum. The value 18%
is not an empirical optimum; it follows solely from the hypothetical coefficients in (6.6).
A cubic model,
Y = Bo+ BiZi + B2 27 + BsZ) + €, (6.7)

can accommodate more complex curvature. However, additional polynomial terms increase model
flexibility and may cause overfitting, especially when observations are few. Model order should
therefore be guided by experimental design, residual analysis, and validation rather than by goodness
of fit alone.
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Figure 2: Illustrative quadratic response curve and its stationary point. The curve is generated from
hypothetical coefficients.

6.3 Interaction models

The effect of one processing variable may depend on the level of another. For example, the effect of
waste replacement may differ between curing temperatures. An interaction model is

Y = Bo + B1Zi + BaZia + BsZin Zio + €4, (6.8)

where Z;; and Z;5 denote the two explanatory variables. The interaction coefficient 3 describes how
the effect of one predictor changes with the other, subject to the model’s scale and specification.

For a numerical illustration, let z; = (W —30)/10 and x5 = (T — 40)/10 be coded waste content
and curing temperature, and consider

~

Y =45+ 221 + 1.529 + 1.22125. (6.9)

At xo = —1, the slope with respect to z1 is 2+1.2(—1) = 0.8. At 25 = 1, it is 24+ 1.2(1) = 3.2. Thus,
the predicted change per unit of coded waste content is larger at the higher coded temperature.
This illustrates an interaction; it does not establish that such an interaction exists in a real material
system.

6.4 Model diagnostics

A regression model should be examined for violations of its assumptions and for systematic patterns
that it fails to capture. The residuals are

Important diagnostic checks include residual normality when required for inferential procedures,
constant error variance, independence, influential observations, and correct functional specification.
Residual-versus-fitted plots can reveal curvature or changing variance, while normal Q—Q plots can
indicate departures from normality. Leverage and influence measures, such as Cook’s distance, can
identify observations that exert disproportionate influence.

For example, if residual magnitudes tend to increase with fitted strength, the constant-variance
assumption may be questionable. A transformation, a variance model, or a more appropriate regres-
sion structure may then be considered. Diagnostic findings should be interpreted jointly rather than
using a single plot as a definitive test.
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7 ANOVA and Comparative Analysis

Analysis of variance (ANOVA) compares mean engineering responses across material types, replace-
ment levels, or processing conditions. It separates total observed variability into components asso-
ciated with specified experimental factors and unexplained variation. Reliable inference requires an
appropriate design and attention to independence, error variance, and model assumptions.

7.1 One-way ANOVA

Suppose three waste-derived formulations, A, B, and C, are tested, with four independent strength
measurements per formulation. The one-way ANOVA model is

Yij=p+ o +eij, i=1,....k, 7=1,...,n; (7.1)
where p is the overall mean and «; is the effect of formulation ¢. The hypotheses are
Ho:pr=pe =" = pu, H, : at least one group mean differs. (7.2)

Consider the following hypothetical observations, measured in MPa, given by Table 2

Formulation 1 2 3 4 | Mean
A 42 44 43 45 43.5
B 46 48 47 49 47.5
C 44 45 46 43 44.5

Table 2: Hypothetical compressive-strength observations (MPa) for three formulations, based on
four experimental replicates, with the corresponding mean strength.

The overall mean is Y. = 45.17 MPa (rounded). The between-group and within-group sums of
squares are

SSB_Zn, . —Y.)? ~ 34.67, (7.3)

SSw = Z 2()@- —Y;)? = 15. (7.4)

i=1 j=1

Consequently,

With k£ = 3 groups and N = 12 observations, the degrees of freedom are 2 between groups and 9
within groups. Hence,

34.67 15
MSB:T%N.BB, MSW:§%1.67,

and the test statistic is

MSg

M SW
Under the usual one-way ANOVA assumptions, this value provides evidence against equality of all
three population means at the 5% significance level. The calculation is illustrative; actual inference

requires genuine independent experimental observations. A significant ANOVA result establishes
that not all means are equal, but it does not by itself identify which pairs differ.

F = ~ 10.40.
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Figure 3: Illustrative group means for three waste-derived formulations.

7.2 Two-way ANOVA

When both waste type and replacement level are studied, a two-way ANOVA model can separate
their main effects and their interaction:

Yijk = p+ o + B; + (af)ij + €iji, (7.5)

where «; is the waste-type effect, ; is the replacement-level effect, and (af3);; is their interaction.
A meaningful interaction indicates that differences among replacement levels are not the same for
all waste types. For instance, a replacement level that performs well with fly ash may not perform
equally well with slag or rice-husk ash. Replication within factor combinations is generally needed
to estimate experimental error and support interaction testing.

7.3 Post-hoc comparisons

When the overall ANOVA test rejects the null hypothesis, a multiple- comparison procedure can
be used to investigate specific group differences. Tukey’s honestly significant difference procedure
is one option for comparing all pairs of means while controlling the family-wise error rate under its
assumptions. Comparisons should include uncertainty estimates, such as confidence intervals, rather
than reporting only rankings of the sample means. When variances differ substantially, alternative
procedures such as Welch’s ANOVA and suitable unequal-variance post-hoc comparisons may be
more appropriate.

8 Response Surface Methodology

Response Surface Methodology (RSM) combines designed experiments and regression modeling to
characterize the effects of controllable variables and identify favorable operating conditions. It is
particularly useful when the response depends on several factors and curvature or interactions are

expected.
W —30 T — 40
Let 11 = ——, 29 =

, where W is waste replacement percentage and T is curing

0
temperature in degrees Celsius. These transformations define dimensionless coded variables centred
at W = 30% and T' = 40°C. A second-order response surface is

?(xl, x9) = o + Lrx1 + Paxs + 511£17% + 522963 + Bia1 2. (8.1)
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The linear terms represent local main effects, the squared terms represent curvature, and the product
term represents interaction.

8.1 Response surface visualization

For illustration, consider the hypothetical fitted surface

Y (21, m2) = 48 + 22y + 1.525 — 227 — 1.523
+ O.8$1.T2, -1 S T1,T9 S 1. (82)

The surface is concave because the quadratic terms are negative and the Hessian matrix

—4 08
"= (0.8 —3)

is negative definite: its first leading entry is negative and det(H) = 12—0.64 = 11.36 > 0. Therefore,
the stationary point is the unique maximum of this quadratic surface, provided it lies inside the
specified feasible region.

Predicted strength (MPa)

Coded waste content (z1) Coded temperature (z2)

Figure 4: Three-dimensional response surface for the illustrative second-order model in (8.2).

8.2 Optimization through RSM

The estimated optimum is obtained by solving

(71,%5) = arg max Y (z1,22), (8.3)
(z1,22)ER

where R denotes the feasible experimental region. For the illustrative surface in (8.2), the stationary
point solves

oY oY
— =2—4x1 +0.829 = 0, — =15+0.82; — 3x5 = 0.
8x1 81‘2

Solving these equations gives approximately Z; = 0.634, Z, = 0.669. Returning to the original units,

— ~

W =30+ 10(0.634) = 36.34%, T = 40 + 10(0.669) = 46.69°C.
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The predicted response at this point is approximately ?(0.634, 0.669) ~ 49.14 MPa.

These values illustrate the optimization procedure, not a validated industrial formulation. In an
actual study, the candidate optimum should be checked against operational constraints, prediction
uncertainty, and independent confirmation experiments. If the stationary point lies outside the
feasible region, optimization must instead be carried out over the permitted region, including its
boundaries.

In sustainable material design, maximizing strength alone may not be sufficient. A practical
optimization may also impose limits on cost, energy consumption, emissions, durability, or the pro-
portion of waste incorporated. These requirements can be represented as constraints or combined in
a multi-response desirability function. The final recommendation should balance predicted perfor-
mance with environmental and operational feasibility.

9 Mixed-Effects Models for Batch Variability

Industrial waste streams often vary in chemical composition, particle size, moisture content, and con-
taminant concentration. Consequently, observations from the same production batch may be more
similar than observations from different batches. Mixed-effects models account for this hierarchical
structure while estimating the effects of formulation and processing variables.

9.1 Random-intercept model

Let Y;; denote the engineering response for observation ¢ from batch j. A random-intercept model is

p
Yij = B+ Z/BrXijr + bj + €ijs (9.1)

r=1

where b; is the batch-specific random intercept and ¢;; is the observation-level error. A standard
assumption is
ijN<0,0'g), €Z'jNN(0,O'2)7

with independent batch effects and errors. The variance o7 quantifies between-batch variability,
whereas 02 represents residual variability within batches after accounting for the predictors.

For example, suppose the estimated variance components are o7 = 9 and % = 4, in MPa?. The
total variance for observations with the same predictor values is then

O = 9+4=13.
The intraclass correlation coefficient (ICC) is

% =~ 0.692. (9.2)

P =515 13

Thus, approximately 69.2% of the modeled variance is attributable to differences between batches.
This hypothetical result would indicate substantial batch heterogeneity and support monitoring
batch-level properties during industrial production.
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Figure 5: Hypothetical variance components in a random-intercept model for material strength.

9.2 Batch-specific predictions and repeated measurements

The estimated batch effect can be used to obtain batch-specific predictions:

p
Yij = fo+ ZBrXijr + bj.

r=1

The estimates Ej are commonly obtained using empirical best linear unbiased prediction (BLUP)
under the fitted model. They are typically shrunk towards zero, especially for batches with limited
observations. This avoids treating a noisy batch mean as if it were estimated without uncertainty:.
Mixed-effects models can also accommodate measurements taken at multiple curing ages. For
example,
}/ij = Bo + 6175@' + b()j + bljtij + Eij, (93)

where ¢;; is curing age, by; is a batch-specific intercept, and by is a batch-specific slope. The random
slope allows strength development to vary between batches. If observations are repeated on the same
specimen, their within-specimen dependence must also be considered when specifying the model.

10 Machine-Learning Models for Prediction

Regression models are useful for interpretation and inference, but industrial-material relationships
may involve nonlinear effects, thresholds, and complex interactions. Machine-learning methods can
provide flexible predictions when sufficient representative data are available. Their usefulness de-
pends on sample size, data quality, validation design, and the intended application.

10.1 Random forest

A random forest averages predictions from an ensemble of decision trees:

Y(X) = %ZT,)(X), (10.1)

where Tj denotes tree b and B is the number of trees. Random forests can represent nonlinearities
and interactions without specifying a polynomial model in advance. Variable-importance measures
can assist exploratory analysis, although importance does not establish causality and may be biased
when predictors differ in scale or correlation structure.
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10.2 Support vector regression

Support Vector Regression (SVR) estimates a function while balancing prediction errors against
model complexity. With a nonlinear kernel, the fitted predictor can be expressed as

Y(X) = (o — o)) K(X;, X) +b, (10.2)
i=1
where K is the chosen kernel and «;, o are estimated coefficients. The kernel and tuning parameters

should be selected using training data and cross-validation. SVR can be useful for small or moderate
datasets, but its performance depends on appropriate scaling and tuning.

10.3 Artificial neural networks

A feed-forward neural network represents a sequence of transformations of the input variables. A
single-hidden-layer regression network may be written as

H
}/} = 50 —+ Z /Bhg (aho + a,;L—X) s (103)
h=1

where ¢ is an activation function and H is the number of hidden units. Neural networks can
approximate complex nonlinear relationships, but large numbers of parameters can lead to overfitting
when only a limited number of material formulations have been tested.

10.4 Gradient boosting

Gradient boosting builds an ensemble sequentially by adding learners to improve the current fit:

Fur(X) = fo(X) + D ymhn(X), (10.4)

where h,, is the learner added at iteration m, -, is its fitted contribution, and 7 is a learning-rate
parameter. Boosted trees can provide strong predictive performance for structured tabular data, but
tree depth, learning rate, and number of iterations require careful tuning.

10.5 Interpretability

Predictive accuracy alone is insufficient when a model will inform material formulation or industrial
process control. Partial dependence plots can summarize the average predicted response as one
predictor varies, while accumulated local effects can be useful when predictors are correlated. Feature
importance and SHAP-type attributions can help describe model behavior, but their results depend
on the fitted model and data distribution. These methods should be interpreted as explanations of
predictions rather than proof of physical mechanisms.

11 Model Validation and Performance Comparison

Predictive performance must be evaluated using observations that were not used to fit the model. Let
Dirain denote the training data and Dy the held-out test data. The test set should remain separate
from model selection and hyperparameter tuning to avoid optimistic performance estimates.
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11.1 Prediction-error measures

For n test observations, the root mean squared error (RMSE) and mean absolute error (MAE) are

1 ~
RMSE = | = Y; —Y;)2, 11.1
w2 (1L.1)
1 — ~
MAE = = Y; — Yil. 11.2
n;! | (11.2)

RMSE penalizes large errors more strongly, whereas MAE summarizes the typical absolute error in
the response’s measurement units. The test-set coefficient of determination is

R, =1-—"= , (11.3)

n

Z(}/z - Y/test)2

=1

where Y is the mean of the observed test responses. A negative test-set R? is possible and indicates
that the predictions perform worse, under this metric, than predicting the test-set mean.

Consider five hypothetical test responses: Y = (40,45,50,55,60) MPa. The following table 3
uses illustrative predictions to demonstrate the calculation. These are not fitted results from a real
dataset.

Model Yi Yy | Y;]Y,|Ys | RMSE | MAE R?
Linear regression | 42 | 46 | 49 | 57 | 58 | 1.673 | 1.600 | 0.944
Random forest |41 |46 |51 |54 |61 | 1.000 | 1.000 | 0.980
SVR 43 144149 |56 | 59 | 1.612 | 1.400 | 0.948
Gradient boosting | 40 | 47 | 49 | 56 | 60 | 1.095 | 0.800 | 0.976

Table 3: Comparison of predictive performance of statistical and machine-learning models for con-
crete compressive strength.

For the random forest, the squared errors are 1,1,1,1, 1, giving

RMSE = \/g =1 MPa, MAE = g =1 MPa.

The test-response mean is 50 MPa and the total sum of squares is 250 MPa?. Hence,

5

Rthst =1- ﬁ

= 0.98.

In this illustration, the random forest has the smallest RMSE, whereas gradient boosting has the
smallest MAE. The ranking therefore depends partly on the performance measure. With only five
test observations, however, these rankings would be highly uncertain, as seen in Figure 6.
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Figure 6: Observed versus predicted values for two illustrative models. Points closer to the dashed
line have smaller prediction errors for these observations.

11.2 Cross-validation and fair comparison

In K-fold cross-validation, the training data are partitioned into K folds. Each fold is used once for
validation while the remaining folds are used for fitting. The fold-specific errors can be summarized to
compare candidate models and tune hyperparameters. Preprocessing, including imputation, scaling,
and feature selection, must be learned within each training fold rather than from the full dataset.

For industrial data, random splitting may be inappropriate if observations from the same batch
occur in both training and test sets. When the intended application is prediction for a new production
batch, group-based validation should hold out entire batches. Where predictions concern future
production, a time-ordered split may be more suitable. These choices prevent information leakage
and give a more realistic assessment of deployment performance.

11.3 Model selection

The preferred model should combine predictive accuracy with interpretability, robustness, compu-
tational cost, and suitability for the intended engineering decision. A model with a slightly larger
RMSE may be preferable if its effects are easier to explain, its predictions are more stable across
batches, or it supports reliable uncertainty quantification. The table above is a calculation example
only; a real model comparison should report metrics calculated from the same validation design.

12 Statistical Optimization of Material Formulation

After model development and validation, the fitted response function can be used to identify promis-
ing formulations. Let Z = (Zi,...,Z,)" denote controllable formulation and processing variables,

~

and let f(Z) be the predicted engineering response. A single-response optimization problem is

~

max (Z), (12.1)

where R is the feasible region defined by engineering, safety, and operational constraints.
For example, suppose Z is the waste replacement percentage and the feasible range is 0% < Z <
50%. Consider the hypothetical prediction function

Y(Z) =42+ 0.45Z — 0.012522. (12.2)
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Its stationary point is Z = 18%, which lies within the feasible range and maximizes the fitted
quadratic because the coefficient of Z? is negative. Nevertheless, this conclusion is conditional
on the model being appropriate over the specified range. An independent experiment should be
conducted near the proposed optimum before implementation.

12.1 Multiple engineering objectives

A sustainable formulation may need to maximize strength while minimizing water absorption, cost,
and carbon footprint. These objectives can conflict, so a single maximum may not exist that simul-
taneously optimizes every response. One approach is to define desirability functions d,(Y;) € [0, 1]
that encode the acceptable range and target for each response. A weighted geometric aggregate is

r=1

m 1/3°75, wr
D(Z) = {H[dr(ﬁ(zm“’*} . w20, (12.3)

where w, expresses the relative importance of response r. The formulation is selected by maximizing
D(Z) over the feasible region. If any positively weighted desirability is zero, the aggregate is zero.
Weights and desirability functions should be justified before examining the final optimum, not chosen
solely to favor a preferred formulation.

A second approach is Pareto optimization, which identifies formulations for which no objective
can be improved without worsening at least one other objective. The resulting Pareto frontier
makes trade-offs explicit and can be particularly useful when engineering performance, cost, and
environmental impact are all important.

13 Sustainability and Circular-Economy Assessment

Statistical performance should be connected to material utilization, environmental impact, energy
demand, and cost. A formulation with high strength is not necessarily more sustainable if it requires
energy-intensive processing, long-distance transport, or hazardous pretreatment. FEnvironmental
comparisons should therefore use consistent system boundaries and a clearly specified functional
unit, following life-cycle assessment principles.

13.1 Waste utilization

A simple waste-utilization indicator is

WU = —2este o 100%, (13.1)

MMmaterial

where Myaste 1S the mass of industrial waste incorporated and Mmpaterial i the total mass of the
resulting material, both measured on a consistent basis.
For example, incorporating 30 kg of waste into 100 kg of final material gives

30
= - 1 pum— .
WU 100 x 100% = 30%

This metric measures the waste fraction; it does not by itself demonstrate environmental benefit or
product safety.
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13.2 Carbon-emission reduction

Let Ceony and Cy, denote emissions per equivalent functional unit for conventional and upcycled
materials. The percentage reduction is

C(conv - C

CR = =22 —— x 100%. (13.2)

If the conventional option emits 500 kg COs-equivalent and the upcycled option emits 380 kg COq-
equivalent per equivalent functional unit, then

~ 500 — 380

on 200

x 100% = 24%.

A negative value would indicate greater emissions for the upcycled option. Such comparisons should
include relevant processing, transportation, pretreatment, and end-of-life stages where these fall
within the chosen system boundary.

13.3 Energy consumption and production cost

Energy demand may be modeled as a function of formulation and processing conditions:
E=E(Z,....Z,), E=E2).

The total production cost may similarly be decomposed as

Ctotal = C’rauw + Cprocessing + Ctransport + C'energy- (133)

For illustration, if these cost components are respectively 40, 25, 10, and 15 monetary units per
functional unit, then the total is 90 monetary units. Such a calculation is meaningful only when
the components share the same cost basis and production quantity. Costs associated with waste
collection, quality control, emissions treatment, and disposal should also be included when relevant.

13.4 Illustrative sustainability comparison

Consider two hypothetical formulations assessed on the same functional basis. The following values
demonstrate how engineering and environmental indicators can be presented together, as in Table 4.

Indicator Formulation A | Formulation B
Waste utilization (%) 20 30
Strength (MPa) 45 44
Carbon emissions (kg CO2-eq.) 500 380
Production cost (monetary units) 90 94

Table 4: Hypothetical comparison of engineering, waste-utilization, environmental, and economic
indicators for two alternative formulations.

Formulation B incorporates more waste and has lower illustrative carbon emissions, but its pre-
dicted strength is slightly lower and its cost is higher. Whether B is preferable depends on minimum
strength requirements, cost limits, environmental boundaries, and the relative importance assigned
to each outcome.
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Figure 7: Hypothetical carbon-emission comparison on an equivalent functional basis.

13.5 Integrated sustainability score

For preliminary screening, normalized indicators may be combined into a composite score:

4
S = wy Sengineering + w2Senvironmental + U)SSeconomic + w4Swaste7 E Wy = ]-7 (134)
r=1

where each component is scaled consistently so that a higher value represents better performance.
For example, strength may be scored higher when it increases, whereas cost and emissions should
be transformed so that lower values correspond to higher desirability.

The weights should reflect transparent engineering priorities or a justified decision-making pro-
cedure. Because normalization and weighting can materially affect rankings, sensitivity analysis
should examine whether the preferred formulation changes under plausible alternative weights. A
composite score is a decision aid, not a substitute for reporting the individual indicators and their
uncertainties.

14 Case Study: Statistical Analysis of a Real Industrial-
Waste Dataset

14.1 Dataset and research objectives

This case study uses the Concrete Compressive Strength dataset originally developed by Yeh (1998)[11]
and distributed through the UCI Machine Learning Repository (https://archive.ics.uci.edu/
dataset/165/concrete+compressive+strength). The dataset contains 1,030 observations, with
eight quantitative explanatory variables and one quantitative response variable. The explanatory
variables are cement, blast-furnace slag, fly ash, water, superplasticizer, coarse aggregate, fine ag-
gregate, and curing age. The constituent quantities are measured in kg/m3, curing age is measured
in days, and compressive strength is measured in MPa. The accompanying dataset documentation
reports no missing attribute values.

The dataset is relevant to industrial-waste valorization because blast-furnace slag and fly ash
are industrial by-products that can be incorporated into cementitious materials. Their use in con-
crete formulations provides a practical setting for examining the relationship between by-product
incorporation, mixture composition, and mechanical performance. Nevertheless, the dataset does not
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contain production-batch identifiers, detailed waste chemistry, curing temperature, production costs,
energy consumption, or life-cycle environmental indicators. Therefore, the analysis investigates the
statistical relationships between concrete composition and compressive strength rather than claiming
a comprehensive assessment of environmental or economic sustainability.

The principal objectives are to characterize the distribution of compressive strength, investigate
its association with mixture constituents, compare alternative regression specifications, examine
the observed difference between mixtures with and without fly ash, and explore nonlinear response
patterns involving fly ash content and curing age. The numerical results reported below are obtained
from the analysis files contained in the accompanying case-study archive.

14.2 Descriptive and graphical analysis

Let Y; denote the measured compressive strength of the ith concrete mixture. Across the 1,030
observations, the mean compressive strength is 35.818 MPa, with a standard deviation of 16.706
MPa. The observed strengths range from 2.332 to 82.599 MPa. The first and third quartiles are
23.707 and 46.136 MPa, respectively, while the median is 34.443 MPa. Thus, the interquartile range
is approximately 22.429 MPa, indicating substantial variation in mechanical performance across the
recorded mixtures.

The mean is slightly greater than the median, suggesting some right-sided asymmetry in the
empirical distribution. The histogram and boxplot provide complementary views of this variability.
In particular, the wide observed range indicates that concrete mixtures with different compositions
and curing ages can exhibit markedly different compressive strengths. Consequently, a single average
strength would not adequately characterize the dataset.

Variable Mean SD | Min. @1 | Median Qs | Max.
Compressive strength (MPa) | 35.818 | 16.706 | 2.332 | 23.707 | 34.443 | 46.136 | 82.599

Table 5: Descriptive statistics for compressive strength in the UCI Concrete Compressive Strength
dataset.

Boxplot of compressive strength

]
80

Distribution of concrete compressive strength

80

60

@
3

40

Frequency
5

20

Compressive strength (MPa)

20

0 20 40 60 80
Compressive strength (MPa)

0

Figure 8: Empirical distribution of concrete 04 02 00 02 04
compressive strength in the 1,030 observa-
tions. Figure 9: Boxplot of concrete compressive

strength, showing the median, interquartile
range, and observations beyond the central
spread.

29



Figure 9 presents the histogram and boxplot of compressive strength. These graphics help iden-
tify the spread of observations and the presence of relatively low or high strength values. Such
observations should not automatically be treated as erroneous, since they may represent genuine
differences in mixture composition or curing age.

14.3 Correlation analysis

Pearson correlation coefficients were calculated to summarize the linear associations between the
explanatory variables and compressive strength. The largest positive correlation with strength is
observed for cement content, with » = 0.498. Superplasticizer content has a positive correlation of
r = 0.366, while curing age has a positive correlation of r = 0.329. Blast-furnace slag has a weaker
positive correlation with strength (r = 0.135).

In contrast, water content has a negative Pearson correlation of » = —0.290 with compressive
strength. Fine aggregate and coarse aggregate also exhibit negative correlations, equal to —0.167
and —0.165, respectively. Fly ash has a weak negative linear correlation with strength (r = —0.106).
These coefficients describe the observed mixtures and should not be interpreted as isolated causal
effects. For example, the association between fly ash and strength may partly reflect differences in
cement content, water content, curing age, and other formulation characteristics.

The correlation matrix also reveals relationships among the explanatory variables. In particular,
water and superplasticizer have a Pearson correlation of —0.657, while water and fine aggregate have
a correlation of —0.451. Cement and fly ash are negatively correlated (r = —0.397), and fly ash
and superplasticizer are positively correlated (r = 0.377). These relationships indicate that mixture
constituents do not vary independently, which is important when interpreting individual regression
coefficients.

Variable Pearson correlation with strength
Cement 0.498
Superplasticizer 0.366
Curing age 0.329
Blast-furnace slag 0.135
Fly ash —0.106
Coarse aggregate —0.165
Fine aggregate —0.167
Water —0.290

Table 6: Pearson correlations between selected explanatory variables and compressive strength

The Spearman correlation between curing age and strength is 0.596, which is considerably greater
than the corresponding Pearson correlation of 0.329. This difference is consistent with the possibility
that the association between curing age and strength is not adequately summarized by a simple linear
relationship. Spearman’s coefficient measures rank-based monotonic association and does not require
the relationship to be linear. The Pearson and Spearman correlations between cement and strength
are similar, at 0.498 and 0.478, respectively. For fly ash, the corresponding values are —0.106 and
—0.078, indicating a weak marginal association with strength under both measures.

The correlation heatmap in Figure 10 provides a compact visualization of the relationships among
all nine variables. The results support the use of multivariable models because the observed strength
is associated with several mixture characteristics, while the explanatory variables themselves also
exhibit appreciable correlations.
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Figure 10: Pearson correlation heatmap for mixture constituents, curing age, and compressive
strength.

14.4 Regression and response-surface analysis

The baseline multiple linear regression model is specified as

Y; = Bo + B1Cement; + [5Slag; + SsFlyAsh, 4+ 5, Water;
+ PsSuperplasticizer; + fsCoarseAggregate, + SrFineAggregate; + SsAge, + &, (14.1)

where Y; is compressive strength and ¢; denotes the unexplained component.

To investigate potential nonlinear relationships, a quadratic regression model adds squared terms
for fly ash content and curing age. A response-surface specification further includes an interaction
between fly ash and curing age. The corresponding additional terms can be written as

Y1 FlyAsh? + vy, Age? 4 v3FlyAsh;Age;.

These terms allow the fitted relationship to exhibit curvature and permit the association between
fly ash and strength to vary with curing age.
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Table 7: Training-data model-
selection criteria for the three
regression specifications.

The training-data model-selection results are summarized in Table 7. The adjusted coefficient of
determination for the linear regression is 0.616, whereas the quadratic and response-surface models
achieve adjusted R? values of 0.758 and 0.759, respectively. Thus, the two nonlinear specifications
account for a greater proportion of the variation in the training response after adjustment for the
number of fitted parameters. The Akaike information criterion (AIC) decreases from 6222.697 for
the linear regression to 5844.700 for the quadratic model and 5840.476 for the response-surface
model. The Bayesian information criterion (BIC) is 6269.838, 5901.270, and 5901.761, respectively.
Accordingly, the response-surface model has the smallest AIC, whereas the quadratic model has a
marginally smaller BIC. The difference in BIC between the two nonlinear models is approximately
0.490, so this criterion does not provide strong separation between them. Taken together, the re-
sults suggest that allowing curvature improves the in-sample representation of compressive strength,
although these criteria alone do not establish superior predictive performance on unseen data.

The diagnostic figure in Figure 11 is used to assess the adequacy of the linear model. Residual-
versus-fitted plots help identify systematic patterns or nonconstant residual variance, while normal
Q-Q plots assess departures from normality. Such diagnostics are important because a high adjusted
R? does not, by itself, guarantee that the regression assumptions are appropriate.

For a complete predictive comparison, the candidate models should be evaluated on the same
held-out observations using root mean squared error (RMSE), mean absolute error (MAE), and test-
set R%. These quantities should be reported separately from adjusted R?, AIC, and BIC, which are
training-data criteria in the supplied analysis. The latter are useful for comparing fitted regression
specifications but cannot replace an independent evaluation of predictive accuracy.

14.5 Exploratory analysis of fly ash incorporation

To examine the observed differences between mixtures with and without fly ash, the data were
divided into two groups: mixtures with zero fly ash and mixtures with positive fly ash content.
There are 566 observations in the zero-fly-ash group and 464 observations in the positive-fly-ash

group.
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The mean compressive strength is 36.772 MPa for mixtures without fly ash and 34.654 MPa for
mixtures containing positive amounts of fly ash. The corresponding standard deviations are 18.445
and 14.234 MPa, while the medians are 35.301 and 33.743 MPa, respectively. Thus, the zero-fly-ash
group has a higher observed mean by approximately 2.117 MPa. The positive-fly-ash group also
exhibits a smaller sample standard deviation, indicating less observed dispersion in strength in this
particular grouping.

A one-way analysis of variance was used to test Ho : ftyer0 = ftpositive against the alternative that
the two group means differ. The reported ANOVA gives F(1,1028) = 4.108 with p = 0.0429. At the
conventional 5% significance level, the null hypothesis is rejected. The observed difference between
the two group means is therefore statistically significant under this one-way ANOVA analysis.

Group " (1\1\2[;11)1 (Mlig 1\/([1(\3/;111311; Source df | Sum of squares F | p-value
Zero fly ash 566 | 36.772 | 18.445 | 35.301 E{le};i?iilgsmup . 02; zgé(l)g?o"é 4.108 1 0.0429
Positive fly ash | 464 | 34.654 | 14.234 | 33.743 :

Table 9: One-way ANOVA comparing mean com-
pressive strength between mixtures with zero and
positive fly ash content.

Table 8: Descriptive comparison of compressive
strength by fly ash presence.

This finding, provided by tables 8 and 9 must be interpreted cautiously. The grouping does not
control for cement, water, slag, superplasticizer, aggregate proportions, or curing age. The result
therefore does not imply that adding fly ash necessarily reduces compressive strength. It indicates
only that the average strengths of the two observed groups differ in this dataset. A more informative
assessment of the role of fly ash would adjust for the other mixture constituents and examine possible
interactions and nonlinear effects. Figure 12 displays the group comparison. The substantial overlap
between the two distributions is consistent with the modest difference in their means relative to
the observed within-group variation. Hence, fly ash presence alone does not provide a complete
explanation of compressive strength.

Strength by fly ash presence

80

60

40

Compressive strength (MPa)

Zero fly ash Positive fly ash
Fly ash group

Figure 12: Compressive strength for mixtures with zero and positive fly ash content.
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14.6 Exploratory formulation screening
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Figure 13: Exploratory response surface for predicted concrete compressive strength as a function
of fly ash content and curing age, conditional on the reference values of the remaining constituents.

The response-surface analysis was also used to examine predicted strength over a grid of fly ash
contents and curing ages, while holding the other mixture constituents at specified reference values.
The resulting contour plot, shown by Figure 13, illustrates the fitted model’s conditional predictions
and provides a visual summary of the nonlinear response pattern. The supplied grid-search output
identifies a candidate with fly ash content of 200 kg/m? and curing age of approximately 263.633
days. At this point, the other constituents are fixed at cement content 266 kg/m?, blast-furnace slag
content 24 kg/m3, water content 185 kg/m3, superplasticizer content 6.625 kg/m?, coarse aggregate
content 968 kg/m?, and fine aggregate content 780.09 kg/m3. The fitted model predicts a compressive
strength of approximately 74.092 MPa for this combination.

This candidate is an exploratory model-based result, not a validated optimum. In particular, the
prediction is conditional on the chosen reference composition and the fitted response surface. The
available grid-search output does not establish that this combination satisfies all practical mixture-
design constraints, nor does it demonstrate that an experimental specimen prepared at this compo-
sition would achieve the predicted strength. Confirmation would require a feasible mixture-design
assessment and independent experimental validation. The result should therefore be interpreted as
a candidate for further investigation rather than a final formulation recommendation. The results
are presented in Table 10.

Quantity Value
Cement (kg/m?) 266.000
Blast-furnace slag (kg/m?) | 24.000
Fly ash (kg/m?) 200.000
Water (kg/m?) 185.000
Superplasticizer (kg/m?) 6.625

Coarse aggregate (kg/m?) | 968.000
Fine aggregate (kg/m?) 780.090
Curing age (days) 263.633
Predicted strength (MPa) 74.092

Table 10: Exploratory response-surface candidate recorded in the analysis archive, including the
selected mixture proportions, curing age, and predicted compressive strength.
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Although the response-surface analysis can help screen potential formulations for mechanical per-
formance, it cannot directly identify the most environmentally sustainable formulation. The dataset
does not contain carbon emissions, energy consumption, cost, or life-cycle assessment indicators.
Accordingly, the candidate cannot be described as the environmental or economic optimum. Such
an assessment would require additional measurements and a multi-objective optimization framework
that incorporates both mechanical performance and sustainability criteria.

14.7 Reproducibility and limitations

The analysis archive contains the analysis-ready dataset, descriptive statistics, Pearson and Spear-
man correlation matrices, ANOVA output, regression-model selection criteria, the exploratory response-
surface candidate, and the figures used in this case study. These materials provide a basis for
reproducing the reported numerical summaries and graphical analyses. The original dataset docu-
mentation identifies 1,030 observations, nine variables, and no missing attribute values.

Several limitations should be considered when interpreting the findings. First, the data represent
concrete mixture records and do not provide production-batch identifiers; therefore, the analysis
cannot quantify between-batch variability or establish performance under a batch-based validation
design. Second, correlations and the unadjusted fly ash group comparison are observational and do
not establish causal effects. Third, the regression criteria available in the archive describe training-
data fit, while a complete numerical table of held-out predictive performance for all candidate models
is not included. Consequently, the available results do not support declaring one of the seven candi-
date prediction methods the definitive best model. Finally, environmental and economic superiority
cannot be established without direct sustainability measurements.

Overall, this case study demonstrates how descriptive statistics, correlation analysis, analysis of
variance, nonlinear regression, and response-surface screening can be combined to investigate the
mechanical performance of concrete containing industrial by-products. The numerical results show
substantial variation in compressive strength, a stronger marginal association with cement and curing
age than with fly ash alone, and improved training-data fit when nonlinear terms are introduced.
These findings illustrate the usefulness of data-driven statistical analysis for preliminary formulation
screening while highlighting the need for independent validation and additional environmental and
economic data before drawing broader conclusions about sustainable material design.

15 Challenges, Future Directions, and Conclusions

The sustainable utilization of industrial waste in engineering materials presents considerable oppor-
tunities for resource conservation, waste minimization, and circular-economy development. However,
translating these opportunities into reliable industrial applications requires a systematic understand-
ing of the relationships among waste characteristics, material composition, processing conditions,
and final engineering performance. Statistical modeling provides a valuable framework for investi-
gating these relationships, quantifying uncertainty, identifying influential variables, and supporting
evidence-based material design. Nevertheless, several methodological and practical challenges must
be addressed before data-driven approaches can be applied reliably across different waste streams,
material formulations, and industrial environments.

One of the principal challenges is the inherent heterogeneity of industrial waste. Waste mate-
rials originating from different industries, production processes, geographical regions, and storage
conditions may exhibit substantial differences in chemical composition, particle-size distribution,
moisture content, and physical properties. Even materials obtained from the same industrial source
may vary considerably between production batches. Such variability can influence both the repro-
ducibility of experimental results and the predictive performance of statistical models. Consequently,
future investigations should consider hierarchical and mixed-effects models that explicitly account for
batch-to-batch and source-specific variations. Where data are collected from multiple industries or
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geographical locations, multilevel modeling may help distinguish general relationships from source-
dependent effects. The systematic characterization of waste materials, together with appropriate
uncertainty quantification, would further improve the reliability and transferability of the resulting
models.

The availability of experimental data represents another important limitation. Materials research
frequently involves expensive laboratory procedures, specialized equipment, and time-consuming me-
chanical or chemical tests, which may restrict the number of observations available for statistical
analysis. Although complex machine-learning algorithms can represent highly nonlinear relation-
ships, their use with limited datasets may lead to overfitting and unreliable predictions outside the
observed experimental range. Therefore, the complexity of a statistical model should be selected
according to the amount, quality, and structure of the available data. Regression models, regular-
ization techniques, and carefully specified response-surface models may provide effective alternatives
when sample sizes are relatively small. Cross-validation should be employed to assess predictive
performance, while independent datasets should be used whenever possible to evaluate generalizabil-
ity. Future studies may also investigate optimal experimental-design strategies to select informative
formulations and processing conditions, thereby reducing experimental costs without compromising
the quality of statistical inference.

Missing observations and measurement uncertainty require equally careful consideration. Certain
chemical properties, microstructural characteristics, or mechanical responses may remain unobserved
because the corresponding tests are costly, technically difficult, or unavailable for every experimental
specimen. Simply deleting incomplete observations may reduce the effective sample size and intro-
duce bias when the probability of missingness is related to observed or unobserved variables. Future
research should therefore examine statistically appropriate missing-data procedures, including mul-
tiple imputation, likelihood-based methods, and sensitivity analyses under alternative missingness
assumptions. The suitability of any procedure should be evaluated in relation to the data-collection
mechanism and the scientific objectives of the investigation. In addition, engineering measure-
ments are subject to experimental error, specimen-to-specimen variation, and laboratory-specific
conditions. For example, nominally identical specimens may exhibit different compressive strengths
because of variations in preparation, curing, composition, or testing. Accordingly, reporting only a
fitted mean response or a point prediction may provide an incomplete description of material perfor-
mance. Prediction intervals, confidence intervals, and, where appropriate, estimates of measurement
and between-specimen variability should accompany statistical predictions. Such information is par-
ticularly important when predicted material properties are used to assess engineering suitability or
compliance with performance requirements.

A further challenge concerns the transferability of laboratory findings to pilot-scale and industrial-
scale production. A material formulation that performs satisfactorily under controlled laboratory
conditions may behave differently when produced using industrial equipment or under less uniform
environmental conditions. Differences in mixing efficiency, temperature regulation, curing proce-
dures, production scale, and raw-material composition may alter the resulting material properties.
Therefore, a formulation identified as promising by a laboratory-based statistical model should not
automatically be regarded as an industrially validated solution. Future studies should progressively
evaluate model performance using laboratory, pilot-scale, and industrial-scale observations. Where
datasets from these stages are available, domain-specific effects and changes in the relationships
between processing variables and material responses can be investigated explicitly. Periodic model
recalibration may also be necessary when production conditions or the characteristics of the in-
coming waste stream change over time. This approach would help distinguish formulations that
perform well under a particular experimental setting from those that remain reliable under practical
manufacturing conditions.

The integration of conventional statistical methods with artificial intelligence offers another im-
portant direction for future research. Exploratory data analysis, correlation analysis, regression,
analysis of variance (ANOVA), and response-surface methodology provide interpretable tools for un-
derstanding experimental relationships and assessing differences among material formulations. How-
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ever, complex interactions and nonlinear dependencies may not always be adequately represented by
simple parametric models. Machine-learning approaches, including random forests, support vector
regression, artificial neural networks, and gradient boosting, can complement conventional methods
when sufficient high-quality data are available. Rather than treating statistical modeling and ma-
chine learning as competing alternatives, future investigations should evaluate their complementary
strengths through systematic model comparison and independent validation. Explainable machine-
learning methods are particularly relevant because engineering practitioners need to understand not
only the predicted performance of a formulation but also the variables and interactions contribut-
ing to that prediction. Feature-importance measures and partial-dependence analyses may assist
interpretation, although their results should be examined carefully when predictors are strongly
correlated. The combined use of interpretable statistical models and flexible predictive algorithms
could provide a more comprehensive basis for material characterization, performance prediction, and
formulation development.

Industrial digitalization also creates opportunities to extend statistical modeling beyond the
analysis of static experimental datasets. Modern production environments increasingly generate
information through sensors, automated monitoring systems, and digital manufacturing platforms.
Measurements of temperature, moisture, pressure, material composition, mixing duration, and en-
ergy consumption could be integrated with laboratory measurements of mechanical and physical
performance. These data may support the development of dynamic predictive models that track
changes in production conditions and identify deviations from desired material properties. Future
research could investigate online monitoring, sequential model updating, and early-warning proce-
dures for detecting changes in raw-material characteristics or manufacturing performance. However,
successful implementation would require reliable sensor measurements, appropriate data preprocess-
ing, robust model validation, and consideration of delays between processing conditions and the
availability of final quality measurements. When these requirements are satisfied, data-driven mon-
itoring may support timely adjustments to processing conditions and reduce material waste during
production.

Beyond predictive accuracy, future studies should place greater emphasis on the optimization
and sustainability assessment of waste-derived materials. A formulation that maximizes a single
mechanical property may not necessarily provide the most desirable overall solution. Material selec-
tion and formulation optimization may involve several competing objectives, including engineering
strength, durability, waste utilization, production cost, energy consumption, and environmental im-
pact. Statistical models can be incorporated into multi-objective optimization procedures to identify
candidate formulations that provide an appropriate balance among these objectives. The resulting
solutions should then be examined through confirmatory experiments and, where feasible, life-cycle
and economic assessments. In particular, the use of industrial waste should not be considered en-
vironmentally beneficial solely because it reduces the quantity of waste requiring disposal. The
environmental implications of collection, transportation, pretreatment, processing, and long-term
material performance must also be considered. Integrating statistical prediction with experimental
confirmation and sustainability assessment would therefore provide a stronger basis for determining
whether a proposed formulation is technically feasible, economically competitive, and environmen-
tally responsible.

The overall framework for the data-driven development of sustainable materials from industrial
waste can be summarized as follows:
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Industrial Waste Characterization

!

Experimental Design and Data Collection

{
Exploratory Statistical Analysis

!
Regression, ANOVA, and Response-Surface Modeling

!

Machine-Learning Prediction and Model Interpretation

]

Uncertainty Quantification and Independent Validation

!

Material Formulation and Process Optimization

!

Pilot-Scale and Industrial-Scale Verification

!

Economic and Environmental Assessment

!

Sustainable Material Production and Circular Economy

In conclusion, the successful upcycling of industrial waste into sustainable engineering materials
requires more than identifying a waste material that can be incorporated into a formulation. It
requires a systematic investigation of material variability, experimental uncertainty, processing con-
ditions, engineering performance, and environmental consequences. Exploratory statistical analysis
can reveal the distributions and variability of experimental variables, while correlation analysis can
identify potentially important associations. Regression models provide interpretable descriptions of
material performance, and polynomial and response-surface models can represent nonlinear effects
and interactions. ANOVA facilitates comparisons among materials and formulations, whereas hier-
archical and mixed-effects models can account for structured variability across batches, sources, and
production conditions. Machine-learning methods can extend these analyses when more complex
relationships are present, provided that model complexity is appropriate for the available data and
predictive performance is assessed rigorously.

Importantly, prediction should be regarded as an intermediate step rather than the ultimate
objective of statistical modeling. The practical value of a fitted model lies in its ability to support
experimentally verifiable formulation decisions, identify promising processing conditions, quantify
uncertainty, and guide the efficient use of industrial waste. Such decisions should be supported by
independent validation and evaluated against engineering, economic, and environmental criteria. The
integration of statistical inference, predictive modeling, optimization, and sustainability assessment
can therefore transform experimental observations into actionable knowledge for materials develop-
ment. Although challenges associated with heterogeneous waste streams, limited datasets, missing
observations, measurement uncertainty, and industrial-scale implementation remain substantial, ad-
dressing these issues systematically can improve the reliability and practical relevance of data-driven
approaches. Ultimately, statistical modeling provides an important link between experimental mate-
rials science and sustainable engineering by supporting the development of waste-derived materials
that are technically reliable, economically viable, and environmentally responsible.
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