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This paper discusses the utility of scaling laws to Materias Informatics and presents algorithm
SLAW (Scaling LAW) [1], useful to generate scaling laws from statistical data. These laws can be
used to extrapolate known materials property data to untested materials by using other more readily
available information. This technique is independent of a characteristic length or time scale, so it is
useful for a broad diversity of problems. In some cases, SLAW can reproduce the mathematical
expression that would have been obtained through an analytical treatment of the problem. This
technique has been originally designed for mining statistical data in materials processing and
materials behavior at a system level, and it shows promise for the study of the relationship between
structure and propertiesin materials.

I ntroduction

Materias Informatics is defined as “the high speed robust acquisition, management, analysis, and
dissemination of diverse materials data’[2]. This emerging field is aresponse to the needs for faster
development times for new materials and to the unprecedented amount and complexity of materials
information resulting from modern modeling and experimental techniques. In this context,
traditional techniques of analysis fal short and new approaches are being developed[3]; the
technique presented here is one of them.

Two main thrusts characterize the modeling efforts in Materials Informatics: “hard modeling” and
“soft modeling”[4]. Hard modeling encompasses computational strategies involving advanced
discretization, paralel agorithms, and a software architecture for distributed computing systems.
Among these approaches are atomistic models and ab-initio cal culations, thermodynamic modeling,
phase field simulation, and finite element modeling at a microstructural level. Soft modeling has
been originally introduced by the life sciences and organic chemistry community, and it relates to
statistically based, model-independent approaches. Among these approaches are the uses of
regressions, neural networks, genetic algorithms, classification algorithms, principal component
analysis, partial least squares, and other data mining techniques. SLAW is a soft modeling
approach that uses regressions.



One of the goals of Materials Informatics is to make sense of the vast amounts of materials data
available. This “knowledge extraction” includes the identification of outliers in the data, the
development of models, pattern recognition, and forward and reverse data mapping[5]. Disciplines
unrelated to Materials Informatics or its predecessors also faced similar problems, and developed
appropriate tools. One set of such tools includes dimensional analysis, scaling, and their related
techniques, and has been applied with much success to the study of fluid mechanics and heat
transfer problems, but has seen lesser use in the field of Materialsin general.

The use of tools related to dimensional anaysis is not completely absent from Materias
Informatics. For example Cebon and Ashby [6] proposed the use of dimensionless groups for the
correlations between materials properties and for data estimation. One of the advantages of using
dimensionless groups is that their form is very convenient for inverse mapping. Geller et al. [7]
proposed using a dimensionless group, the Rice-Thomson parameter, as a heuristic principle in their
search of ductilizing elementsin Mo aloys. Hard modeling applications also involve dimensional
considerations in the formulation of the constitutive equations and their mathematical treatment.

A family of techniques

Scaling laws, similarity, dimensiona analysis, and other tools constitute a family of techniques that
share in common an attention to the units of variables and parameters, and a reliance on power-law
expressions.

Fourier's 1822 treatise on heat transfer[8] is usually considered the first clear appearance of
dimensional analysis. It was not until 1914 that Dimensiona Anaysis was formalized by
Buckingham[9] with the renowned “Pi theorem.” Currently dimensional analysis is a standard
component of the curriculum on fluid mechanics and transport phenomena. 1n essence, dimensiona
analysis reduces the number of parameters in a problem by considering their units. For example,
many fluid mechanics problems involve four parameters (viscosity, density, length, and, velocity),
which can be reduced to a single dimensionless parameter (the Reynolds number) by using this
technique. Dimensiona analysis can then significantly reduce the number of experiments necessary
to characterize a system, and this has been used to much benefit in the fluid mechanics and heat
transfer fields.

When a problem involves many parameters, dimensiona analysis typicaly yields many
dimensionless groups. Two systems are then considered “similar” when all dimensionless groups
have the same value. Complete similarity is very difficult to achieve in physica models; also, as
the number of dimensionless groups increases, the benefit of reducing the original number of
parameters in the problem decreases. Considering that real problems aways involve more
parameters than considered formally, complete similarity is impossible in practice. Modeling of
materials, whether their processing or the structure-properties relationship involves many more
parameters than what is typical of other disciplines such as fluid mechanics; thus, a straight
application of dimensiona analysis is not expected to simplify the problem significantly. Thisis
consistent with the relatively small use of this technique in materials science and engineering.



“Partial similarity” is of great help in real situations. A system is considered to have “partia
similarity” when not al dimensionless parameters are considered. The concept of partial similarity
is very useful, and very challenging to implement. If the most relevant parameters are considered,
complex problems can often be represented accurately in a simple and insightful form with data
collapsing around a single curve. Of course, if partial similarity is based on parameters of
secondary importance; the same data becomes very difficult to interpret. Partial similarity anaysis
can provide accurate results over a wide range of parameters, often spanning several orders of
magnitude. The range in which the results are valid relates to the range in which the discarded
dimensionless groups are indeed negligible. The subspace of problem parameters in which partid
similarity isvalid is caled a“regime.” Within aregime, it is often possible to represent a complex
problem in relatively simple terms. At the limit between two regimes, no simple solution is valid.
Complex materials problems involving many physical phenomena involve more regimes than
simpler problems. Different crystal structures can aso act as different regimes, and statistical
approaches in this case have been proposed by Le Page[10] and Fischer et al.[11]. Coupled
problems, when properly treated, can still yield relatively simple solutions in each regime.

The challenge of partial similarity is in the determination of the most relevant set of parameters.
Dimensional analysis provides no guidelines regarding the construction or choice of dimensionless
groups. Techniques aiming at determining the most relevant dimensionless groups fall roughly
within the “hard modeling” and “soft modeling” classification. The hard modeling approach is
based on the governing equations resulting from fundamental principles. Prominent among these
techniques is “inspectional analysis’ or “ordering.” Soft modeling approaches are based on
statistical data, and involve iterative and artificial intelligence methods. SLAW belongs to this
second category.

Inspectional analysis involves the construction of dimensionless groups from the governing
equations. This approach was briefly presented by Bridgman[12], made explicit by Ruark[13], and
is included in classic textbooks on Transport Phenomena such as Geankopolig14], Bird, Stewart,
and Lightfoot[15], Bgan[16], and Szekely and Themelig17]. More recently, authors devoted entire
chapters or whole books to exploring deeper aspects of this technique, among them Denn[18] and
Deen[19] devoted a whole chapter to scaling, Kling[20] devoted a whole book, and Dantzig and
Tucker[21] put emphasis on scaling throughout their book on modeling of materials processing.
Heuristic approaches were investigated by Sideg[22], Chen[23], and Astarita[24], and Yip[25]
proposed an artificial intelligence approach. More recent additions to the field are the book by
Krantz[26] and the computational implementation of[27].

Statistical approaches to the automatic detection of mathematical laws from data have been an
active area of research in the Artificia Intelligence community. Important examples of this
research are the algorithm BACON by Bradshaw et al.[28], algorithms ABACUS[29] and
COPER[30], and recent work by Washio and Motoda[31, 32]. Effortsto use dimensiona analysis
to reduce the number of adjustable parameters in regressions were pioneered by Li and Leg[33],
Dovi et al.[34], and Vignaux [35-37]. The limitations of using regressions based on dimensionless
groups have been discussed by Hickg[38] and Kenney[39]. SLAW differs from statistical
approaches in that the dimensionless groups employed are generated by the algorithm instead of
being postulated a priori, in that it does not require integer exponents in the scaling laws, in that it
allows for datasets in which variables change value simultaneously, and in that it explicitly searches
for the smplest predictive formulation.

Dimensional analysis, similarity, and other techniques in this family generate results of the form a
power-laws. For thisreason it isrelevant to discuss them in depth.



Scaling Laws, Power Laws, and Characteristic Values

In the context of SLAW, scaling is a procedure to obtain the characteristic values for the unknown
dependent variables. The dependent variables depend on the independent variables and the problem
parameters. The independent variables vary within a given system, and are typically the time-space
coordinates x, y, z t, but can aso include other magnitudes; for example, temperature in systems
with temperature-dependent properties. The parameters are constant for a given system, but vary
across systems, such as viscosity in Newtonian fluids. The characteristic value of a variable
corresponds to the value unrelated to the independent variables, for example an integral over the
domain, or the value at a particular point in the domain. The characteristic values do not vary
within a given system, and behave much like the problem parameters. A typica choice of
characteristic vaue is the maximum vaue in the domain. Within this framework, the problem
parameters act as “manifest variables,” and combinations of parameters can act as “latent
variables” In physics and applied mathematics, scaling approaches occasionaly relate the
evolution of the dependent variables to the independent variables without using the concept of
characteristic valueg[40, 41].

Scaling approaches typically result in power-law expressions. In the case of SLAW and other
engineering approaches, the power law yields an estimation of a characteristic value as a function of
the problem parameters raised to constant exponents. If a is a numerical constant, and P, is a
parameter, P? isascaling law, but a” isnot. If L isacharacteristic value of length in the x direction,
L? is the type of scaling law within the scope of this paper, while x* is not. In this work, scaling
laws are the power laws resulting from the scaling process.

Scaling laws are ubiquitous in the sciences. They have been used in physics[42], biology[43-46],
human behavior[47, 48], geophysics[49-51], networks and internet traffic [52, 53], economicg 54-
56] and more. Some reasons for the wide applicability of power law models are: 1) The
combination of units has the form of a power law[12], 2) the expressions of many physical
phenomena have the form of power laws, 3) the representation of empirical regressions of data in
log-log plots often results in a straight line, which corresponds to a power law, and 4) typicaly,
physical magnitudes are distributed exponentially instead of linearly[57, 58]. Scaling laws clearly
indicate trends and can yield accurate predictions over severa orders of magnitude. They also
convey much intuitive meaning: the sensitivity of a power law to a given parameter is directly
proportional to the exponent of the parameter; and dimensionless groups can be interpreted as a
ratio between dominant forces.

Scaling laws are of enormous utility during the early stages of design, when the freedom in defining
a system is largest. These laws are also useful for control systems and for decision-making
algorithms, predicting the behavior of a system much faster than computationally intensive models.
The design and interpretation of physical models such as surrogate materials, are based on scaling
laws. When experimental databases or numerical models exist, scaling laws can be used to
generaize and extrapolate the results obtained. Scaling laws provide design rules that can be used
immediately by design engineers.



An appealing feature of scaling laws for Materials Informatics is that they provide estimations for a
whole family of systems. A scaling law developed for a particular materials system is aso
applicable to al other materials within the same regime. In this framework, outliers can be readily
identified, and they indicate either errors, or physical phenomena that had been disregarded but that
should be accounted for the outlier. Another convenient feature of scaling laws is the simplicity of
reverse mapping. Because of their mathematical form, scaling laws are specially good for capturing
non-linear phenomena

Algorithm SL AW

SLAW is an algorithm designed to generate power laws from statistical data. The power law is
based on the problem parameters (which can be “manifest” or “latent” variables), and estimates the
characteristic value of an unknown dependent variable. Its ultimate goal is to generate a
mathematical expression that reproduces the data, has predictive capabilities, and can yield insight
into the problem being analyzed. SLAW focuses on problems where many parameters are present
and a dominant subset of parameters must be identified. To obtain the resulting power law, SLAW
performs a sequence of multivariate linear regressions based on the logarithm of the parameters and
target quantity. A detailed description of the mathematical implementation of SLAW is included
in[1], and a prototype algorithm can be downloaded from[59].

Iterations based on heuristic considerations are at the core of SLAW. The first heuristic
consideration is the hypothesis that the target quantity can be captured by a power law. As
discussed above, thisis generally a good hypothesis. This heuristic also requires that the data being
analyzed belong to a single regime. Data spanning more than one regime responds to more than
one power law, and needs specia considerations. The implementation of SLAW is best explained
through a simple example that can be followed step by step, although SLAW is capable of handling
much larger data sets.

As an example, consider the joining of a ceramic to a metal discussed in[60] and [1]. Figure 1
shows the geometry of the problem, which consists of two long cylinders; one made of ceramic and
the other of metal. These two cylinders are joined at their circular bases at high temperature. The
temperature variation between the hot joining temperature and the cooler room temperature causes
the ceramic and the metallic cylinder to decrease in size. Typically, the metallic cylinder shrinks
more than the ceramic cylinder, causing large stresses in the ceramic near the joint. For failure
modes associated to the ceramic, these stresses weaken the joint, so their estimation is essential.
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Figure 1: Schematic of ceramic to metal joint used to illustrate the implementation of SLAW



The numerical modeling of this problem was performed assuming an axisymmetric steady state
problem at room temperature. The independent variables are r and z (for cylindrical coordinates).
The dependent variable is the strain energy u(r, z). The problem parameters are known because
they were identified during the construction of the numerical model; they are listed in Table 1.
These parameters include all suspected to play arole in the problem in the regime corresponding to
the set of observations. Some parameters were not considered, such as strength of the ceramic or
elastic limit of the metal. Indeed, there is an unlimited number of parameters that could be
included, and careful judgment must be employed in not leaving out a critical parameter for the
regime in question. The metric for the stresses in the ceramics is the “total elastic strain energy” U,
which is the integral of the volumetric strain energy over the total volume of the ceramic cylinder.
This characteristic value does not depend on the independent variables, and it is the target
magnitude to be estimated.

Table 1: Parameters involved in the ceramic to metal joining example

Symbol Units Description

U Pam® total elastic strain energy in the ceramic
Ec Pa elastic modulus of the ceramic

Em Pa elastic modulus of the metal

Oy Pa yield stress of metal

r m radius of cylinders

Er - differentia thermal shrinkage

In this example, al relevant parameters are included; thus, consideration of the units (listed in Table
1) can help reduce the problem following the principles of dimensional anaysis. Dimensional
considerations should not be implemented when the dataset is missing critica parameters; if so,
they can lead to erroneous conclusions in the building of dimensionless groups. Most soft modeling
approaches do not take advantage of dimensional considerations. The need for information about
the units is unique to SLAW. Table 2 summarizes the numerical simulations performed using
ABAQUS, and it is al that is necessary to run SLAW. An interesting aspect of this dataset is that
theradiusr was not varied in the different numerical experiments.

Table 2: Dataset for the ceramic to metal joining example

. E. Em Oy r Er U
ceramic  metal Pa Pa Pa m - Pam’
SizNy Cu 3.04E+11 1.28E+11 7.58E+07 6.25E-03 6.85E-03 4.23E-03
SizNy Ni 3.04E+11 2.08E+11 1.48E+08 6.25E-03 5.15E-03 1.52E-02
SizNy Nb 3.04E+11 1.03E+11 2.40E+08 6.25E-03 2.10E-03 2.80E-02
SizNg4 Inco600 | 3.04E+11 2.06E+11 2.50E+08 6.25E-03 5.15E-03 3.78E-02
SizNy AlISI304 | 3.04E+11 2.06E+11 2.56E+08 6.25E-03 7.10E-03 3.88E-02
SizNg4 AlSI316 | 3.04E+11 1.94E+11 2.90E+08 6.25E-03 7.00E-03 4.91E-02
AlbLOs Ti 3.58E+11 1.20E+11 1.72E+08 6.25E-03 5.05E-04 1.04E-02
Al,O3 Inco600 | 3.58E+11 2.06E+11 2.50E+08 6.25E-03 2.95E-03 3.00E-02
Al,O;  AISI304 | 3.58E+11 2.00E+11 2.56E+08 6.25E-03 4.90E-03 3.16E-02




The first step of the computer implementation of SLAW isto perform alinear regression of the data
in logarithmic space using all parameters. This corresponds to Iteration 1 in Table 3. Thisiteration
considers all five parameters plus a numerical constant. The exponents of each parameter are listed
in the corresponding column. The power law resulting from thisiteration is then
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where U1 is the power law for estimating U resulting from the first iteration. In this expression, the
exponent of r was chosen arbitrarily by the software, for there was insufficient information to
determine it. The error considered in Table 3 is the square root of the average of the residuas
squared; for small errors, it is equivalent to an average relative error. The evolution of error and
number of parameters considered is illustrated in Figure 2. The power law from Iteration 1 has the
minimum error; however, it does not result in the correct units, and its exponents do not seem to
convey generality.

Table 3: Iterations performed by SLAW in identifying a candidate model for the ceramic to metal
joining example

Iteration #parameters constant  E En oy r € eror

-043 -1.15 019 178 219 013 2.6%
-1.05 -0.95 0.17 1.78 3.00 014 2.8%
-0.64 -0.82 000 182 3.00 018 4.0%
0.00 -090 0.00 190 300 019 52%
0.00 -1.04 0.00 2.04 3.00 0.00 16.9%
0.00 000 0.00 1.00 3.00 0.00 772%
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Iteration 2 still considers all five parameters, but adds the constraint of dimensional homogeneity.
Because of this additional constraint, the error of thisiteration is slightly larger than for the previous
one (2.8% vs. 2.6%). This iteration illustrates a remarkable aspect of SLAW, which is the
determination of the exponent of r as exactly 3, despite that r was not included in the sensitivity
study. This determination is possible because this value of the exponent is the only possibility for
satisfying dimensional homogeneity.

Iteration 3 is the first step of SLAW towards simplification of the power law, and it considers only
four of the five parameters. All possible eliminations of one parameter were considered, and the
elimination of E,, was the one that involved the smallest error (4%). This approach of eliminating
one parameter at atimeis called “backward elimination.”

Iteration 4 aso explored al possible eliminations of one of the remaining parameters or the
constant. Because this iteration discarded the numerical constant the model still involves four
parameters. The elimination of the numerical constant is controversial, and future implementations
of SLAW might no perform it. While a mathematical expression without a constant is simpler,
keeping the constant might enable the use of better error metrics. Iteration 5 eliminates e and
considers only three parameters with arelatively small error of 16.9%.

How far can the power law be simplified at a small cost in accuracy? Iteration 6 provides the
answer. Thisiteration considers only two parameters, but now the error jumped to 772%. Clearly,
this simplification should not be adopted. This significant jump in error can be used as a heuristic
for determining when to stop the backward elimination process.
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Figure 2: Evolution of number of parameters considered and corresponding error for backwards
elimination in the ceramic to metal joining example

The sudden jump in error is not a coincidence of this example, but something to be expected. As
discussed above, if al the observations corresponded to the same regime, the system can typically
be represented by a power law based on the dominant parameters. As long as those dominant
parameters are included in the iterations, the error associated to the power law should be small.
This error will be associated to measurement or calculation errors and to the small effect of
secondary parameters. After all secondary parameters have been eliminated, the next iteration will
eliminate a dominant parameter, making the estimation meaningless, and significantly increasing
the error. In essence, SLAW follows the maxim often attributed to Einstein that “everything should
be made as simple as possible, but not simpler.” Taking advantage of this sudden increase in error
is afeature unique to SLAW. When a dataset spans more than one regime, the error increase is not
as sharp, and the determination of the point where to stop the backward elimination process
becomes uncertain. The power law obtained from Iteration 5 is the smplest accurate estimation,
and its expression is

Us = Ec 1 %0*%r® )

The exponents of this expression are very close to round numbers, suggesting that the obtained
power law is very close to what would have been obtained through an analytical approach to the
problem. Typically in this case, researchers assume that the exponent should actually be a round
number, and that the difference is due to statistical error, a recent example of this approach isin
[61]. Therounded expression of Iteration 5 has an error of 37% and has the following expression:

Usrounded = Ec-lo-er3 (3)



This is the same expression obtained by mathematical analysis of the problem in [60], and has an
intuitive interpretation: the strain energy in the ceramic is due to the elastic loading induced by the
plastic deformation of the metal at itsyield stress. It makes sense, then, that the elastic modulus of
the metal or the amount of thermal strain are unimportant in this case. Although SLAW performed
itsiterations blindly, the final result isinsightful, in addition of predictive.

The error of the rounded expression can be reduced by considering a ranked set of dimensionless
groups. Algorithm SLAW can be run again, but this time using U/Usqounged 8S the target variable. [If
all parameters and a constant are considered in this case, the error is the same of Iteration 1, and if
no parameters or constant are considered, the error is the same as that of the rounded expression.
Each elimination of a parameter in this second round of SLAW defines a dimensionless group.
Because the effect on error of the first dimensionless groups is small, these groups are secondary.
The dimensionless groups eliminated in the later stages convey larger errors and are more relevant.
In this case, the most relevant group is the numerical constant, yielding the final expression

Uesimaed = € Ec ovr? 4

Figure 3 illustrates a comparison between Equation 4 and the values calculated using finite
elements. The good correspondence is remarkable, considering the broad range of metals and
ceramic propertiesinvolved.
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Figure 3: Comparison between calculated strain energy using finite element analysis (horizontal
axis) and estimated values using Equation 4 (vertical axis). The points represent the ceramic to
metal jointslisted in Table 2.



Discussion

The example presented here, and additional examples presented in[1] justifies the heuristic
reasoning embodied in SLAW. The systematic reduction of degrees of freedom in SLAW also
helps avoid the problem of “overfitting” in which the regressions reproduce the input data, but have
apoor performance with new data[4, 62, 63].

SLAW shares some similarities with Principal Component Anaysis (PCA)[64] in its goa of
discriminating dominant variables from secondary ones. A significant difference between SLAW
and PCA isthat the former simplifies the system by eliminating physical parameters, while in PCA
each component can potentially involve all parameters. For this reason, the simplifications from
SLAW are not orthogonal in the sense of PCA. The advantage of the approach followed by SLAW
isthat by eliminating physical parameters, less information is necessary to make estimation. Once
the dominant set of parameters has been established, estimations can be performed with very coarse
knowledge about the secondary parameters, enabling the use of incomplete datasets. The use of
incomplete datasets is also agoal of other algorithms such as classification and regression treeq[63].
A minimum of knowledge of the secondary parametersis still necessary in SLAW to ensure that the
intended estimations correspond to the proper regime.

Because SLAW is based on constrained regressions, special attention must be paid to proper
optimization issues and statistical issues. From the point of view of optimization, the backward
elimination procedure does not generate all possible linear regressions, since it sequentially removes
one parameter at atime. The procedure might actually not obtain the linear regression with smallest
error; it is possible that a parameter that was eliminated in a previous iteration becomes dominant as
other parameters are eliminated. Alternative methods of scanning could help overcome this
potential problem. For instance, we could conduct an exhaustive search by considering all possible
regressions, or use forward selection or stepwise regression. |In this case, each iteration would see a
decreased error, with a sudden decrease when all dominant parameters are considered for the first
time. One advantage of this approach is that once an acceptable estimation is obtained, it is not
necessary to keep iterating until all parameters are considered. We are currently exploring this type
of exhaustive algorithms.



From the point of view of statistics, relevant considerations involve the choice of a metric for the
quality of the estimations, the selection of a particular iteration to provide amodel, and the rounding
of the exponents. The metric currently used by SLAW relates to the average relative error of the
proposed power law. This metric, however, can be misleading when the dataset involves small
variations of some parameters. There are indications that R? or related statistical quantities could be
more meaningful metrics. In this case, the elimination of the numerical constant should not be
allowed at any iteration. The selection of a particular iteration to provide the chosen power law is
more complex. For problems with small error of measurement or calculation and within a single
regime, a clear jump in the error makes the selection fairly obvious. However, when aclear jumpin
the error is not evident, it cannot be discriminated whether the origina data was of poor quality
(measurement error) or if the measurements spanned multiple regimes. Of course, there is also a
possibility that the heuristic of imposing a power law form is not valid. Thereis no reliable way yet
of discriminating which of these possibilities might be occurring. The rounding of the exponentsis
also related to statistical error; currently, SLAW rounds the exponents to the nearest third or quarter,
regardless the quality of the input data. Fortunately, analytical solutions seldom involve exponents
with fractions finer than quarters or thirds. It should be possible, however, to optimize the
coarsening of the rounding of the exponents based on statistical considerations. Another relevant
statistical consideration is the use of regressions in a logarithmic space. One of the requirements of
regressions is that the error be distributed symmetrically around the mean. Thisis not a problem if
the symmetry occurs in the logarithmic space, which seems to be the case for most physica
magnitudes[57, 58], or if the errors are small compared to the mean.

SLAW takes advantage of dimensional homogeneity to reduce the number of degrees of freedom in
the regressions. Dimensional homogeneity requires that all relevant parameters be included, even
those that are constant throughout the whole dataset. Dimensional analysis also has the same
stringent requirement. When a “hard model” is available, it can be used to determine the
parameters that should be included in the dataset. When there is uncertainty about having all
relevant parameters included in the dataset, it is also possible to employ SLAW without concern for
units. In this case, the reduction of degrees of freedom based on dimensional considerations is not
possible, and the estimations obtained are valid only as long as the unknown dominant parameters
remain unchanged.

The current implementation of SLAW requires that all observations in the dataset belong to asingle
regime. This requirement can be difficult to fulfill. A similar approach in which multiple scaling
laws are pursued simultaneously might relax this requirement to systems spanning multiple
regimes; such an approach has been pursued in the field of artificial intelligence by Kokar[65].

Summary

Scaling laws have a proven track record of success in many scientific disciplines, and show much
promise in the area of Materials Informatics. Algorithm SLAW based on linear regressions
constrained by dimensional homogeneity can provide scaling laws that are accurate, simple, and
insightful. In some cases, this approach can anticipate the results from anaytica modeling.
SLAW'’s features have been valuable for the study of materials at a system level, and it could be an
important tool in the study of the structure-property relationship in materials informatics.
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