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Abstract

Data mining and knowledge discovery techniques were employed herein to acquire new
information on the viscoelastic, flexural, compressive, and tensile properties of vapor-grown
carbon nanofiber (VGCNF)/vinyl ester (VE) nanocomposites. Formulation and processing
factors (curing environment, presence or absence of dispersing agent, mixing method, VGCNF
weight fraction, VGCNF type, high-shear mixing time, and sonication time) and testing
temperature were utilized as inputs and the true ultimate strength, true yield strength, engineering
elastic modulus, engineering ultimate strength, flexural modulus, flexural strength, storage
modulus, loss modulus, and tan delta were selected as outputs. The data mining and knowledge
discovery algorithms used in this study include self-organizing maps (SOMs) and clustering
technigues. SOMs demonstrated that temperature and tan delta had the most significant effects
on the output responses followed by the VGCNF high-shear mixing time, and sonication time.
SOMs were also used to produce optimal responses using certain combination(s) of inputs.
Fuzzy C-means algorithm (FCM) was also applied to discover patterns in the nanocomposite
behavior subsequent to a principal component analysis (PCA), which is a dimensionality
reduction technique. Utilizing these techniques, the nanocomposite specimens were separated
into different clusters based on the testing temperatuf€ @0d 120C being the most dominant
responses), tan delta, high-shear mixing time, and sonication time. Furthermore, the VGCNF/VE
specimens were separated into a cluster based on their viscoelastic responses (storage and loss
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moduli) at the same temperature. The FCM resultscate that, while all nanocomposite
properties in the new framework are essential, viseoelastic responses of the VGCNF/VE
specimens are the most significant. This work hgiits the utility of data mining and

knowledge discovery techniques in the context otemi@s informatics for the discovery of
patterns and trends in the material behavior treahat immediately known.

Keywords

Materials informatics, data mining, vapor-grown bzar nanofiber, vinyl ester, viscoelastic/
flexural/ tensile/ compressive, unsupervised legyni

1. Introduction

Data mining is a field of applied science that gnéges computer science with modern
mathematical analyses [1-4]. In this field, predietmodeling techniques are utilized to discover
hidden patterns in large datasets [2]. In otherdspdata mining enables knowledge discovery
through a methodical analysis of complex large sktaand transformation of the extracted
information into an understandable pattern. Onm@fmain challenges in utilizing this method is
how to transform a massive amount of unstructured structured data into meaningful
information, wherefrom new knowledge is gainedrdoent years, the application of data mining
techniques in the context of materials informahese gained considerable attention [5-8]. The
interdisciplinary field of materials informatics mbines the information and computer sciences
with other domain areas to facilitate knowledgecoi®ry in a given large materials dataset.
Material scientists can interpret the experimedtth by employing materials informatics tools,
such as machine learning and visualization-enhaalggatithm implementations. Next, with the
guidance of domain experts, the human interactwaitis the data becomes feasible and useful.
Materials informatics can also assist in the rajgdelopment and deployment of materials with
desired engineering properties for certain appboast

There are numerous published articles in the tileeaon the application of data mining
techniques in the context of materials informatids. et al. [9] used data mining to solve the
problem of image data sharing in materials sciege.ontology-based method along with
semantic web technologies were utilized to devedopotations for non-structured materials
data. Yassaet al. [10] predicted the flow stress properties of alummalloy 6022 using data
mining techniques, once a novel computational méatedlislocation structures were developed.
In their study, the flow stress and thwesitu non-linear material parameters for different
dislocation microstructures were calculated usimgudificial neural network (ANN) model [10].
Sabinet al. [11] evaluated a new model for metals, where strainpesatiure, and annealing time
are the inputs and the mean logarithm of grain @z#he output. In this model, a statistical
Gaussian process is employed, where the microsteietvolution of the static recrystallization
in a non-uniform strain field is predicted usingmbability distribution and interpolation over
all training data. Javadi and Rezania [12] devedopeunified structure using an evolutionary
polynomial regression-based constitutive model (ERRR combined with finite element (FE)
analysis to model complex materials. By integrating EPR-based relationships with the FE
structure, they developed an intelligent FE method,, EPR—FEM. In their study, the
researchers compared the results of their newleldped model with those obtained from
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traditional FE analyses. They found that the EPR@bUels are not only able to predict the
behavior of the constitutive material with a higitaracy, but can also be used to implement the
material behavior in an FE model. Brilakasal. [13] used a clustering algorithm to identify the
properties of different material clusters in eaoiage to develop a content-based automated
construction site image retrieval method. Spediffcghe clustering algorithm was implemented
so that the pixels of each image were groupeddifterent clusters and then were matched with
their corresponding material samples. This methacllifates the detection of construction
materials in each image, which are then used fdemads image retrieval purposes. Therefore,
based on their content, it becomes easier for eeginto search for construction images. Sharif
Ullah and Harib [14] proposed an intelligent methHodmaterials selection problems where the
design information and configuration, as well as thorking conditions, are not accurately
known. The material selection problems’ linguistiescription to meaningfully express the
essential material attributes, as well as the eglematerial attribute charts, were considered as
inputs for this method. It was discovered that cosiije materials were more robust than metals
for robotic links when this method was implement@dpecific optimal materials.

Nano-enhanced polymer composites [15] are congidasea class of advanced materials
along with the more conventional structural metdlseir light-weight and high-performance
characteristics have led to their increased usgpiications where improved energy absorption
and specific properties are required [16]. Thestera systems have been investigated in past
years [17, 18]As a first attempt to apply materials informatiancepts and tools to polymer
nanocomposites, AbuOmat al. [19] utilized data mining techniques to analyze@é dataset
of physical and mechanical properties of a vapomgr carbon nanofiber (VGCNF)/vinyl ester
(VE) composite material system [20-23]. The inpwsre formulation and processing factors
(VGCNF type, use of a dispersing agent, mixing rméthand VGCNF weight fraction) and
testing temperature. The outputs were the storaguhas, loss modulus, and tan delta. The data
mining algorithms and techniques implemented wete@ganizing maps (SOMs), which are
forms of artificial neural networks (ANN) that ateained using unsupervised learning to
produce a low-dimensional (typically two-dimensihnaliscretized representation of the input
space of the training samples, called a map [2}4 228 clustering techniques [26, 27]. Based on
the SOM analysis, temperature had the most sigmifieffect on the output responses followed
by VGCNF weight fraction. In addition, the SOMs damstrated how different VGCNF/VE
nanocomposite specimens with the similar storagel@s modulus outputs can be fabricated. A
principal component analysis (PCA) [28] was appliesl a data dimensionality reduction
technique, followed by a clustering algorithm,,ifazzy C-means algorithm, [26, 2] discover
patterns and trends in the behavior of this mdtegiatem [28]. Using the PCA and fuzzy C-
means algorithm, the authors were able to groumém@composite specimens in several clusters
based on the testing temperature and tan deltames{19]. The authors’ findings matched the
previously obtained viscoelastic responses of tl&CMF/VE nanocomposite using response
surface methodology [21, 22]. In addition, AbuOnehral. [29] designed a support vector
machines (SVMs) classifier to classify each VGCNE/¥ample into ten classes of desired
mechanical properties in which they utilizegervised learning where some prior knowledge is
required to assist the SVMs classifier so thaait generalize to unknown data samples and thus
predicting the correct class/quantity [29].
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In the current studyunsupervised data mining and knowledge discovery techniques are
applied on an expanded physical and mechanicaleprpplataset of the previously analyzed
VGCNF/VE nanocomposite [19, 20], which now consisfsthe viscoelastic, compression,
tension, and flexural property data [31]. In unsued learning, a large number of data vectors
in a dataset is needed to discover the relationstiyween the dataset’s dimensions and to avoid
over-fitting (over-training) when modeling the pleim [29]. Supervised learning requires a prior
knowledge about the dataset being analyzed sut¢heasesponses of each data sample or the
class(es) for each data sample. In supervisedihggrthe interest is mainly in predicting these
guantities, i.e. the class for each VGCNF/VE sangul¢he value of the output response(s) for
the unknown VGCNF/VE samples. In doing so, the mbds to be trained using the “known”
input-output combinations in order to discover me¥ation for the unknown samples that might
be introduced to the model in the future; hencentrae, “supervised”. In unsupervised learning,
however, no such prior knowledge about input-outpunbinations is required. Unsupervised
learning techniques are applied in order to findv n@atterns, groups, and behavior of the
analyzed dataset that might lead to discover tHatisaship between different features
(regardless whether they are inputs or outputsifes} [29].

As the material dataset grows larger, data minechitiiques become more valuable in
discovering knowledge that would enable the madtexigentists, engineers, and designers to
tailor-make the material system for a specific agpion, thereby enabling rapid low-cost
material development and deployment. The datadéeircurrent framework consists of 565 data
points and analyzes not only the viscoelastic @éatas in [19] but also the compression, tension,
and flexural property data; making it an ideal cledior unsupervised learning techniques. Each
data point corresponds to the combinations of eigput design factors and nine output
responses, i.e., a total of 17 “dimensions” (thenlsmation of both inputs and outputs of the
developed model). These dimensions are curing @mwient, use or absence of dispersing agent,
mixing method, VGCNF weight fraction, VGCNF typeagishear mixing time, sonication time,
temperature, true ultimate strength, true yieldrggth, engineering elastic modulus, engineering
ultimate strength, flexural modulus, flexural sg#n storage modulus, loss modulus, and tan
delta (ratio of loss to storage modulus), whereldisé nine dimensions correspond to measured
macroscale material responses. Kohonen maps [24rZ50Ms were applied to the dataset for
a sensitivity analysis of all these factors angpoeses. In addition, PCA was used to provide a
two-dimensional (2D) representation of the nanocwositp data. This facilitated the application
of the FCM clustering algorithm for the charactatian of the physical and mechanical
properties of the new VGCNF/VE nanocomposites fraork or as a proof of concept, on to a
thermosetting VGCNF/VE nanocomposite system. Funtbee, this study developed a tool for
identifying VGCNF/VE specimen designs leading te tiptimal quantities of the above output
responses, thereby facilitating the design of \etmstic, compression, tension, and flexural
nanocomposites that meet the desired propertiestaungl minimizing the manufacturing costs.

2. Materialsand Methods

The original VGCNF/VE dataset used in this studsrevgenerated separately by applying
statistical experimental designs, including centrtaimposite and general mixed-level full
factorial. The procedures for obtaining this dawgven in literature [20-23, 30], but the actual
dataset analyzed in this study is shown in Apperdixn this work, the different VGCNF/VE
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datasets were merged into a larger and more compsele dataset, which includes 240
viscoelastic data points, 60 flexural data poibh#& compression data points, and 93 tension data
points for a total of 565 data points. There amghkiinput design factors and nine output
responses for each data point (data sample) asaiedi in section 1. Various data interpolation
techniques, such as linear interpolation utilizingear polynomials and spline interpolation
where the interpolant is a piecewise polynomiallifg), were implemented to replace the
unknown and missing data fields in the new datgt However, regardless of the polynomial
degree used, the spline interpolation techniqueiges more accurate interpolations because of
its low error. In addition, the problem with Runggihenomenon [32] can be avoided by using
the spline interpolation. This problem occurs whegh-degree polynomials are used in the
interpolation.

3. Theory/ Calculation

Eight input design factors and nine output respeiiSee the Materials and Methods section)
are incorporated, representing a seventeen-dimeaisip7D) space for the data mining analysis.
The curing environment, use or absence of dispg@gent, VGCNF type, and mixing method
design factors are represented by a numeric codeh® analysis purposes, since they are
consideredqualitative factors. Particularly, for two-level factors (aqugi environment, use or
absence of dispersing agent, and VGCNF type), Olaack the values for the first and second
levels, respectively, whereas for the three-lewetdr (mixing method), -1, 0, and 1 are the
values for the first, second, and third levelspessively

The data mining procedure is as follows: 1) uttima of the SOMs to conduct a sensitivity
analysis by identifying the dominant trends andeguas in the dataset, 2) data dimensionality
reduction, utilizing PCA of the dataset; 3) FCM lgs& of the data, and 4) transfer of the data
mining findings to the domain experts for the confition and validation of the discovered
knowledge, including data trends and patterns. S@fl® generated with respect to all inputs
and responses. After analyzing the SOMs, the tpsemperature was identified as the most
important input feature for the new VGCNF/VE nanogosite dataset, as it has the highest
impact on the resulting output responses. Highisheing time and sonication time were also
important features. In addition, it was inferrednfr the SOMs that some specimens tested at the
same temperature tended to have several sub-duEi@ch sub-cluster had the same tan delta or
high-shear mixing time or sonication time. In aguit after analyzing the clustering results, it
was found that the viscoelastic data is very imgdrin the new VGCNF/VE dataset. In what
follows, brief theories of the ANNs and unsuperdisgarning, SOMs, PCA, and FCM utilized in
this work are given.

3.1 Artificial Neural Networks (ANNs) and Unsupervised Learning

ANNSs consist of simple interconnected neurons dessors) in an organized architecture
along with a learning algorithm that imitates theural processes [24]. Learning occurs over
time by adjusting the numeric values associateth Wie simple processors’ interconnections,
which are called “synaptic weights.” The knowledgesncoded for the problem domain using
these weights. Therefore, a computational frameworlsimulate a neural network can be
provided by the neurons, their interconnections| aeights. The neuroscience field forms the
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basis for these frameworks, including the one usedhis study [25]. Learning can be
categorized into supervised and unsupervised iNIX [24]. In a supervised learning approach,
a mapping is created between the inputgliinensional space) and outputs-dimensional
space), based on a labeled training and testingPseticularly, a functional approximation is
learnt using these input/output mappings. The nengéwork is then able to generalize and
classify any new data vector (sample) into a coreedput class (value). In the unsupervised
learning approach, the network must learn fromuthlabeled input vectors that are introduced to
the network. In other words, new knowledge is avgred in the unsupervised ANN through the
creation of certain features for the inputs, wredter the corresponding outputs are produced.

One of the most important features of the ANNshwihsupervised learning is that natural
clusters, or the similarity between different infpetures, is easily determined in a meaningful
manner [24]. The outputs of the ANNs with unsupsedi learning must be checked by a domain
expert to determine if any new patterns or trerats loe extracted from the dataset, since there
are no labeled training/testing sets are usedhelfrésults are not significant, one or more of the
training parameters must be adjusted to producepagierns for the network.

3.2 & f-Organizing Maps (SOMs)

According to Kohonen [25], complex information igrocessed by simplifying the
corresponding fact representations in such a way iththe dimensionality of the dataset is
reduced, the structural relationships betweenrnpatiand output dimensions are still preserved.
This is achieved in the brain through the orderoigthe spatial neurons by altering their
physiological nature rather than their movementthi@ Kohonen maps, the high-dimensional
patterns are mapped into 2D or 3D arrays of neuf@bs An SOM acts as a cluster that can
self-organize. The components of a 2D SOM for eatahg the VGCNF/VE dataset are
illustrated in Fig. 1. The dimensions of the dataspresent the inputs of the SOM. The weight
vector, wij;, connects each value of the input vectato each of the map’s processing units
(neurons). The SOM creates a mapping between thegcoaposite data inputs and the 2D map
of neurons, once the map is trained. The outptih@fprocessing unit;, is thenanocomposite
feature output, which is a function of the simiarbetween the weight vector and the input
vector. The features in the higher dimension is@ned because of the nonlinear mapping of
the SOM, as developed by Sammon [33]. In other wjotide closeness of two vectors in the
higher dimensional space is an indicator of thiiseness on the map. A trained map along with
its response to a winning output neuron is showRig 1 [24]. The SOMs are excited by the
unknown data input vector or the original traingh@ta vector(s). Domain experts finally check
the data associated with the winning neuron toosiscnew domain knowledge.
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Fig. 1. Representation an SOM and ANN for the analysithefexpanded VGCNF/VE dataset.
In the processing unit, the weight vectand input vectok are multiplied with each other to
create a winning mapping to the output vegtor

The SOM training algorithm is implemented using ammay of spatially defined neuron
neighborhoods, e.g., rectangular or hexagonal symaith four or six nearest neighborhoods,
respectively (Fig. 2). In addition, the map mustalde to compress the data into a controllable
form without mislaying information about the relaidistance between the data vectors. The
Euclidean distance is the typical measure by whitiSOM determines the relative similarity or
nearness of data vectors [24].

By using the concept of a spatial neighborholg), the similarity between the reference
vector’'s values, denoted by the weights vector betwall neurons on the map and the input
layer, and the input vector is measured. In therimegg, the neighborhood size and learning rate
are determined and the weights are randomly choBeen, the neuron with the most similar
weight values on the map is determined after aitrgidata vector is introduced to the network.
Then, the weights of the neighborhood neurons Aedwtinning neuron are adjusted until the
mean-square error between these weights and tinengavector is minimized. As the training
proceeds iteratively, the learning rate and thght®rhood size are decreased until the neurons
in the map do not need any further adjustment.|)irtae neurons of the winning neighborhood
(the one located around the best matching neurdrare adapted at the current step in the
learning process, whereas the weight of the otbighivorhoods remain unchanged [24].

The SOM algorithm operates as follows: First, thisr@an associated parametric reference
vectorw; for every neuron on the SOM and the initial values wf (0) are randomly chosen.
Then, an input vectax (R") is presented concurrently to all neurons on tlag@.nThe smallest
value of the Euclidean distances is the measureé wsdefine the best neuron that matches the
introduced input vectot. However, other distance measures can be exphsradll.

In other words, once the ANN is properly initiateitiere are three essential processes
involved in the formation of the map [25]:
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e Competition. For each input pattern, the neurons in the nétwarmpute their
respective values of a discriminant function. Tdiscriminant function provides the
basis for competition among the neurons. The pdaiceuron with the largest value
of discriminant function is declared the winner tbe competition and this is the
criterion for the winning neuron.

» Cooperation. The winning neuron determines the spatial locatd a topological
neighborhood of excited neurons, thereby providheg basis for cooperation among
such neighboring neurons.

» Adaption. The synaptic weights of the winning neuron asdnigighbors are adjusted
such that their individual values of the discrirmbdunction in relation to similar
input patterns will be increased.

For thecompetition process [25]:
Let anm-dimensional input pattern selected at random fileeninput space be denoted as:

X = [x1,%2, e, X )T (1)
Let the weight vector of thigh output neuron be denoted by:

W] = [le,sz,....,W]’m]T, _] = 1,2, ,l (2)

The value of thgth output neuron is:
y; = ijx, ji=12,...,1 (3)

A matching criterion is used to generate the winner

i(x) = max;(w] x) or i(x) = minj||x — w;|
4)
As a result, the SOM may be efficient in clusterihg data vectors using these measures [24].
As the training progresses, the radiusf N, decreasesover time such that

Ny > Ny > Ny >-->Noy ), where <, <t,<...<t,. That is, at the beginning of

training, the size and influence of the neighbodw@an be very large, but as the training
process ends, that neighborhood may contain oelyvihning neuron. Once again, the learning
rate is decreased with time in the SOM algorithm.
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Fig. 2. Four nearest neighbors are shown in the hexagpithbf the SOM.
3.3Principal Component Analysis (PCA)

PCA is a technique used to identify trends andepadtin the dataset and to highlight their
similarities and differences [28]. These trendswéner, can be difficult to find in higher-
dimensional data as it is hard to give visual repn¢ations. Though PCA reduces the number of
dimensions in the dataset, most of the embeddednnation is not lost. PCA is comprised of
four main data processing steps. First, the average the mean across each dimension, is
calculated. Second, the mean is subtracted frondiallensions in the dataset. Third, the
covariance matrix [28] and its corresponding eigators and eigenvalues are calculated.
Finally, the eigenvalues and eigenvectors are useatkrive a feature vector and to choose the
appropriate principal components to create the roataset in the lower dimensions.

3.4 Fuzzy C-Means (FCM) Clustering Algorithm

Once the dimensionality of the data is reduced &Daor 3D representation by using the
PCA, patterns and trends in the data can be dised\®/ applying several clustering algorithms.
Herein, an overview of the FCM clustering algorithdeveloped by Bezdek and Ehrlich [26,
27], is given. The FCM clustering is linked withettfmembership” matrixU [27], which
specifies how a certain data veckdoelongs to a specific cluster The size otJ is CxN, where
C is the number of clusters ahdis the number of data vectors in the datasetallyit C is set to
be within2< C < (N -1):

U, U, ... Uy (5)
e
Uy Ugp ... Ugy
1 if x, O
whereuy, = J A : (6)
0 otherwise

uj is called a crisp 0-1 matrix andi and x; represent the clasls and the data vectqr,
respectively. The sum across each rowdofepresents the number of elements in a cluster,
which is given by:

C
DU =1 forallj=1,2,..N (7)
i=1

An optimization scheme can be used to describdering. In this process, a cost function is
formulated and the estimations of the alternateitardtive functions are used. In particular, the
membership matriXJ and the cluster centers are computed initiallyoteefrecalculating and
updating them iteratively. FCM is considered aneobye function-based clustering method. In
the FCM algorithm, a clusteris distinguished by prototype, where the initial values of can
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be specified randomly, or by picking the exemplairshe dataset or the farthest points of the

dataset. Thus, the size of the prototype ve¢tar(1xC), denoted as:
V ={v, V,...,V.} - (8)

The cost function of the FCM algorithm can be eritgs:

JUV) =D > udd(x, V), (9)

i=1 k=1

whered(x,,v,) is the distance measure between the data vecamd the cluster
I, andQ represents a weighting exponent wheteQ < « . Therefore,

1
urs = 1 .
c.(d(x,,v,) et (10)
;( d(xs ’Vi)J
For the Euclidean distance measure,
di (%) =di = (% =) (% =V) =% % =2%V, +V"V;. (11)

Therefore,

[ TS (12)

For the Gustafon-Kessel (GK) distance measure [26],

d, = (|Zi|é((xk v )z (x -V, ))j , (13)

N

1
where the hyper-volume approximatiﬁiDis scaled by, ands is the covariance matrix for

clusteri:

o s
T—_ZIZJDZ (X = Vi) (14)

Therefore,

10
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V=S (15)

Zi = k=l , (16)

Equation 13, which represents the GK distance niedswery useful for adapting different

forms and sizes of the clusters, as it uses a @@ matrix specific to each cluster. The GK

distance measure was preferred in this study, siheeclustering algorithms employing the

Euclidean distance measures tend to extract mush ilformation from the data than the

algorithms based on the GK distance measures T2 pseudo code of the FCM algorithm is
presented as follows:

ComputeCxN distance matrix;
Choosey;(0) as initial estimated valuesgfj = 1,..... .C;

/Nnitial value of the iteration counter,
t=0;
//Update the membership mattix
Repeat:
fori =1 toN
forj =1toC

1 .
u. = y

' . (d(x,v;) é
o)

End for
End for

//Now,t=1
t=t+1,
//Prototypes Update
for j=1toC
solve:
N ad(x,v;) _
Z uy (t—1)————— =0 ; with respect toV; and setV; equal to the computed
i=1 v,
solution
End for

J

» Convergence test:
Select termination criteria. For example, this roaythe difference frorhto t-1 of the prototype
differences’ sum or a particular number of itenasi@r any other criteria.
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4. Results and Discussion

In Fig. 3, a 1810 SOM, resulting from the 565 data points is sholme nanocomposite
specimens tested at the same temperature are sebrster together. For example, specimens
tested at 3{C tend to cluster on the top, in the middle, anthim lower left corner of the map,
whereas specimens tested at®@and 120C tend to cluster in the lower right corner. Sitice
SOM contains many specimens tested a€3¢his clustering behavior indicates that@Gas the
most significant testing temperature for the obseéncharacteristics and properties of the
nanocomposites specimens in the new dataset. TWimgetemperature of 120 is also
significant, since the SOM indicates the preserfce small cluster for the specimens tested at
this temperature in the lower right corner of thepmHowever, the significance for this testing
temperature is not as high as that for th#&3@sting temperature.

Temperature Labels

Fig. 3. A 10x10 SOM with respect to temperature for the 565 namposite specimens used in
the study (with all seventeen dimensions). The ispas tested at the same temperature tend to
cluster together and 30 is the testing temperature that drives the cheariatics of all
specimens in the dataset.

In Figs. 4, 5, and 6, three 200 SOMs are shown for the high-shear mixing tinogication
time, and tan delta, respectively. In Fig. 4, spexis with the same or close values of high-shear
mixing time are seen to cluster together, espgc@il the top and in the middle of the SOM.
Therefore, high-shear mixing time is an importaeatéire in the new VGCNF/VE dataset.
However, the clustering tendency is not consistenthis feature, as opposed to that for the
testing temperature shown in Fig. 3. Similar to tingh-shear mixing time, specimens with the
same or close values of sonication time clusteettogy (Fig. 5). However, compared with the
SOM in Fig. 4, the clustering tendency of the speris based on the sonication time is more
pronounced than that of the high-shear mixing tand less significant than that of the testing
temperature (Fig. 3). In Fig. 6, the VGCNF/VE speens with the same tan delta values tend to
cluster together. The clustering tendency for tahadis more consistent compared to those of
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high-shear mixing time and sonication time. This@tation leads to the conclusion that both
tan delta and testing temperature are dominantiiemtfor the treatment combinations. These
two features have the highest impact on the regsoius all the nanocomposite specimens in the
dataset. The sonication time and high-shear miking come next in significance in the given
order.

Another observation from Fig. 6 is that most sperimin the SOM have a tan delta of 0.00,
clustered on the top and in the middle of the nfipce tan delta is a design factor that
represents the viscoelastic specimens (tan dedtarage modulus / loss modulus) [21, 22], this
means that the specimens with no delta val(ikese tested under other conditions.
compression, tension, and flexure, are essentiadpooents in the new framework as these
specimens don’t have significant tan delta valiresiddition, b comparing Fig. 3 to Fig. 6, most
specimens associated with the testing temperafud®°’€ have a corresponding 0.00 tan delta
value. This leads to the conclusion that specintested under compression and tension, as well
as those tested under flexure at the testing teahperof 36C are have significance in the new
data framework.

Fig. 4. A 10x10 SOM with respect to VGCNF High-shear mixing tini@e clustering tendency
is less than that of the temperature in Fig. 4 @dbe seen clearly at the top and at the middle
of the SOM.
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Fig. 5. A 10x10 SOM with respect to VGCNF sonication time. Thestering tendency is less
than that of the temperature in Fig. 4 but more that of high shear mixing time in Fig. 5. This
can be clearly seen at the top, and the middleaattte lower right corner of the map.

Fig. 6. A 10x10 SOM with respect to tan delta values. The ctugjdendency is similar

to that of the temperature in Fig. 4. However, gpeas treated at 3G have a corresponding
0.00 tan delta value. This means that compressidriension specimens and flexural specimens
tested at 3 are essential components in the new framework.

Fig. 7. A 10x10 SOM with respect to VGCNF fiber loading (VGCNIeight fractions) values.
The clustering tendency is inconsistent througlloeitSOM and so VGCNF fiber loadingrist
dominant for the treatment combinations of the iyadasigned framework.

In Fig. 7, a 1810 SOM for the VGCNF weight fraction is shown. Ukelithe significant
impact of the VGCNF weight fraction on the viscatia properties of VCCNF/VE
nanocomposites based on the previous study by Alau@nal. [19], this feature does not have
much impact in the new nanocomposites data framewas the clustering tendency is
inconsistent throughout the SOM.
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In Figs. 8-15, eight 2610 SOMs for the responses of true ultimate strengtke yield
strength, engineering elastic modulus, engineeuitigyate strength, flexural modulus, flexural
strength, storage modulus, and loss modulus arersh@spectively. In Figs. 8-11, specimens
with no true ultimate strength tend to cluster tbge The same trend can be seen with
specimens with no yield strength, no engineeriragted modulus, and no engineering ultimate
strength responses¢ this can be seen in four large clusters of 0.09'Bigs 8-11). However,
since true ultimate strength, yield strength, eegrmg elastic modulus, and engineering ultimate
strength are factors that represent tensile spedmhis means that VGCNF/VE specimens
tested under conditions other than tensile speani{ea flexure and dynamic mechanical
analysis (DMA)) are essential in the new framewaskflexure and DMA specimens don’'t have
significant values for true ultimate strength, gliedtrength, engineering elastic modulus, or
engineering ultimate strength . Similarly, in Fig2.and 13, specimens with no flexural modulus
and flexural strength responses are also importamihe new frameworki. tend to cluster
together in the respective maps). AdditionallyfFigs. 14 and 15, specimens that don’t have any
responses for storage modulus and loss modulusttenllister together in the maps (i.e., this
can be seen in the clusters of 0.00’s in Figs.Md &5). Since storage and loss moduli represent
specimens tested under DMA conditions, this mehas gpecimens tested under compression,
tension, and flexure are important in the new egpdndataset as these specimens don’t have
signifi8cant values for storage and loss moduliisTleads to the conclusion that all the
components (i.e., VGCNF/VE specimens tested underpeession, tension, flexure, and DMA)
of the newly designed nanocomposites frameworlessential.

Fig. 8. A 10x10 SOM based on the true ultimate strength respdrse values are rounded for
simplicity.
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Fig. 12. A 10x10 SOM based on the flexural modulus response.
7  Fig. 13. A 10x10 SOM based on the flexural strength response.
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Fig. 15. A 10x10 SOM based on the loss modulus response. Thes/ate rounded to the
nearest integer for simplicity.

In addition to the sensitivity analysis inferredrfr SOMs, the different conditions needed to
produce a particular optimal response can alscebermined. In Fig. 16, a ¥@0 SOM is shown
indicating the indices, which represent the numerders of the specimens mapped. Each index
corresponds to one treatment combination out of Bl specific values of inputs and outputs
(measured responses). The indices in Fig. 16 cansbd to extract information linking the
different dimensional combinations that producedpgmal response values.

VGCNF/VE Specimen Indices

Fig. 16. A 10x10 SOM llustrating the indices (numeric orders) tbé 565 nanocomposite
specimens of the new framework [20, 23, 30].

In Fig. 8, a group of three specimens have the dsghirue ultimate strength of about
0.22 GPa, located at the fifth, sixth, and sevawoths of the SOM. In Fig. 16, these values
correspond to specimen indices 92, 107, and 12@ar{y| different input properties can be
determined to produce the same 0.22 GPa respohse VThese properties are shown in Table 1.
Material designers can use such information insttlection of input factor levels.
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Optimal ultimate strength response value for the three specimens = 0.22 GPa

Curing environment

Oxygen, Oxygen, Oxygen

Use of a dispersing agent

Yes, Yes, Yes

Mixing method

HS, US/HS, US/HS

VGCNF fiber loading (phr)

0.00, 0.50, 1.00

VGCNF type

Pristine, Pristine, Pristine

High shear mixing time (min)

0.00, 15.00, 15.00

Sonication time (min)

0.00, 60.00, 60.00

Temperature®C)

30.00, 30.00, 30.00

Table 1: Different dimensional (factorial) combinations végd to produce an optimal true
ultimate strength of about 0.22 GPa for the thpEzsnens.

SOMs can be used to extract the values of the ifgmiors required to produce the optimal
values for each of the output responses in theex@anded VGCNF/VE. For example, in Fig. 9,
one specimen has the highest true yield strengébbofit 0.19 GPa, located at the fifth row of the
SOM. In Fig. 16, this value corresponds to specimeiex of 92 and different input properties
can be determined to produce this response vaheselproperties are shown in Table 2.

Optimal trueyield strength response value = 0.19 GPa

Curing environment Oxygen
Use of a dispersing agent Yes
Mixing method HS
VGCNF fiber loading (phr) 0.00
VGCNF type Pristine
High shear mixing time (min) 0.00
Sonication time (min) 0.00
Temperature®C) 30.00

Table 2: Different dimensional (factorial) combinations végd to produce an optimal true
yield strength of about 0.19 GPa.

It is confirmed from the sensitivity analysis perfeed based on the SOMs that testing
temperature, sonication time, and high-shear miximg are the most dominant factors in the
new nanocomposites data framework. Therefore, andacus on the quantities of these factors
when determining the optimal conditions requirecathieve the optimal response value(s). In
Table 1, high-shear mixing time is 0.00 or 15.0@wumés, sonication time is 0.00 or 60 minutes,
and the testing temperature must b&C3However, since the specimen with index 92 acsev
both the optimal values of true ultimate strengtll &ue yield strength, very low values of high-
shear mixing and sonication times must be useleatetsting temperature of 8D (Tables 1 and
2).

In Fig. 10 and Fig. 11, one specimen has the highegineering elastic modulus of about
3.68 GPa, located at the first row of the SOM, and specimen has the highest engineering
ultimate strength of about 80.20 MPa, located atfitst row of the SOM, respectively. In Fig.
16, these values corresponds to the specimen sdic2l10 (for the engineering elastic modulus
value) and 173 (for the engineering ultimate sttienvglue) and different input properties can be
determined to produce these response values. phegerties are shown in Table 3 and Table 4.
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Optimal engineering elastic modulus response value = 3.68 GPa
Curing environment Nitrogen
Use of a dispersing agent Yes
Mixing method HS
VGCNF fiber loading (phr) 0.00
VGCNF type Oxidized
High shear mixing time (min) 0.00
Sonication time (min) 0.00
Temperature®C) 30.00

Table 3: Different dimensional (factorial) combinations wvégd to produce an optimal
engineering elastic modulus of about 3.68 GPa.

Optimal engineering ultimate strength response value = 80.20 M Pa

Curing environment Nitrogen
Use of a dispersing agent No
Mixing method us
VGCNF fiber loading (phr) 0.00
VGCNF type Oxidized
High shear mixing time (min) 0.00
Sonication time (min) 0.00
Temperature®C) 30.00

Table 4: Different dimensional (factorial) combinations végd to produce an optimal
engineering ultimate strength of about 80.20 MPa.

As seen in Tables 3 and 4, the high-shear mixirdysomication times must be very low to
produce specimens with optimal values of engingeglastic modulus and engineering ultimate
strength. Also, the testing temperature diGénhust be used.

In addition, in Fig. 12 and Fig. 13, one specimes the highest flexural modulus of about
3.69 GPa, located at the fourth row of the SOM, and specimen has the highest flexural
strength of about 103.5 MPa, located at the founth of the SOM, respectively. In Fig. 16,
these values corresponds to specimen index of 8&I9tije flexural modulus value) and
specimen index of 287 (for the flexural strengtiuea Different input properties can be
determined to produce these response values. phegerties are shown in Table 5 and Table 6.

Optimal flexural modulusresponse value = 3.69 GPa

Curing environment Oxygen
Use of a dispersing agent Yes
Mixing method HS
VGCNF fiber loading (phr) 0.75
VGCNF type Oxidized
High shear mixing time (min) 61.01
Sonication time (min) 20.47
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| Temperature®C) | 30.00 |
Table 5: Different dimensional (factorial) combinations végd to produce an optimal
flexural modulus of about 3.69 GPa.

Optimal flexural strength response value = 103.5 M Pa

Curing environment Oxygen
Use of a dispersing agent Yes
Mixing method HS
VGCNF fiber loading (phr) 0.25
VGCNF type Pristine
High shear mixing time (min) 50.68
Sonication time (min) 8.64
Temperature®C) 30.00

Table 6: Different dimensional (factorial) combinations weégd to produce an optimal
flexural strength of about 103.5 MPa.

As seen in Tables 5 and 6, generally short sowicaime and a relatively long high-shear
mixing time must be used to achieve the optimalueslof the flexural modulus and flexural
strength. Testing temperature must b&C30

Similarly, from Fig. 14 and Fig. 15, two specimdrave the highest storage modulus of about
2.76 GPa, and two specimens have the highest logsilos of about 149 MPa respectively. In
Fig. 16, these values correspond to specimen iadfel34 and 514 (for the storage modulus
value) and specimen indices of 333 and 373 (fotdbg modulus value).

Different input properties can be determined todpoe these response values. These
properties are shown in Table 7 and Table 8.

Optimal storage modulus response value for the two specimens = 2.76 GPa
Curing environment Oxygen, Oxygen
Use of a dispersing agent Yes, Yes
Mixing method HS, US/HS
VGCNF fiber loading (phr) 0.50, 0.50
VGCNF type Pristine, Pristine
High shear mixing time (min) 28.87,5.25
Sonication time (min) 36.80, 39.00
Temperature®C) 30.00, 30.00

Table 7. Different dimensional (factorial) combinations wégd to produce an optimal
storage modulus of about 2.76 GPa for the two speTs.

Optimal loss modulus response value for the two specimens = 149 M Pa
Curing environment Oxygen, Oxygen
Use of a dispersing agent No, No
Mixing method Us, Us
VGCNF fiber loading (phr) 0.25, 0.25
VGCNF type Pristine, Oxidized
High shear mixing time (min) 66.15, 80.83
Sonication time (min) 25.91,41.48
Temperature®C) 120.00, 120.00
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Table 8: Different dimensional (factorial) combinations végd to produce an optimal loss
modulus of about 149 MPa for the two specimens.

As seen in Tables 7 and 8, the high-shear mixinge tmust be short combined with a
moderately long sonication time to produce specsmneith optimal storage modulus values. The
testing temperature must be’@0 On the hand, the optimal values of loss modahesobtained
by using a relatively long high-shear mixing timedaa short sonication time. The testing
temperature in this case must be higher af@20

A PCA was performed on the VGCNF/VE data in the amged dataset. In Fig. 17, a
graphical representation of the PCA is shown. UshgPCA, the dimensionality of data was
reduced from seventeen to two. Each specimen was @ specific 2D representation (principal
component 1 and 2 axes), so that specimens witllasiproperties were mapped together in the
2D space. Thus, there are no specific units agsacwaith the abscissa and ordinate. This step is
fundamental so that clustering algorithms (Sec8a¥) can be applied to identify patterns in the
data. Such patterns can be used to discover andimxphysical and mechanical behavior
associated with the material system without thelneeun additional costly experiments.
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Fig. 17. A 2D graphical representation of the VGCNF/VE nasraposite data in the new
expanded data framework (illustrated by circle mimsing the PCA. This technique maps the
data from a 17D space down to a 2D space so tHatatit clustering algorithms can be applied.
The values associated with the principal dimensibraéd 2 are random, but each specimen is
given a 2D coordinate so that specimens with sinutaperties are mapped together in the 2D
space.

The FCM was applied to the expanded VGCNF/VE datasieag the GK distance measures.
In Fig. 18, the FCM results are given, where seslesters are selected to represent the data
using the GK distance measure. In Fig. 18a, the ftatthe VGCNF/VE specimens tested under
DMA were divided into seven different clusters. tRalarly, one cluster with viscoelastic
specimens having the same tan delta response 2f @@ cluster with viscoelastic specimens
having the same tan delta response of 0.05, orsteclwith viscoelastic specimens having
similar sonication and high-shear mixing times, ehester with viscoelastic specimens having
the same storage and loss moduli at the testingerature of 12, and one cluster with
viscoelastic specimens (tested at C0having the same tan delta response value of 0.2.
Specimens in this cluster have similar sonicatioth lsgh-shear mixing times as well. This leads
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to the conclusion that the VGCNF/VE viscoelastitadis an essential component in the new
framework. In addition, the tan delta response doeinant feature in this material system
followed by the sonication time and high-shear mixtime, as some specimens were placed in
clusters based on their sonication and high-she&atingh times. Moreover, the testing
temperature of 12€ is important in the new framework, as some speagwere placed in two
clusters based on that temperature. In additicegisgens with engineering ultimate strength and
flexural modulus tested at 3D were clustered together in one cluster and spa@mith true
ultimate and yield strengths tested at@Were also placed in a separate cluster. This s

the testing temperature of 8Dis a dominant feature in the framework. In Figbla “scale data
and display image (imagesc) object” plot is presernb indicate the number of clusters (seven in
this case) and the bands associated with eaclecl{esich distinct set of bands in a row). The
bands reflect the densities of data points witrachecluster and correspond to the distances
between the data points in Fig. 18a. These findprgse that testing temperature is a dominant
feature for the whole dataset.
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Fig. 18. a) Clustering results after applying the FCM aillpon and the GK distance measure,
whenC = 7. b) In the “scale data and display image dl{jetagesc)” plot, seven bands
representing seven clusters can be identified.

Using the GK distance measure, FCM works bettetlfers565 VGCNF/VE specimens when
the selected number of clusters equals seven. liisrchase, specimens tested at different
temperatures (particularly at @ and 126C) and having the same tan delta responses temal to
located in separate clusters that distinguish betweach of these temperatures and tan delta
values. In addition, when the number of clustensaéxiseven, more features with a pronounced
effect in the new nanocomposite data frameworkhmidentified. For example, sonication and
high-shear mixing times become important in thenfeavork after applying the FCM (with seven
clusters selected). Also, specimens tested undek BM 20C, having the same storage and loss
moduli have similar physical and mechanical behaws they are placed in one separate cluster.
These results confirm some of the SOM findings &bwvthat tan delta, testing temperature,
sonication time, and high-shear mixing time are h@st dominant features in this material
system and suggest that the FCM algorithm can iigeMGCNF/VE specimens in the
framework with similar properties by placing thenta different clusters based on tan delta,
testing temperature, sonication time, high-sheaxingi time, and specimens category (those
tested under compression, tension, flexure, and PMAe SOM analysis allows a preliminary
visual identification of the different existing gnos [27]. In contrast, the FCM clustering
approach identifies existing clusters and providesnechanism to assign the VGCNF/VE
specimens to the appropriate cluster. FurthermtbeeFCM allows objects to belong to several
clusters simultaneously, with different degreess@mbership. This feature is not available in
the SOMs [25]. Hence, the SOMs can be more usefulidentifying the dominant
feature(s)/dimension(s) in the dataset. Other etugy algorithms (e.g., FCM) can be used to
better identify cogent patterns and trends in th@CWF/VE data. In addition, different
VGCNF/VE specimens and their associated viscoelafiéxural, compression, and tension
properties can be identified and categorized withgir respective clusters. Each cluster can be
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identified based on one or more of the input defagtors of the VGCNF/VE material system in
the expanded nanocomposite framework.

5. Conclusions

Unsupervised knowledge discovery and data miningrigjues were applied to an expanded
vapor-grown carbon nanofiber (VGCNF)/vinyl estelEjMdataset as a case study for materials
informatics. This dataset had been generated hyl daictorial experimental design with 565
different design points representing three differeanocomposite structures, VGCNF/VE
viscoelastic data, flexural data, compression,tandion data. Each treatment combination in the
design consisted of seventeen feature dimensiamsspmnding to the design factors, i.e., curing
environment, use or absence of dispersing agentingnimethod, VGCNF weight fraction,
VGCNF type, high-shear mixing time, sonication tiaral testing temperature were utilized as
inputs and the true ultimate strength, true yietdersyth, engineering elastic modulus,
engineering ultimate strength, flexural modulusexiiral strength, storage modulus, loss
modulus, and tan delta were selected as outpuftsoiganizing maps (SOMs) were created with
respect to the testing temperature, tan delta,-singdar mixing time, sonication time, VGCNF
weight fraction, true ultimate strength, true yieffrength, engineering elastic modulus,
engineering ultimate strength, flexural modulugxéral strength, storage modulus, and loss
modulus. After analyzing the SOMs, testing tempemtand tan delta were identified as the
most dominant features for the newly expanded VG&ERmanocomposites framework having
the highest impact on the material responses. 8voictime and high-shear mixing time were
also important. In addition, it was inferred froletSOMs that some specimens tested at the
same temperature tended to have several sub-du&iach sub-cluster had similar tan delta
values. The cluster with the highest number of spews in the “temperature labels” SOM is the
30°C cluster. This means that 8Dis the most important testing temperature, afriites the
behavior of all specimens in the newly designethéaork. Analyzing the SOMs with respect to
true ultimate strength, true yield strength, engrireg elastic modulus, engineering ultimate
strength, flexural modulus, flexural strength, atg® modulus and loss modulus demonstrated
that VGCNF/VE specimens with different featureslddoe designed to match an optimal value
of VGCNF/VE compression response, VGCNF/VE tensiesponse, VGCNF/VE flexural
response, and/or VGCNF/VE viscoelastic response.

Finally, another data analysis was performed usiiegprinciple component analysis (PCA).
Then, the fuzzy C-means (FCM) algorithm with thes@fon-Kessel (GK) distance measure was
applied to the resulting new dataset. The FCM ehest the specimens based on the testing
temperature, tan delta values, as well as sonitatnal high-shear mixing times. However, the
testing temperature of 30 and 126C were the most important temperatures, as spesimere
clustered based on these two temperatures. Ini@udihe FCM was able to recognize the
specimens tested under dynamic mechanical and8i#\) at 120C having the same storage
and loss moduli and placed them in one clusters Téilects the fact that the mechanical and
physical properties of these specimens are sintilaaddition, when seven clusters were selected
and the GK distance measure was applied, thereomwascluster that had only VGCNF/VE
specimens tested under compression and tensiorgloster that had a mixture of engineering
ultimate strength and specimens tested under #examd five clusters that had VGCNF/VE
specimens tested under DMA with different properti&his means that all nanocomposite
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structures in the framework are important and tli@CWF/VE specimens tested under DMA

provide the most important features. Moreover, witennumber of clusters was equal to seven,
high-shear mixing time turned out to be an impdrfaature in the new framework as there is
one cluster with specimens having similar sonicatind high-shear mixing times.

In summary, the main contributions of this studg 4) developing a sensitivity analysis
structure using SOMs to discover the most and léastinant features of the new VGCNF/VE
system, whether they are input design factors dpuiuresponses, 2) developing a tool for
identifying VGCNF/VE specimen designs leading te thptimal responses of true ultimate
strength, true yield strength, engineering elastodulus, engineering ultimate strength, flexural
modulus, flexural strength, storage modulus, asd lmodulus, thereby facilitating the tailoring
of nanocomposite viscoelastic, compression, tepnssnd flexural properties and, in turn,
minimizing the fabrication costs, and 3) developengnethodology to better identify cogent
patterns and trends in VGCNF/VE data in the newn&aork. Each cluster can be identified
based on one or more of the input design factotseohew VGCNF/VE system.

The knowledge discovery techniques applied heremahstrate the dominant features in the
VGCNF/VE nanocomposite dataset, eliminating thedneeconduct additional costly and time-
consuming experiments. This highlights the feaigybdf data mining and knowledge discovery
techniques in materials science and engineering.
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Representation of an unknown 565
VGCNF/VE formulations or
fabrication conditions (viscoelastic,
flexural, compressive, and tensile)
as new feature vectors. Each
vector consists of 17 different
design factors; 8 inputs and 9
responses.

->The data mining techniques
applied eliminate the need to
conduct additional costly and time-
consuming experiments.

->This highlights the utility of
materials informatics for the
discovery of patterns and trends in
any materials system.
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2-D representation of FCM
the VGCNF/VE data: Clustering

Principal Component 1
Principal Component 2

SOM

Dimensionally Reduced Data

-> Different features were ordered in
terms of their relative effects on the
output responses.

- Optimal values of responses using
certain combination(s) of inputs were
produced.

- Nanocomposite specimens were
separated into different clusters based on
the testing temperature (30°C and 120°C
being the most dominant responses), tan
delta, high-shear mixing time, and
sonication time

- The viscoelastic responses of
VGCNF/VE specimens in the new
framework are the most significant.






