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Data mining for association analysis of pes
planus and pes cavus

Ji-Yong Jung, Jung-Kyu Choi, Yonggwan Won, and Jung-Ja Kim

Abstract—Association rule mining is a useful and widely used
method to provide beneficial information in the knowledge discovery
area related to diagnosis and prediction of disease. In this study, we
analyzed the correlation among symptoms occurred between pes
planus and pes cavus by using Apriori algorithm. Database based on
clinical diagnosis records about the 1310 patient foot with pes planus
or pes cavus were constructed. We extracted disease data, including
scoliosis, femoral interversion, anterior knee pain, hallux valgus, intoe,
outtoe, plantar fasciitis, pelvic malalignment, lower back pain, heel
pain, gastrosoleus tightness, forefoot varus, forefoot valgus,
quadriceps tightness, leg length discrepancy, and cerebral palsy, with
more than one symptom (pes planus or pes cavus) in total data. In case
of only one side of the foot was diagnosed with pes planus or pes cavus,
data was excluded. SPSS Clementine 11.1 program was used to
analyze the correlation among disease. The results show that both pes
planus and pes cavus was correlated with plantar fasciitis from
explored association rule. Also, we confirmed other symptoms
commonly occurred with pes planus or pes cavus from patients’
diagnosis data, and there was an organic associative relation between
these diseases. These results could be used as a basic data to make
secondary foot disease prevention program and to prevent
complication of pes planus or pes cavus. In addition, discovered rule
can be used for new application with many data set and applied to
useful assistant knowledge on clinical decision making process of a
specialist. There are some limitation that we performed analysis for
only patients who were diagnosed with pes planus and pes cavus, also
some data which are not subdivided into foot deformity was included
in total data.

Keywords—Association rule mining, Pes planus, Pes cavus,
Podiatry diagnosis

I. INTRODUCTION

he human foot plays an extremely important role in off
loading the body’s weight to the ground efficiently,
maintaining balance, and facilitating propulsion during
standing and walking. Biomechanical structure of the foot has
to adapt to a changing pattern of loading as the centre of mass
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of the body during stance phase [1]. Also, foot function which
is connected with lower extremity organically during gait is
very important to move for human, and it provides propulsion
and progress direction.

Generally, the foot shape is classified into 3 types such as pes
planus, normal foot, and pes cavus according to the shape of the
arch, and these types of the foot can be identified by visual
inspection, footprint analysis, radiographic examination, and
resting calcaneal stance position (RCSP) [2-3].

Pes planus is defined as a condition in which the medial arch
of the foot is diminished or absent as well as calcaneus is
everted, allowing the entire sole to touch the ground. Most
primary cause of this deformity were known as excessive
flexibility in the joint, neuromuscular disease including
cerebral palsy, congential disease such as tarsal coalition,
injury including fracture, rheumatoid arthritis, and tibialis
posterior dysfunction. Pes planus have been associated with
metatarsal stress fractures, plantar fasciitis, achilles tendinitis,
tibialis anterior inflammation and patella-femoral joint pain [4].

Pes cavus, which is the opposite of flat foot, is characterized
by an abnormally high medial longitudinal arch, inverted
hindfoot, and adducted forefoot. In high-arch foot, the rigid
arch causes the foot to strike down on its lateral side while
walking [5]. This foot deformity is mainly affected by Achilles
tendon spasticity or changes in the calf muscle and tendons due
to habitual wearing of high-heeled shoes. An increased arch
height is linked to high risk of lower extremity injuries such as
plantar fasciitis and lateral ankle sprains [6]. In children,
neurological cause of high-arch foot is spinal dysraphism,
cerebral palsy, cerebellar disease, arthrogryposis, and traumatic
pes cavus causes [7].

Data mining is data analysis method for discovering new
knowledge by exploring hidden rules or patterns in large
volumes of data which may contain useful information [8]. In
recent years, various methods of data mining such as decision
tree, decision rules, logistic regression, artificial neural network,
support vector machines (SVM), naive Bayesian classifier,
Bayesian networks, and k-nearest neighbors have been applied
to analyze the data in clinical medicine [9-17]. Medical data
mining for provide important information about patients is
promising filed of computational intelligence. This field has
recently been used to find the rule or correlation between
various disease and patient attributes [18-22]. Valuable
knowledge induced by data mining increase accuracy of
diagnosis and treatment about patients [23].

Association rule mining has high potential to discover
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important information related to disease diagnosis and
prediction [24-25]. Especially, association rule mining is the
most suitable methodology for exploring pair of attributes
which provide useful information in nonrestrictive patterns.
The advantage of association rule discovery is that it can
analyze the correlation of data at the same time by finding many
items to set of rules. Therefore, association rule mining has
been applied successfully to biomedical informatics [26-30].

Deformity of the foot such as pes planus or pes cavus can
cause not only disease came from foot deformity but also
complication by biomechanical disorder such as Achilles
tendonitis, gastrocnemius spasticity, scoliosis, and plantar
fasciitis as it affect negatively to maintain balance among lower
extremity, pelvis, trunk, and upper extremity [31-32]. Most
patients with foot deformity have more than two deformities, so
it is very important to investigate the dynamic relation between
diseases. Previous studies have been performed only
quantitative analysis based on biomechanical or statistical
methods. Also, many studies investigated on cause,
characteristic, and treatment of pes planus or pes cavus, while
no study so far has conducted about complication in patients
with pes planus or pes cavus and correlation of diagnosis based
on real clinical data. Accordingly, research is needed to provide
various correlations between physical characteristic and
disease.

In this study, we analyzed factor affecting disease or
dynamic relation between symptoms by applying association
rule mining for data processing of patients accompanying with
pes planus and pes cavus which occurred with high frequency
in foot deformity.

Association rule mining is first mentioned in 1993, and
numerous methods to generate strong patterns as well as to
improve performance of association rules algorithm have been
proposed [37]. Main purpose of the association rule mining is to
discover the associations or relevant relations among itemsets
in large databases [33-38]. Association rule that express
transactions occurring concurrently to form of rule means the
relation between particular transaction and other transaction
appearing simultaneously or progressively when particular
transaction occurred. It is defined that condition item as an
antecedent of a rule cause consequent item. Given | = (iy, ia,...,
in) as the item’s space, which is a set of m distance items
(database attributes), let D is a dataset (database) which is a set
of transactions and each transaction T; be defined as a set of

items (itemset; subset of 1) such that Ty € 1 and T = D = {T,,
T,,..., T3}. An association rule can be expressed in the form of
X—YwhereXcl,YCclandXNY=@.

For example, if the rule such as ‘bread — milk, cheese, and
ham’ (with support = 0.7, confidence = 0.9) was explored using
basket analysis with data mining method for supermarket sales
database, it means that ‘if the bread purchase, milk, cheese, and
ham purchase together’. At this time, support and confidence is
applied as measure about validity of the rule. Association rule

ASSOCIATION RULE MINING
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has the two measurements, support and confidence, which is
used to determine the significance of an association rule.
Support (s) is defined as the frequency that itemsets (X and Y)
occur or co-occur in a transaction database D. Confidence (c)
represent how “strongly” an itemset X implies another itemset Y
[39]. In other words, high support means that the explored rules
are occurred frequently in many transactions and these values
indicate the importance of that rule in total database. Also, high
confidence shows that how to correlate between items which is
consist of a prerequisite of the rule in explored rule and other
items. In the above example, 0.7 of support indicate probability
of bread, milk, cheese, and ham sells together is 70% in
customer purchase details of sales database, and 0.9 of
confidence indicate that the case of milk, cheese, and ham are
also purchased when bread purchased bread is accounts for 0.9.
Support and confidence of the rule can be computed by
equation (1), and (2).

Support (X - Y) = % =P(X UY) (1)
i _ support(X U Y) _ nX vY)
Confidence (X -»Y) = support )~ n(®) o
PX UY)
= == PUID

P (X)

If it is reinterpreted and defined the point of view for medical
diagnosis, support is the percentage of disease A and B
occurred together in total disease, and confidence is the
percentage of disease B occurred related to disease A.
Equations can be expressed by equation (3), and (4).

Number of disease A N B
Total number of disease

Support (%) = 3
Confid (%) = Number of disease AN B
onfidence LA = Total number of disease A

(4)

As following this, the meaning of association rule mining is
to interpret qualitative significance to understand easily
interconnections between data and quantitative significance as
scale of support and confidence about explored rule by
indicating many data occurred concurrently to set of explored
rules [38,40].

A. Apriori algorithm

Apriori which is efficient algorithm for finding rules have
extremely high confidence from transactional databases [41]. It
is one of the most widely used algorithm in the data mining
literature. Also, it can improve the performance by reducing the
number of database scans and the size of the analyzed dataset at
each scan [42-44].

Apriori algorithm consists of two steps as follow. In step 1,
the Apriori algorithm determines all frequent itemsets by
scanning the transaction database. Subset of total set of item |
as well as assemblage composed of several item is called
itemsets and other else itemsets are called frequent small
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itemsets.
DatabaseD  ScanD = c L
Tid | Itemsets Itemsets | SD Itemsets | SD
100 [ 134 {1} 2 {1} 2
200 | 235 {2} 3 {2} 3
300 | 1235 {3} 3 {3} 3
400 | 25 {4} 1 {3} 3
{5} 3
C:. SCE.IlD => C: L:
[temsets Itemsets | SD Itemsets | SD
{12} {12} 1 {13} 2
{13} {13} 2 {23} 2
{15} {15} 1 {25} 3
{23} {23} 2 {35} 2
{25} {25} 3
{35} {35} 2
Cg, Scan D = C]. L].
Itemsets Itemsets | SD Itemsets | SD
{235} {235} 2 {235} 2
Support=PXNY) ‘ Confidence=P(Y | X)
Rules Support (X Y) | Support (X) Confidence
1 = 453 2 2 100
{2} — {3} 2 3 6666666667
2} —= {5} 3 3 100
{3} — {5} 2 3 6666666667
2y — {35} 2 3 66 66666667
{3} —= {25} 2 3 66 66666667
{3y — {23} 2 3 66.66666667
31— {1} 2 3 66.66666667
{3} —= {2} 2 3 6666666667
5} —= {2} 3 3 100
{3} — {3} 2 3 6666666667
35} — {2} 2 2 100
{25} — (3} 2 3 66 66666667
{23} — {5} 2 2 100

Fig. 1 Apriori algorithm

In step 2, frequent itemstes are used to generate association
rule from database. And subsets about all frequent itemsets (not
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null sets) detected. If percentage of support (f) about support (a)
of subset is over mini minimum confidence (Cmin), rules will
be generated as follows (5).

Support (f) -

Support (a) Cmin,a = (f = a)

Q)

Discovery process of Apriori repeat the process to find out Ly

which satisfying the condition of minimum support by
discovering k-candidate itemset Ck from (k-1)-frequent itemset
L1 for search k-frequent itemset (L) and by calculating
support of Cy. Fig. 1 shows the example of execution process
for Apriori with assuming 40% of minimum support.
First, calculate support of single item using scanned database D,
and then determine 1-large itemset L; satisfying minimum
support in 1-candidate itemset C;. In Fig. 1, {(2),(2),(3),(5)}
were determined to L; as their minimum support were bigger
than 40%. Large itemsets were discovered such repetition of
process.

Characteristic of Apriori algorithm is the process called
Apriori-gen which composing of (k+1)-candidate itemset Cy.1
from frequent itemset Lk in any stage as shown in Fig. 1.
Process of Apriori-gen and prune is same as following this. For
example, we assumed that itemsets which is included in 2-large
itemset L, are {1 2}, {1 3}, {2 3}, {2 5}, {2 8}. Apriori-gen
generate candidates of 3-candidate itemset C; by adding item
which have last item with more larger number value in itemsets
included in L,. That is, 3-candidate itemset {1 2 3} is generated
by connecting each other due to {1 2} and {1 3} is equal in first
itme ‘2° of {1 2}. Also, {2 3 5} and { 2 5 8} is generated as
same as above method. However, {2 3 5} and {2 5 8} are not
included in L as 2-item subset {3 5} of {2 3 5} and {5 8} of {2
5 8} are not included in L,, but only {1 2 3} which is included
in L, is determined to C; and then itemset satisfying above
conditions is determined to Ls by calculating support of
candidate itemsets [45-46]. The pseudocode about Aprori-gen
and prune algorithm was written as shown in Fig. 2.

{Apriori-gen}

insert into Cy.,

select p.itemy,p.item,, .., p.itemy, q.itemset,
fromLyp,L.q

where p.item; = p.item,, ..., p.item; = q.itemset,_,, p.item, < q.itemset;,

{Prune step}
forallitemset ¢ © Cy,; do
forall k-subsets s of ¢ do
if (s€L.,) then

delete ¢ from C,.,

end

Fig. 2 Apriori algorithm
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A. Biomechanical Evaluation Process

Foot structure can be assessed with a variety of clinical and
research tools [46-47]. The main objective of this
biomechanical evaluation is to investigate the effect of foot
deformity such as pes planus or pes cavus on body function. As
shown in Fig. 3, clinical measurement are consists of prone,
supine, and standing evaluation. And clinical tests are
performed using various biomechanical measurement tools,
including digital angulometer, digital angle finder, gravity
goniometer, and tractography.

EXPERIMENTAL METHOD

(d)
Fig. 3 (a) Prone evaluation, (b) Supine evaluation
(c) Standing evaluation, (d) Measurement tools

Issue 4, Volume 7, 2013

146

First, passive inversion and eversion available angle, subtalar
neutral joint position of rearfoot/forefoot, and dorsiflexion of
ankle were measured in prone evaluation. Second, in supine
evaluation, malleolar torsion and leg length differences,
midtarsal joint integrity, and great toe range of motion (ROM)
into extension were determined. And, finally, standing
evaluation is conducted using weight-bearing measurement.
The resting calcaneal stance position (RCSP) which is an index
of various foot structural and functional abnormalities can
provide information on self selected foot postures. Bisected
angle of the posterior aspect of the calcaneus is used to this
biomechanical evaluation process [48]. Subjects’ feet were
characterized as pes planus or pes cavus based on RCSP. A
neutrally aligned foot had an RCSP between 2° of inversion and
2° of eversion, while pes planus or pes cavus foot had an RCSP
of more than or equal to 4° of eversion and inversion,
respectively [49-50]. This clinical measurement method is used
to the point of view in frontal plane relationship of the forefoot
to the rearfoot. The subtalar joint neutral position of each foot
was also determined but not used to categorize foot type.

B. Subjects

In this study, we constructed database using diagnosis data
about left and right side of the foot (2620 feet) of 1310 patients
(men : 633, women : 677) from C foot clinic hospital. Fig. 4
shows a diagnosis charts of patients. Subjects have more than
one disease in left and right side of the foot such as pes planus,
pes cavus, scoliosis, femoral interversion (Fem, Inter), anterior
knee pain, hallux valgus (HAV), intoe, outtoe, plantar fasciitis,
pelvic malalignment, lower back pain (LBP), heel pain,
gastrosoleus tightness, forefoot varus, forefoot valgus,
quadriceps tightness, leg length discrepancy (LLD) and
cerebral palsy (CP).

sl ¢

IENILT]

Bio oM sowecncs Tamoopcas

hart of patients

Bio oM Bowscurics TemocarCoss 4 2917 2008 oot ‘
Fig. 4 Diagnosis ¢
C. Methods

Process of analysis in patients with pes planus and pes cavus
was carried out as shown in Fig. 5. Diagnosis information of all
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patients (2620 feet) with more than one disease including pes
planus or pes cavus were extracted without identifying before

and after being diagnosed based on initial diagnosis in total data.

And data warehouse was constructed to present information
after data cleaning which is essential procedure for the quality
of rules derived from the mining process. Then, Apriori
algorithm was used to discover rules in diagnosis data. In case
of only one side of the foot was diagnosed with pes planus or
pes cavus, it was excluded.

Extraction of
diagnosis data of
1310 patients
(2620 feet)

Data cleansing

Datawarehouse

Application of
Apriori
modeling

Assessment of

e Find out the rules

Fig. 5 Association rule mining process

To analyze diagnosis data of patients, Apriori algorithm and
web node was applied using Clementine 11.1 (SPSS Inc.,
Chicage, USA) [49,51]. This software use the node which is
connected together to form a stream frame for data processing.
And, web node provide a graph by visualizing the relation
aspects of items and Apriori algorithm is applicable in case of
dichotomous and polytomous [52].

IV. RESULTS

As a result of extracted data from patients with more than
one disease including pes planus or pes cavus in left and right
foot on all of 1310 patients, 642 patients (436 males and 206
females) records are used to this study.

Pes cavus

Pes planus

Scoliosis Heel pain

CP

Fem. Inter

Gastrosoleus
tightness

Intoe

Anterior HAV

knee pain
Outtoe Pelvic
Plantar LBp malalignment
fasciitis
. Consequent
Fig. 6 Result of association rules by Web node

Antecedent
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Result of graphic generated using web node about diagnosis
record of patients with pes planus or pes cavus is shown as in
Fig. 6. Diseases correlated with other symptoms are connected
the line respectively and displayed thickly in case of more
highly related.

In case of pes planus, it was related to disease like scoliosis,
Fem. Inter, anterior knee pain, HAV, intoe, outtoe, plantar
fasciitis, pelvic malalignment, LBP, heel pain, gastrosoleus
tightness, and CP. Most of all, relation of plantr fasciitis, heel
pain, and gastrosoleus tightness was the most highest. And in
case of pes cavus, it was related to disease such as plantar
fasciitis, pelvic malalignment, heel pain, and gastrosoleus
tightness. And the relation of pelvic malalignment was the most
highest among others. All of the diseases on pes cavus,
especially, are interconnected with pes planus.

Table 1 show rules with the reliability of more than 95%
confidence in association rules detected in patients with pes
planus and pes cavus by applying Apriori algotirhm. Pes planus
was related with gastrosoleus tightness, plantar fasciitis, heel
pain, LBP, and HAV while pes cavus was related with
gastrosoleus tightness and pelvic malalignment. Support was
high (34.36%) in case of pes planus with plantar fasciitis and in
more than 20% in case of pes planus with gastrosoleus tightness.
In this study, confidence was used to rank the discovered rules
in Apriori results [53-56].

Table 1. Results of discovered association rule

Support Confidence
Consequent Antecedent %) %)
Pesplanys  CSosoleus 2517 98.29
tightness
Pes planus Plar}_ta_r 34.36 99.24
fasciitis
Pes planus Heel pain 23.87 98.57
Pes planus LBP 13.28 95.62
Pes planus HAV 15.52 96.37
Pescavus  Castrosoleus 13.26 98.64
tightness
Pes cavus P?IV'C 15.63 99.25
malalignment

V. DISCUSSION

Foot has a multi joint mechanism which plays an important
role between lower limb and ground during gait. Impairment
caused by injury or deformation of the foot affects on muscle,
bone, and tendon as well as induces atrophy, instability, and
motor disturbance [57]. Deformation of medial longitudinal
arch such as pes planus or pes cavus can cause its deformity as
well as complications like metatarsal stress fracture, Achilles
tendinitis, tibialis anterior inflammation, patella-femoral joint
pain by biomechanical disorder in lower extremity. Also, low
or high medial arch can cause the chronic plantar fasciitis and
influence the severity of heel pain [58]. The plantar fascia is the
fibrous connective tissue which runs from the tuberosity of the
calcaneus forward to the proximal phalanges. It contributes to
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support the longitudinal medial arch of the foot and prevent
injuries by absorbing the ground shock while walking or
running. Plantar fasciitis, that is inflammatory disease to induce
pain on plantar fascia, is occurred when excessive weight was
overloaded in tiny plantar fascia [59].

In this study, we used Apriori algorithm which is the most
suitable methodology for discovering important information
related to disease diagnosis to the patients database. And,
biomechanical evaluation results on left and right side of the
foot through prone, supine, and standing test were included to
improve the accuracy and reliability of the association analysis.
From the results in this study, not only pes planus which has
diminished or absented medial arch but also pes cavus which
has abnormally high medial arch of the foot, we confirmed that
both pes planus and pes cavus has more higher association with
plantar fasciitis than other symptoms such as scoliosis, fem. Int,
intoe, outtoe, anterior knee pain, LBP, HAV, CP. In addition,
we also determined other correlation between symptoms
commonly occurred such as pelvic malalignment, heel pain,
and gastrosoleus tightness in pes planus and pes cavus.

Various foot structures are associated with foot function
during static or dynamic movement. Most patients with pes
planus or pes cavus had more than two symptoms. It means that
pes planus or pes cavus could be contributed to change the foot
structure and it can cause the serious foot problems. Previous
studies reported that foot type categorized as planus and cavus
is considered a risk factor in the development of severe foot
deformity [60-64]. It is very important to prevent the
degeneration as well as complication of disease during patients’
treatment process. Appropriate treatment strategy for the
individual patient could be considered by understanding the
cause of the deformity and relationship between diseases. Rules
extracted from apriori algorithm in this study can be utilized to
provide the correlation between diseases and assist the clinical
diagnosis process related to not only pes planus and pes cavus
but also other foot deformities by including diagnosis,
screening,  prognosis, monitoring, treatment  method
information.

VI. CONCLUSION

Association rule mining is efficient and applicable method to
discover the association or relevant relations among itemset in
large medical databases. In this study, we evaluated the
correlation of inter-symptoms which accompanying pes planus
and pes cavus using Apriori algorithm which has been
successfully employed to extract patterns in the correlation
analytic technique of data mining. Diagnosis data of 1310
patients with more than one disease including pes planus or pes
cavus were extracted based on initial diagnosis record in total
data. And, then apriori algorithm

These results could be used as a basic data to make
secondary foot disease prevention program and to protect
complication of pes palnus or pes cavus. Finally, discovered
rule can be applied effectively to wide range of useful assistant
knowledge on decision making process of a specialist.

This study has some limitation. We performed analysis for
only patients who were diagnosed with pes planus and pes

Issue 4, Volume 7, 2013

148

cavus at a single institution. Also, some data which are not
subdivided into pes planus and pes cavus is included in total
data. Accordingly, in further research, we will extract a rule
which is able to understand and normalized the correlation of
pes planus and pes cavus as well as complications occurred
complexly by collecting more diagnosis data and analyzing
disease pattern according time’s flow.
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