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ABSTRACT

Investigation has been made in applying chemometric treatment of
unbiased approaches to classify signals in osmotic fragility test for thalassemia
screening. K-means clustering and hierarchical clustering analysis coupled
with linear discriminant analysis were the chemometric techniques employed
in this work. A knowledge determined from conventional approaches in osmotic
fragility test together with multivariate analysis provides a complementary tool
and novel approach for disease diagnosis.
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INTRODUCTION

The osmotic fragility test (OFT) is a popular method for thalassemia screen-
ing because of its high efficiency and low cost (Hartwell et al., 2005). OFT is a
test that measures the ability of red blood cells to retain their integrity in hypo-
tonic saline solution. The surface areas of red blood cells of a thalassemia patient
(positive tests) are larger than in a normal person (negative tests), so the blood
cells are more likely to breakdown faster than in negative tests. OFT, coupled
with stopped flow injection, was developed as an automated thalassemia screen-
ing tool that reduce the risk of contamination in the system (Khonyoung et al.,
2009). The signals of stopped flow OFT are used to discriminate patients. The
method can classify patients by using the optimized slope from the optimization
based on hospital records (Khonyoung et al., 2009). However, no evidence exists
guaranteeing its accuracy in predicting unknown samples.
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Attempts to formulate a screening tool for unknown samples have employed
various chemometric algorithms. Approaches to unsupervised learning include
k-means clustering and hierarchical cluster analysis (HCA). Regression of dis-
criminate signal and validated group from linear discriminant analysis (LDA) can
be used to predict groups of unknown signals. In this work, k-means clustering
and HCA coupled with LDA of various types of stopped flow OFT signals were
used to construct a thalassemia screening tool. The ability to predict thalassemia
cases in unknown groups by the proposed methods was evaluated.

MATERIALS AND METHODS

Data and data management

OFT signals used in this paper were obtained from prior research (Khon-
young et al., 2009). From the dataset, 73 blood samples were defined, according to
the hospital records, as 21 and 52 samples with positive and negative test defined
as RT and RN in Table 1, respectively. From the experiments in Figure 1 (Khon-
young et al., 2009), the signals were recorded at the same time period. In this
study, the signals were normalized by considering: (1) the range of OFT signals,
(2) rescaling of the time scale and (3) smoothing to reduce noise signals.
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Figure 1. Raw OFT signals of 73 cases (21 positive tests (T) and 52 negative
tests (N)).
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Figure 2. OFT signals from the 23-50 second interval in Figure 1 were rescaled
to a 0-27 second range in this study.

Four types of treatment were then employed: (1) normalized signals of OFT
in the range of the stopped time period; (2) principal component analysis (PCA)
score of normalized OFT signals (PCOFT); (3) slope of the whole range, calcu-
lated from the first and the last points (OS) (Figure 2) and (4) interval slope (IS).
Each of the four types was then treated by k-means clustering and hierarchical
clustering analysis (HCA) techniques. The results were considered for the next
steps by selecting only the same prediction results for use as training sets. Linear
discriminant analysis (LDA) was then applied to predict the group of signals.

Construction of LDA

The selection of training samples for LDA was based on the variation of
k-means distance. The coverage of k-means distance from minimum to maximum
of all members in positive test (PT) and negative test (PN) was used as criteria
to select training samples. Furthermore, numbers of training samples were also
studied by varying from 10-20 samples.

The LDA package in the SPSS program was used in this study. LDA was
performed on within-group covariance matrix and prior probabilities of discrimina-
tion were set as all groups equal. Canonical function was calculated to maximize
the eigenvalue. Groups of OFT signals of training samples were predicted to
be positive test (AT) and negative test (AN), respectively. Square mahalanobis
distance of sample to centroid (SMDC) value of OFT signals of training samples
expressed distribution of the OFT signals on a discriminate scale. The upper
bound of SMDC of AT and AN in the training set was used as the boundary of
LDA prediction. The prediction was guaranteed when the SMDC was less than
the LDA boundary. All LDA models were validated using the same validation set.
The sample of which groups of all kinds of signals were concerned as positive
(PT) and negative test (PN) was used as the validation sample. In this study, nine
samples were used as validation sets, three positive and six negative tests. The
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percentage correctly classified in the validation set was used to express the LDA
prediction ability. The OFT signal predicted within the upper bound of SMDC of
the training set as positive (AT) and negative test (AN), respectively; otherwise
the signal was predicted as an unidentified case (AU).

OFT signals of unknown samples were normalized using the same process
as the training set. Groups of unknown samples were predicted using LDA. The
LDA-predicted results were guaranteed within the upper bound of training set
SMDC. Other kinds of signals were treated the same as OFT signals for thalas-
semia screening.

Principal component analysis (PCA)

PCA in the SPSS program was used to calculate linear combination
variables, which presented the variance of data (Chatfield and Collins, 1980;
Jurado et al., 2005). Correlation matrix was used as variance data. PCA reduces
data size while maintaining the important parts of the data by projecting variance
data into new eigenvector variables called component (Milde et al., 2007), (De
Carvalho et al., 2006). Component contained score that presents the variation
on the new dimension of new variables named loading. Eigenvalues express the
weight of the eigenvector of the considered component. PCA is a data succes-
sive extraction method. After the first component was extracted from the data,
the second component was extracted from the remaining data and so on with
later components. The linear combination of each component is the orthogonal
dimension of the other component. Varimax normalized rotation was performed
to maximize (or minimize) the values of the loading matrix in relation to each
rotated component (Viana et al., 2006).

The number of principal components was selected using Kaiser criterion
in which components were kept only when their eigenvalue were more than 1
(Thanasoulias et al., 2003). In this study, PCA was used for two aims: i) princi-
pal component scores were used as discriminate variables and ii) a scatter plot
of principal component scores was used to express distribution of multivariate
signals (Chatfield and Collins, 1980; Jurado et al., 2005).

Hierarchical clustering analysis (HCA). HCA clusters groups of signals by
using distance of signals (Huang et al., 2009; Pham 2001; Smolinski et al., 2002;
Teppola et al., 1999). Cityblock distance is one way to express cluster of signals.
Cityblock distances calculate the absolute difference of signal x that obtained »
variables of sample ai and aj (Yiakopoulos et al., 2011).

1 n
D icypiock(aiaj) = ;Jzk_ip(m - Xjkl

HCA shows an overview of all signal distances by the dendrogram. All
pairs of signals are calculated in terms of distance. The pair of signals that
obtained the shortest distance is joined to become the same group by using
furthest neighbor linkage. Furthest neighbor uses the maximum distance between
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members in each group as the point of joining (Mao and Xu, 2006). After the first
group was joined, the distances of the remaining signals were calculated again,
and the shortest distance is joined to make the bigger group. These processes are
continued until all signals are joined to form the same group. The length of the
line that combines the samples together expresses the attitude of discrimination
of members in the considered level. The longer the length of the combined line
means the better clear clusters (Forina et al., 2007). Natural groups of the dataset
are expressed when the dendrogram is cut at the longest combined line.

The benefit of HCA is that the user can cluster signals of samples into
various groups, depending on various combined line levels (Brereton, 1992;
Engels et al., 2006; Massart and Kauffman, 1992). Therefore, the number of
clusters does not need to be fixed before HCA treatment. Appearance of distribu-
tion and clusters of signals can be seen clearly from the dendrogram. Outliers do
not affect the dendrogram, because outliers can be separated into isolated groups.
But HCA is suitable only for small numbers of signals, because the HCA algo-
rithm needs time to generate the dendrogram and the dendrogram cannot express
natural groups of datasets that obtained unclear clusters.

K-means clustering. K-means clustering is another method of cluster
analysis, that aims to partition n observations into k clusters. Users can fix “k”
number of clusters freely, when k-means clustering is applied. Running means
an iterative process is used to find the optimized k centroids. The k centroids are
iterated until the sum of squares of the within-cluster distances reach the minimum
value (Krooshof et al., 2006). Distance of signals that obtained n variables of a; to
centroid a; is obtained by using Euclidean distance (Yiakopoulos et al., 2011):

1 n
DBuclideun.(ai,aj) = ;jzk:l(){i - Xjk)z
Euclidean distance of the signals to all centroids is calculated and used
as the parameter to identify groups of signals. The signal belongs to the group
that obtains the shortest Euclidean distance of the signals to the centroid of the
group. The benefit of k-means clustering is that the process is flexible. Group of
signals can be changed until the maximum difference of all £ groups is reached
(Wu and Chow, 2004). The drawback of k-means clustering is that the accuracy
of k-means clustering is dependent on the size of the data set and number of £.
The result of k-means clustering is reliable only with very large data sets (more
than 100 samples) and suitable k number are used (Hartigan, 1975) to express the
distribution of all samples in the data as much as possible. This method is sensi-
tive to outliers, so outliers should be removed from the dataset prior to using.

Linear discriminant analysis (LDA)

LDA is a technique that allows the classification of an individual into one
of two or more distinctive populations on the basis of a set of measurements.
It is a linear combination using the Fisher Transform function (Fisher, 1936;
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Melody, 2003; Raghuraj and Lakshminarayanan, 2007; Timm, 2002). LDA as-
sumes a multivariate normal distribution and that all groups have the same co-
variance matrix. Eigenvector and eigenvalues are iteratively calculated until the
maximum ratio of “between groups’ and within groups’ variances” (Huang et
al., 2009) (eigenvalue) is reached. Eigenvalue is one term to show the ability of
the LDA model to discriminate data. Canonical function from Fisher’s process is
used to express weigh principal variables in the discrimination. Stepwise LDA
was used to screen only the high impact variables from multivariate data of the
discrimination (Huang et al., 2009). Wilks’ lambda (A) (Ren et al., 2006), ratio
of variance of discriminant scores, is used as the criteria of a stepwise process
to screen variables in LDA. The variable adds into the canonical function when
A is increased, otherwise the variable is rejected. Grouping of signals of samples
was predicted by considering the square mahalanobis distance to centroid (Li et
al., 1999; Siripatrawan and Harte, 2007; Tomasko et al., 1999).

Dzmahalanobia.c = (X - uc)S(X - I'l'c)T

when x is signal of unknown, uc is centroid of group ¢, T is transform matrix
and S is pooled variance-covariance matrix of training set.

RESULTS AND DISCUSSION

Four kinds of signals were employed: (a) OFT, (b) PCs of OFT, (c) overall
slope and (d) interval slope. For the PCs of OFT, two principal components were
extracted from OFT with the cumulative variance of overall data being 99.5% with
percentages of variance of component 1 and 2 being 55 and 44.5, respectively.

Confirmation of group of signal of blood samples from hierarchical cluster-
ing analysis (HCA)

Group distributions of four kinds of signals from HCA were expressed by
dendrogram (Figure 3). From the dendrogram, the signals were divided at the
considered rescaled distance cluster combine values, and the distribution of signals
in each cluster is highly dispersed. Two cluster signals for negative and positive
tests were subjected for this investigation. Therefore, the dendrograms were cut
at a level that signals can be clustered into two groups. The rescaled distance
cluster combine of PCA scores of OFT was 24; whereas, rescaled distance cluster
combines of other kinds of signals were 20. Numbers of members in the positive
(HT) and negative test (HN) groups of OFT, PCA of OFT, overall slope, and the
interval slope were (27,46), (38,35), (53,20) and (54,19), respectively. Clearly,
the number of groups depends on the type of signal.

Confirmation of group of signal of blood samples from A-means clustering
analysis
The initial values & = 2 were chosen for the k~-means clustering algorithm.
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K-means distance was a direct relation of the distribution of signals in the dataset.
The distribution of signals in the negative test group (KN) was less than the posi-
tive test group (KT) for all kinds of OFT signals. The k-means clustering distance
range of positive test and negative test of OFT, PCA score of OFT, overall slope
and interval slope were (40.51-251.28, 21.98-272.21), (0.21-1.60, 0.18-2.28),
(0.02-1.14,0.24-3.28) and (1.58-9.26, 3.79-16.25), respectively. The comparisons of
k-means clustering and HCA of four kinds of OFT signals are presented in Tables
1-4. The numbers of members in the positive test group (KT) were usually less
than that of the negative test group (KN), except in the case of the overall slope
signal. From Table 5, the numbers of members in positive (KT) and negative test
(KN) groups of OFT, PCA of OFT, overall slope and interval slope were (30,43),
(29,44), (53,20) and (34,39), respectively. The “clustered” column indicated the
correlation in identification of positive or negative group, according to the clus-
tering method. The correlated result is labeled CT or CN; uncorrelated result is
labeled CU. Similarly, the “concerned” column was the overall comparison of
both clustering analysis techniques and the hospital records (report column).

Rescaled Distance Cluster Combire

(@)

Rescaled Distance Cluster Ccabine

(b)
Figure 3. Dendrograms of blood samples: (a) OFT, (b) PCs of OFT, (c) overall
slope, (d) interval slope.
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Figure 4. Dendrograms of blood samples: (a) OFT, (b) PCs of OFT, (c¢) overall
slope, (d) interval slope.

Table 1. The clustering results of OFT signals by k-means clustering, HCA and
hospital records.

Number | K-means | HCA | Report | Clustered | Concerned | Number | K-means | HCA | Report | Clustered | Concerned
01 KT HT RT CT PT 38 KN HN RN CN PN
02 KT HT RT CT PT 39 KT HT RN Ccr PU
03 KN HN RT CN PU 40 KN HN RN CN PN
04 KN HN RT CN PU 41 KN HN RN CN PN
05 KT HT RT CT PT 42 KN HN RN CN PN
06 KN HN RT CN PU 43 KN HN RN CN PN
07 KT HN RT CU PU 44 KN HN RN CN PN
08 KT HT RT CT PT 45 KT HT RN CcT PU
09 KT HT RT CT PT 46 KN HN RN CN PN
10 KN HN RT CN PU 47 KN HN RN CN PN
11 KN HN RT CN PU 48 KN HN RN CN PN
12 KT HT RT CT PT 49 KT HT RN CcT PU
13 KT HT RT CT PT 50 KN HN RN CN PN
14 KT HT RT CT PT 51 KT HT RN cT PU
15 KN HN RT CN PU 52 KT HT RN cT PU
16 KN HN RT CN PU 53 KN HN RN CN PN
17 KT HN RT CU PU 54 KT HT RN Ccr PU
18 KN HN RT CN PU 55 KT HT RN cT PU
19 KT HT RT CT PT 56 KN HN RN CN PN
20 KN HN RT CN PU 57 KN HN RN CN PN
21 KT HN RT CU PU 58 KN HN RN CN PN
22 KN HN RN CN PN 59 KN HN RN CN PN
23 KN HN RN CN PN 60 KT HT RN cT PU
24 KN HN RN CN PN 61 KT HT RN Ccr PU
25 KN HN RN CN PN 62 KN HN RN CN PN
26 KN HN RN CN PN 63 KT HT RN cr PU
27 KN HN RN CN PN 64 KN HN RN CN PN
28 KT HT RN CT PU 65 KT HT RN cT PU
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Table 1. The clustering results of OFT signals by k-means clustering, HCA and
hospital records (cont.).

Number | K-means | HCA | Report | Clustered | Concerned | Number | K-means | HCA | Report | Clustered | Concerned
29 KT HT RN CT PU 66 KT HT RN cT PU
30 KN HN RN CN PN 67 KT HT RN cT PU
31 KN HN RN CN PN 68 KT HT RN cT PU
32 KT HT RN CT PU 69 KN HN RN CN PN
33 KN HN CN PN 70 KN HN CN PN
34 KN RN CN PN 71 KN HN RN CN PN
35 KN HN RN CN PN 72 KN HN RN CN PN
36 KN HN RN CN PN 73 KT HT RN cT PU
37 KN HN RN CN PN

Note: Italics indicates a result confirmed by k-means clustering and HCA, but that did not cor-

relate with the hospital report. Underlining indicates a result confirmed by A-means clustering,
HCA and hospital report.

Table 2. The clustering results of PCA scores of OFT signals by k-means clus-
tering, HCA and hospital records.

Number | K-means | HCA | Report | Clustered | Concerned | Number | K-means | HCA | Report | Clustered | Concerned
01 KT HT RT CT PT 38 KN HN RN CN PN
02 KT HT RT CT PT 39 KT HN RN CU PU
03 KT HT RT CT PT 40 KN HN RN CN PN
04 KT HT RT CT PT 41 KN HN CN PN
05 KT HT RT CT PT 42 KN HN RN CN PN
06 KN HT RT CU PU 43 KN HN RN CN PN
07 KT HT RT CT PT 44 KN HN RN CN PN
08 KT HT RT CT PT 45 KT HN RN CU PU
09 KT HT RT CT PT 46 KN HN CN PN
10 KT HT RT CT PT 47 KN HT RN CU PU
11 KT HT RT CT PT 48 KN HT RN CU PU
12 KT HT RT CT PT 49 KT HN RN CU PU
13 KT HT RT CT PT 50 KN HN RN CN PN
14 KT HT RT CT PT 51 HN CN PN
15 KT HT RT CT PT 52 KN HN RN CN PN
16 KT HT RT CT PT 53 KN HT RN CU PU
17 KT HT RT CT PT 54 KN HN RN CN PN
18 KT HT RT CT PT 55 KN HN RN CN PN
19 KT HT RT CT PT 56 KN HT RN CU PU
20 KT HT RT CT PT 57 KN HT RN CU PU
21 KT HT RT CT PT 58 KN HT RN CU PU
22 KN HN RN CN PN 59 KN HN RN CN PN
23 KN HN RN CN PN 60 KT HT RN CcT PU
24 KN HT RN CU PU 61 KN HN RN CN PN
25 KN HT RN CU PU 62 KN HN RN CN PN
26 KN HT RN CU PU 63 KN HN RN CN PN
27 KN HT RN CU PU 64 KN HT RN CU PU
28 KT HN RN CU PU 65 KT HN RN CU PU
29 KT HN RN CU PU 66 KN HN RN CN PN
30 KN HT RN CU PU 67 KN HN RN CN PN
31 KN HN RN CN PN 68 KN HN RN CN PN
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Table 2. The clustering results of PCA scores of OFT signals by k-means clus-
tering, HCA and hospital records (cont.).

Number | K-means | HCA | Report | Clustered | Concerned | Number | K-means | HCA | Report | Clustered | Concerned
32 KN HN RN CN PN 69 KT HT RN CcT PU
33 KN HT RN CuU PU 70 KN HN RN CN PN
34 KN HT RN CU PU 71 KN HN RN CN PN
35 KN HN RN CN PN 72 KN HN RN CN PN
36 KN HN RN CN PN 73 KT HN RN CN PN
37 KN HT RN CU PU

Note: Italics indicates a result confirmed by k-means clustering and HCA, but that did not correlate
with the hospital report. Underlining indicates a result confirmed by k-means clustering, HCA and
hospital report.

Table 3. The clustering results of overall slope by k-means clustering, HCA and
hospital records.

Number | K-means | HCA | Report | Clustered | Concerned | Number | K-means | HCA | Report | Clustered | Concerned
01 KT HT RT CT PT 38 KN HN RN CN PN
02 KT HT RT CT PT 39 KN HT RN CU PU
03 KT HT RT CT PT 40 KN HN RN CN PN
04 KT HT RT CT PT 41 KN HN RN CN PN
05 KT HT RT CT PT 42 KN HT RN Ccu PU
06 KT HT RT CT PT 43 KN HN RN CN PN
07 KT HT RT CT PT 44 KN HN RN CN PN
08 KT HT RT CT PT 45 KN HT RN CU PU
09 KT HT RT CT PT 46 KN HT RN CU PU
10 KT HT RT CT PT 47 KT HT RN cT PU
11 KT HT RT CT PT 48 KT HT RN CcT PU
12 KT HT RT CT PT 49 KT HT RN cT PU
13 KT HT RT CT PT 50 KN HN RN CN PN
14 KT HT RT CT PT 51 KN HT RN CU PU
15 KT HT RT CT PT 52 KN HN RN CN PN
16 KT HT RT CT PT 53 KT HT RN cT PU
17 KT HT RT CT PT 54 KN HN RN CN PN
18 KT HT RT CT PT 55 KN HN RN CN PN
19 KT HT RT CT PT 56 KT HT RN CcT PU
20 KT HT RT CT PT 57 KN HT RN CU PU
21 KT HT RT CT PT 58 KN HT RN CU PU
2 KN HT RN CU PU 59 KN HT RN CU PU
23 KN HT RN CU PU 60 KT HT RN CcT PU
24 KN HT RN CU PU 61 KN HN RN CN PN
25 KT HT RN CcT PU 62 KN HT RN CU PU
26 KT HT RN cT PU 63 KN HN RN CN PN
27 KT HT RN Ccr PU 64 KN HT RN CU PU
28 KN HT RN CU PU 65 KN HT RN CU PU
29 KN HT RN CU PU 66 KN HN RN CN PN
30 KN HT RN CU PU 67 KN HN RN CN PN
31 KN HN RN CN PN 68 KN HN RN CN PN
32 KN HN RN CN PN 69 KT HT RN CcT PU
33 KT HT RN CcT PU 70 KN HN RN CN PN
34 KT HT RN CcT PU 71 KN HN RN CN PN

Number | K-means | HCA | Report | Clustered | Concerned | Number | K-means | HCA | Report | Clustered | Concerned




2 CMU. J. Nat. Sci. (2013) Vol. 12(2)

Table 3. The clustering results of overall slope by k-means clustering, HCA and
hospital records (cont.).

35 KN HN RN CN PN 72 KN HT RN CU PU
36 KN HN RN CN PN 73 KN HT RN CuU PU
37 KN HT RN CU PU 41 KN HN RN CN PN

Note: Italics indicates a result confirmed by k-means clustering and HCA, but that did not correlate
with the hospital report. Underlining indicates a result confirmed by k-means clustering, HCA and
hospital report.

Table 4. The clustering results of interval slope by k-means clustering, HCA and
hospital records.

Number | K-means | HCA | Report | Clustered | Concerned | Number | K-means | HCA | Report | Clustered | Concerned
01 KT HT RT CT PT 38 KN HN RN CN PN
02 KT HT RT CT PT 39 KN HT RN CU PU
03 KT HT RT CT PT 40 KN HN RN CN PN
04 KT HT RT CT PT 41 KN HN RN CN PN
05 KT HT RT CT PT 42 KN HT RN CU PU
06 KT HT RT CT PT 43 KN HN RN CN PN
07 KT HT RT CT PT 44 KN HN RN CN PN
08 KT HT RT CT PT 45 KN HT RN CU PU
09 KT HT RT CT PT 46 KN HT RN CU PU
10 KT HT RT CT PT 47 KT HT RN cT PU
11 KT HT RT CT PT 48 KT HT RN CcT PU
12 KT HT RT CT PT 49 KT HT RN CcT PU
13 KT HT RT CT PT 50 KN HN RN CN PN
14 KT HT RT CT PT 51 KN HT RN CU PU
15 KT HT RT CT PT 52 KN HN RN CN PN
16 KT HT RT CT PT 53 KT HT RN CcT PU
17 KT HT RT CT PT 54 KN HN RN CN PN
18 KT HT RT CT PT 55 KN HN RN CN PN
19 KT HT RT CT PT 56 KT HT RN cT PU
20 KT HT RT CT PT 57 KT HT RN CcT PU
21 KT HT RT CT PT 58 KN HT RN CU PU
22 KN HT RN CuU PU 59 KN HT RN CU PU
23 KN HT RN CU PU 60 KT HT RN cT PU
24 KN HT RN CU PU 61 KN HN RN CN PN
25 KN HT RN CU PU 62 KN HT RN CU PU
26 KT HT RN CcT PU 63 KN HN RN CN PN
27 KT HT RN cr PU 64 KT HT RN CcT PU
28 KN HT RN CU PU 65 KN HT RN CU PU
29 KN HT RN CU PU 66 KN HN RN CN PN
30 KN HT RN CU PU 67 KN HN RN CN PN
31 KN HN RN CN PN 68 KN HN RN CN PN
32 KN HT RN CU PU 69 KT HT RN cT PU
33 KT HT RN CcT PU 70 KN HN RN CN PN
34 KT HT RN CcT PU 71 KN HN RN CN PN
35 KN HN RN CN PN 72 KN HT RN CU PU
36 KN HN RN CN PN 73 KN HT RN CU PU
37 KN HT RN CU PU

Note: Italics indicates a result confirmed by k-means clustering and HCA, but that did not correlate
with the hospital report. Underlining indicates a result confirmed by k-means clustering, HCA and
hospital report.
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Confirmation of group of signals using clustering analysis techniques and
hospital records

From Table 5, the comparison of clustering and hospital records obtained
six predicted patterns. Case 1.1 and 1.5 were correctly identified for the normal
(PN) and thalassemia (PT) patients. In other cases, we cannot classify for posi-
tive or negative test (PU), because results of k-means clustering and HCA were
either uncorrelated with each other or with the hospital record. The results in
case 1.2 and 1.4 were confirmed by two clustering methods, but classify wrongly
according to the hospital records. Signals pattern in these two cases did not have
enough selectivity to use in the diagnostic process. Only the correct results, as
in cases 1.1 and 1.5, from two clustering analysis techniques and hospital record
were used for LDA construction.

Table 5. Confirmation of concerned group by the comparison of clustered results
and hospital records.

Considering | Clustering | Record | Concerned OFT PCA Overall Interval
pattern group group score slope slope
of OFT
1.1 CN RN PN 34(65%) | 29(56%) | 20(38%) 19(37%)
1.2 CT RN PU 18 2 12 33
1.3 CU RN PU 0 21 20 0
1.4 CN RT PU 9 0 0 0
1.5 CT RT PT 9 (43%) 20(95%) | 21(100%) | 21(100%)
1.6 CU RT PU 3 1 0 0

Note: According to the hospital records, there were 21 and 52 samples with positive and negative
tests, respectively. The percentage of the correlated classification according to the hospital record
are in parenthesis.

The comparison of clustering and hospital records of OFT showed that the
correlated results of the positive (PT) and negative tests (PN) were (9/21) 43%
and (34/52) 65%, respectively. This shows that OFT is not suitable for thalassemia
screening. With the PCA score of OFT, the correlated classification percentage is
higher —95% (PT) and 56% (PN), respectively. The OFT signals that can be used
for discriminating positive (PT) and negative tests (PN) were 20 and 29 signals,
respectively. From the overall and interval slopes, the perfect method to identify
thalassemia patients was identified. The correlated results of positive and negative
test were 100% and 38% with overall slope and 100% and 37% with the interval
slope, respectively. Distributions of signals, which can be visualized easily with
PCs score, are shown in Figure 4 as positive test (PT), negative test (PN) and
unidentified case (PU). The distribution of PN and PT were clearly separated and
suitable for LDA construction. Groups of positive tests of two types of slope were
clustered, but for the negative tests a wide distribution was observed.
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Table 6. K-means distance of signals in PT and PN of various kinds of OFT.

Sional ¢ K-means distance
igna e
& P PT PN
OFT 67.379-251.277 21.978-272.209
PCA score of OFT 0.211-1.439 0.177-2.278
Overall slope 0.017-1.143 0.241-3.279
Interval slope 1.575-4.852 3.792-16.247
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Figure 5. Distribution of various kinds of OFT of 73 samples labeled by con-
cerned group: (a) OFT, (b) PCs score of OFT, (¢) PCs of overall slope
and (d) PCs of interval slope.

Thalassemia screening by LDA

The selection of positive and negative tests for use as training sets in
LDA was considered from k-distance of their concerned groups. K-distances of
signals in PT and PN were arranged in descending order. Ranges of k-distance of
PT and PN of each kind of OFT are shown in Table 6. The training set of LDA
contained samples that maximize distribution of k-distance. Number of training
samples of LDA for each kind of OFT signals model was varied as 10, 16 and 20
to improve the prediction ability. LDA models were named using name of type of
signal, numbers of positive and negative test as “type of signal number of posi-
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tive test number of negative test”. Symbols used in LDA model to express type
of OFT signals were OFT, PCOFT, OS and IS for normalized OFT, PCA score of
normalized OFT, overall slope of normalized OFT and interval slope of normalized
OFT, respectively. Characteristics of LDA models are shown in Table 7.

Eigenvalue expressed ability of discrimination. The LDA of OFT, PCA score
of OFT and overall slope have no significant difference (Table 7). LDA of interval
slope models are better predictors than other LDA models. Stepwise LDA was
performed for screened variables that contained a high impact of discrimination
when OFT and interval slope were used. High impact variable in canonical func-
tions of OFT was OFT at the time of 26th second (t26) as indicated as a variable
in the function of OFT_5 5, OFT 5 8, OFT_5 10 and the canonical functions
of interval slope were in the function of IS 11 9, IS 7 9, IS 9 7, IS 10 6,
IS 11 5, IS 5 5, IS 8 8 and IS3_10 10 with variables of IS4, IS5, 1S6, 1S7,
IS8 and IS11.

Canonical coefficients of all LDA models were more than 0.9. The LDA
models could be used to predict groups of unknown signals very well. Eigenval-
ues of canonical discriminant functions of various numbers of training samples
of OFT, PCA score of OFT and overall slope have no significant difference.

The validation samples consisted of three positive and six negative tests.
The validation results are presented in Tables 8-9. The correctly classified cases
of validation set predictions were increased when the numbers of training samples
of LDA of PCA score of OFT and interval slope were increased. The correctly
classified validations of LDA of overall slope and OFT when using 10, 16 and
20 training samples were 100%. The ratio of positive and negative tests in the
training sets affected the reliability of LDA models.

Table 7. Canonical discriminant function.

Function Canonical equation CC:I_ITI;I: tcizL Eigenvalue
0S55 OS 5 5 Function = 1.107*slope - 5.268 0.963 12.692
0S 88 0OS_8 8 Function = 1.159*slope - 5.531 0.956 10.749
0S_10_10 OS_10_10 Function = 1.183*slope -5.65 0.956 10.742
OFT 55 OFT_5_5 Function = 0.038%t26-23.103 0.945 8.373
OFT 5 8 OFT 5 8Function = 0.044*t26-27.66 0.956 10.505
OFT 5 10 OFT 5 10 Function = 0.042%t26-26.388 0.943 8.044
IS 119 IS 11 9 Function =0.967*1S6-5.176 0.961 12.037
IS79 IS 7 9 Function =0.375*1S5+0.936*1S7-7.562 0.977 20.707
IS97 IS 9 7 Function =1.025*IS6-5.289 0.966 14.153
IS 10 6 IS_10_6 Function =1.024*1S6-5.120 0.967 14.348
IS 115 IS_11_5 Function =2.766*IS8-1.768*IS11-5.249 0.975 19.225
IS55 IS 5 5 Function = 0.312*[S4+1.275*IS8-7.209 0.981 26.127
IS 88 IS 8 8 Function = 1.083*[S4-1.244*1S5+2.007*1S7-8.802 0.987 38.426
IS 10 10 IS_10_10 Function = 0.36*IS4+1.033*IS7-7.238 0.980 24.083
PCOFT 5 5 PCOFT_5_5 Function=2.188*PC1-1.872*PC2 0.945 8.326
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Table 7. Canonical discriminant function (cont.).

Function Canonical equation C(::rligln: ;211 Eigenvalue
PCOFT 8 8 PCOFT 8 8 Function=2.191*PC1-2.131*PC2 0.949 9.010
PCOFT 10 10 | PCOFT 10 10 Function=2.284*PC1-1.858*PC2 0.944 8.150
PCOFT 3 7 PCOFT 3 7 Function=1.771*PC1-1.041*PC2 0.888 3.749
PCOFT 4 6 PCOFT 4 6 Function=2.540*PC1-1.675*PC2 0.951 9.413
PCOFT 6 4 PCOFT 6 4 Function=2.325*PC1-1.866*¥PC2 0.949 8.996
PCOFT 7 3 PCOFT _7 3 Function=2.321*PC1-1.473*PC2 0.939 7.499
PCOFT 3 13 PCOFT 3 13 Function=1.567*PC1-0.826*PC2 0.838 2.362
PCOFT 4 12 PCOFT 4 12 Function=1.735*PC1-1.296*PC2 0.895 4.024
PCOFT 5 11 PCOFT 5 11 Function=1.828*PC1-1.257*PC2 0.900 4274
PCOFT 6 10 PCOFT_6_10 Function=2.095*PC1-1.365*PC2 0.922 5.696
PCOFT_ 7.9 PCOFT 7 9 Function=-1.830¥PC1+1.913*PC2 0.931 6.513
PCOFT 9 7 PCOFT_9 7 Function=2.332*PC1-1.964*PC2 0.948 8.955
PCOFT 10 6 PCOFT 10 6 Function=1.937*PC1-1.897*PC2 0.934 6.878
PCOFT 11 5 PCOFT 11 _5 Function=-1.760¥*PC1+1.920*PC2 0.929 6.270
PCOFT 12 4 PCOFT 12 4 Function=-2.059*PC1+2.077*PC2 0.944 8.169

Note: The code “x_yl y2” for referring x: type of signal, y1: number of positive cases, y2: number
of negative cases.

All LDA of PCA scores of OFT models can predict groups of negative tests
in validation sets as 100%. The ability of positive test prediction of LDA of PCA
score of OFT model was increased when the number of training samples of the
model was increased.

The validation results of LDA of interval slope models had different trends.
When training samples of LDA models were increased, the model reliability
decreased. The boundary of LDA of interval slope models cannot cover the predic-
tion of the validation set because of the limitation of the training set number.

The abilities of validation prediction of LDA of PCA score of OFT
models were different when the number and ratio of positive and negative tests
of training sets were verified. The LDA of PCA score of OFT models can pre-
dict groups of validation as 100% with SMDC of positive and negative less than
1.33 and 2.36, respectively. In this study, the model PCOFT 7 3, PCOFT 6 10,
PCOFT_7 9,PCOFT 12 4,PCOFT 10 6 and PCOFT 9 7 can predict the valida-
tion set perfectly with the upper bound of SMDC of positive and negative tests
as (1.44,2.36), (1.33,3.69), (1.49,3.09), (1.58,3.45), (1.74,3.58) and (2.60,2.80),
respectively. Sample number 12 and 40 were predicted as unidentified cases by
PCOFT 5 5, PCOFT 8 8 and PCOFT 10 _10.

The increase of SMDC range for the predicted group of positive and nega-
tive tests on OS 5 5, OS 8 8 and OS 10 10 were (0.44,2.99), (1.67,4.27) and
(1.67,4.49), respectively. This was due to the increase of training samples of
LDA of overall slope models (10, 16 and 20 samples).
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Table 9. SMDC boundary of LDA models and percentage of correctly classified
from validation results of nine test cases.

Function Training SMDC Correctly classified%
LDA output Positive Negative Positive Negative
OFT 55 2.11 1.98 100 100
OFT 58 2.86 3.02 100 100
OFT 510 2.57 2.76 100 100
PCOFT 5 5 1.45 2.70 67 100
PCOFT 8 8 2.58 2.75 67 100
PCOFT _10_10 2.28 2.75 100 83
PCOFT 3 7 0.85 3.47 67 100
PCOFT 4 6 1.44 220 67 83
PCOFT 6 4 226 1.57 67 100
PCOFT 7 3 1.44 236 100 100
PCOFT 3 13 1.25 4.00 67 100
PCOFT 4_12 0.73 4.47 67 100
PCOFT 5 11 0.93 424 67 100
PCOFT 6_10 1.33 3.69 100 100
PCOFT 79 1.49 3.09 100 100
PCOFT 9 7 2.60 2.80 67 100
PCOFT_10 6 1.74 3.58 100 100
PCOFT 11 5 2.56 2.16 100 83
PCOFT_12 4 1.58 3.45 100 100
0S55 0.44 2.99 100 100
0S 88 1.67 4.27 100 100
0S_10_10 1.67 4.49 100 100
IS 119 1.08 3.34 100 100
IS79 1.72 2.14 100 83
IS97 1.19 3.96 100 100
IS 10 6 1.83 247 100 50
IS 115 2.84 232 67 83
IS55 3.04 2.11 100 100
IS8 8 1.35 4.93 67 83
IS 10 10 2.09 3.55 67 100

The stepwise process of LDA of interval slope models affect the con-
taining of impact variables in canonical function. It can predict the validation set
as 100% for IS 11 9,IS 9 7 and IS 5 5 with upper bound of positive and nega-
tive tests of (1.08,3.34), (1.19,3.96) and (3.04,2.11), respectively. Furthermore,
when the different numbers of positive and negative tests in the training set is
high, the quality of LDA of the interval slope model was worse.
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The number of training samples in the LDA model and upper bound of
SMDC value were used as criteria to select the model of each model. The LDA
model from the smallest number of training samples with the highest upper bound
of SMDC value was selected to predict the group of unknown signal. The selected
LDA of OFT, PCA of OFT, overall slope and interval slope were OFT 5 8,
PCOFT 9 7,08 8 8 and IS 5 5 with the upper bound of positive and negative
tests as (2.86, 3.02), (2.60, 2.80), (1.67, 4.27) and (3.04, 2.11), respectively.

Table 10. Unknown prediction results of the selected models.

Number | Record | OFT 5 8 [ PCOFT 9 7 | OS88 | IS55 Number Record | OFT 58 | PCOFT 97 | OS88 | IS5 S
| RT P RN AN AU AU AU
3 RT AU AT AT 39 RN AU AU AU AU
4 RT AU AT 4 RN AN AN
6 RT AN AT 0 RN AN AU AU AU
7 RT AU AT AU 45 RN AU AU AU AU
8 RT AT AT AT 46 RN AN AU AN
9 RT | A AT AT 4 RN AN AU AU AU
10 RT AU AT 48 RN AN AU AT AU
1 RT AU AT AT AT 49 RN AT AU AU AU
13 RT AT AT AT AT 50 RN AN AU AU
14 RT AT AT 51 RN AU AN AU AU
15 RT AU AT AT 5 RN AU AN AN AU
16 RT AU AT AT AT 53 RN AU AU AU
17 RT AU AT 54 RN AU AN AU
18 RT AU AT AT 55 RN AU AN AN
19 RT A AU 56 RN | o au AU AU
2 RT AU x| AU 57 RN AN AU AU AU
21 RT AU AT AU 58 RN AU AU AU
2 RN AN AU AU 59 RN AN AU AU AU
2 RN AU AU AU 60 RN AT AU AU AU
24 RN AU AU AU 61 RN AU [ | o | au
25 RN AN AU AU AU [3) RN AN AN AN AU
2 RN AN AU AU AU [ RN AN N
27 RN AN AU AU AU 64 RN AN AU AU AU
28 RN AU AU AU AU 65 RN AT AU AU AU
29 RN AT AU AU AU 66 RN AU AN AN
30 RN AU AU AU 67 RN AU AN AN
2 [ | AN AN AN 68 RN N Y
3 RN AN AU AU AU 69 RN AU AU AU AU
B! RN AN AU AU AU 70 RN AN N
35 RN AN AU AN AU 7 RN AN [ a | au AU
36 RN AN AN 7 RN AU AU AU AU

Note: Crossed-out data were not used in the unknown set for each selected model. Italics indicate
a result predicted by LDA, but that did not correlate with the hospital report.

Unknown prediction using selected LDA models

Unknown predictions using selected LDA models are shown in Table
10. Unknown predictions fall within three possible groups: i) within the upper
bound of SMDC of training of LDA and correlated with the hospital record; ii)
outside the upper bound of SMDC of training of LDA and defined as AU and
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iii) within the upper bound of SMDC of training of LDA, but uncorrelated with
the hospital record. In this study, all four selected models correctly predict most
unknown samples. The uncorrelated predicted results were found when OFT 5 8
and OS_8 8 were used. Unknown samples number 6, 29, 49, 60 and 65 were pre-
dicted uncorrelated with hospital records by using OFT_5_8 and unknown sample
number 48 was predicted uncorrelated with hospital record by using OS 8 8, so
those unknown samples should be rechecked by other methods.

The LDA of PCA score of OFT and interval slope can predict all unknowns
correlated with hospital records. In this study, model IS 5 5 was the best model
for thalassemia screening due to the high upper bound of SMDC of the training
set, since using a small training set of data would yield similar results to a larger
number of training set data.

CONCLUSION

Unsupervised learning approaches, k-means clustering and HCA coupled
with LDA, show the possibility of chemometric techniques to differentiate between
thalassemia patients and normal persons by inspecting the signal from osmotic
fragility test coupled with stopped flow injection. Various types of signal (OFT,
PCs of OFT, overall slope and interval slope) were investigated and only the cor-
related results from both techniques and the hospital records were used to train
LDA models. As a result, LDA models of principal component score of OFT and
interval slope can predict correctly for all unknowns correlating with the hospital
records. The final model using the PCA score of individual slope (IS _5 5) was
the best model for thalassemia screening due to the high upper bound of SMDC
of the training set.
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