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ABSTRACT

There are numerous applications of Near-Infrared spectroscopy (NIRs) in the medical field. For instance,
the application of NIRs can be found in the process of determining a blood parameter which acts as
biomarker of specific diseased. This paper proposed a non-invasive leukemia early stage screening technique
based on blood hemoglobin (HB), total white cell (TW), and lactate dehydrogenase (LDH). The spectral
data was acquired by applying NIRs directly at human fingertip and laboratory data was acquired from
standard blood drawing procedure. During PLSR analysis the spectral data was compared with laboratory
data for validation. The correlative coefficient of prediction (RP) for normal dataset is 0.9168, 0.8876, and
0.8307 for HB, TW, and LDH respectively. The correlative coefficient of prediction (RP) for leukemia
dataset is 0.8588, 0.8868, and 0.8307 for HB, TW, and LDH respectively. The blood parameter with the
highest R and smallest difference between RMSEC and RMSEP for both normal and leukemia data sets are
HB, TW, and LDH accordingly. The high correlation level between the predicted values and the reference
values proves the potential of using NIR spectral information for non-invasive early stage leukemia
screening.

Keywords: Near Infrared spectroscopy (NIRs); Near Infrared (NIR); Partial Least Square Regression
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1. Introduction

Leukemia is a blood forming cells cancer in the bone marrow [1]. It is a cancer of white blood cells (WBC) and
characterized by an abnormal multiplication or mitosis of white cells in the bone marrow [2-3]. Many studies done
related to NIR applied directly at human body but none in leukemia screening. Moreover, the earlier studies related to
leukemia only focus on spectral biochemical characterization between normal and leukemia samples or specimens (full
blood, blood plasma, cell, etc) instead of directly applied on human body [4-7]. The common biochemistry parameter
measured using spectroscopic technique in characterization between normal and leukemia cell are lipids, protein, and
DNA [4, 7]. However, it requires sample preparation (centrifuges process, replicate films preparation, and involved the
use of some chemical reagent) and highly trained person [7]. Hence, this study proposed a new non-invasive approach
for leukemia screening based on the blood parameter/biomarker.

2. Methodology

The methodology flow diagram for noninvasive leukemia screening using NIR spectroscopy method is shown in
Figure 1. Firstly, the cases and control subjects must fulfill the exclusion and inclusion criteria required to be enrolled in
this study. Then, NIR will be applied non-invasively at the subject fingertip for spectral data acquisition. The same
subjects will also undergo the invasive procedure of blood draw for laboratory/reference data acquisition. Blood test is
performed (full blood count (FBC) and liver function test (LFT)) to measure the laboratory data. The NIR spectral data
obtained will be pre-processed and the standard laboratory data is used for validation in the prediction modeling.

There will be 60 data (consist of 30 spectral data and 30 laboratory data) acquired for each case (leukemia patient)

and control (blood donor) group. The spectral data was acquired non-invasively using Reflectance NIRs (900nm-
2600nm) from ARC Optix and the laboratory data was acquired invasively through blood drawing procedure. The analysis

62


http://www.tssa.com.my/
mailto:herlina@utm.my

Journal of Tomography System & Sensors Application Vol.4, Issue 1, March 2021
www.tssa.com.my e-ISSN: 636-9133

is performed using the full spectrum data. The data acquisition begins after the doctor in charge explained and discussed
the required criteria to the staffs in the wards to assist in patient recruitment process. Ethical issues regarding the
experimental procedure in data acquisition is already reviewed and approved by the Human Research Ethics Committee
of USM.

[ Subject Recruitment ]

[ Apply MIR at fingertip ] [ Performed blood draw ]

[Swe:tralpre-pro:essing ] [ Laboratory blood test ]

[ Prediction Model ]

PLSR

Figure. 1. Methodology flow diagram for non-invasive leukemia screening using NIR spectroscopy

2.1 Spectral Data Acquisition

Firstly, the experimental purposed and procedure involved during data acquisition is explained to the patients or
blood donors. After consented to be enrolled in this study, NIR spectroscopy is set up and spectrum is acquired by
applying thefiber optic at patient fingertip. In the case of normal subjects NIR is performed after the blood donating
procedure is finished and donor is ready for the spectral data acquisition. The measurement is repeated for 5 times for
each subject inthe period of 10 minutes (including process of consent application and setup preparation). The scanning
period for eachspectral acquisition depends on the ability of the instrument used. This NIR spectroscopy requires around
one minute pereach spectral scanning. Each subject will provide 5 set of spectral data. Therefore, 30 spectral were
acquired from each normal (six subjects) and leukemia (6 subjects) group. In medical study, 30 spectral data for a
modelling is enough as the patients are limited. Previous study related to NIRs applied in the study of chronic
lymphocytic leukemia cells also usingless than 40 data for each normal (28 data) and patients (38 data) group [4]. There
were 30 raw NIR spectral acquired directly from human fingers of 6 normal subjects (blood donor). The spectral will be
read using the provided software inthe suitable format before continuing with data analysis.

2.2 Laboratory/Reference Data Acquisition

The laboratory data obtained will be used as validation for NIR measurement data. In the case of leukemia patient,
the measurement of TW, HB, and LDH which include blood drawing is a daily routine procedure to monitor the patient
condition. The laboratory result obtained from the patient chart is used in data validation. However, in normal case which
involved blood donor, extra procedure needs to be performed as it is not a routine procedure. The methodology for
laboratory/reference data acquisition starts with the research explanation towards blood donor followed by asking for
their consent to be involved in the study. Normal blood drawing procedure is performed with the help from the nurse on
duty where extra blood is taken and put into two Ethylenediamine Tetraacetic Acid (EDTA) bottles as sample for lab
test.One bottle is sent to the pathology chemistry lab for LDH test to get the value of total LDH and the other one is
sent to the hematology lab for FBC test to get the value of total Hb and TW. This procedure is done without involving
extra blood draw process. FBC is performed using Hematology Analyzer Machine and LFT is performed using
Continuous Flow Analyzer to obtain the LDH value. The request for both tests must be done using the online
application system before sending the samples to the specified laboratory. Then the laboratory test result is obtained
and recorded by checking the online system. This took quite some time for the result to be available online.

2.3 Prediction Model
Linear calibration techniques with cross-validation technique is applied for an early screening of leukemia based on

the biomarkers (LDH, TW, and Hb) properties from near infrared spectra. Partial Least Square Regression (PLSR)
analysis was performed using MATLAB. Firstly, the absorption spectral data acquired need to be pre-processed before
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continue with the prediction modeling. This involved the process of model design, model calibration and model
validation. The result accuracy will determine the efficiency of the non-invasive method used in the actual practice. The
holdout validation is combined with Leave-one-out cross validation (LOOCV) to verify the prediction model. In this
analysis, holdout validation is used to create randomness in the calibration and prediction set split when applied
repeatedly. During LOOCV, when one sample was removed from the total for validation (prediction), and then the
training (calibration) model was built with the remaining samples. The procedure was repeated for all samples and the
RMSECV was calculated. The selection of data set formed using holdout is based on the results of RMSECV.

3. Result and Discussion

There will be 30 spectral data and 30 laboratory data acquired using Reflectance NIR spectroscopy (900nm-2600nm)
and blood drawing procedure respectively for each normal and leukemia group of data.

3.1 Spectral Data Pre-processing

The absorbance spectral was pre-processed to enhance the quality of the acquired data by eliminating or minimizing
the effect of unwanted signal. The raw spectral were smoothing by applying zero derivative first polynomial order
Savitzky-Golay (SG) Smoothing. SG-Smoothing with zero derivative order with first polynomial order is used for all
biomarker set for both normal and leukemia as the accuracy using 1st and 2nd derivative order showed the same result.

In SG-smoothing, the optimum filter length (FL) is required to avoid over-fitting and under-fitting of both leukemia
and normal spectrum. The optimal FL is determined at the highest RCV and lowest RMSECYV in previous Principal
Component Regression (PCR) analysis. FL from 5nm to 31 nm is tested with predictor numbers varied from 1 to 15. The
optimal FL for normal-HB is determined by first plotting the graph of RMSECV against number of PC as shown in
Figure 2 (a) Then, PC4 with the lowest RMSECV is selected and graph of RMSECV against FL of PC4 is plotted as
shown in Figure 2 (b). Five is the optimal FL selected for normal-HB data as it has the lowest RMSECV. These processes
are repeated for each blood parameter of both normal and leukemia data.
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Figure. 2. Graph of RMSECYV of zero order derivatives NIR spectral versus (a) number of principal component and (b) number of
filter length for normal HB

The optimum FL of each blood parameter for normal and leukemia spectral was tabulated in the Table 1 and Table
2, respectively. The optimum FL for normal spectral is lower than that of leukemia for LDH parameter which means it
contains less effect of unwanted signal.

Table 1. Optimum FL for HB, TW, and LDH of Normal Data

aBP ®DO ‘PO 4pC FL fRCV Y RMSECV
HB Zero 1 4 5 0.9493 0.3683

T™W zZero 1 13 29 0.8930 0.6250
LDH Zero 1 8 29 0.9164 27.3645
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Table 2. Optimum FL for HB, TW, and LDH of Leukemia Data

4BP ®DO ‘PO dpC *FL fRCV Y RMSECV
HB Zero 1 7 5 0.6738 1.8148
TW Zero 1 8 29 0.6119 4.4167
LDH Zero 1 4 11 0.8199 217.8269

2 BP : Blood Parameter

b DO : Derivative order

¢ PO: Polynomial order

4 FL: Filter length

¢ PC: Principal components

fRCV : Correlation coefficient of cross-validation

9 RMSECV : Root mean square error of cross-validation

3.2 PLSR Analysis

The prediction of blood parameter HB, TW, and LDH are done using PLSR model. In PLSR, the optimum latent
variables (LV) is determined by first plotting the graphs of root mean square error cross-validation (RMSECV),
calibration (RMSEC), and prediction (RMSEP) with varying number of LV. Then, the optimum LV is selected based on
the lowest RMSECV and met the condition where RMSEC is lower than that of RMSEP and RMSECV
(RMSEC<RMSEP<RMSECYV). Then, RC must be larger than RP (RC>RP) to avoid over fitting [33]. The optimum
number of LV for normal-HB data is three (LV3) with the lowest RMSECV as shown in Figure 3 (a) and fulfilled the
condition where RMSEC<RMSEP<RMSECYV as shown in Figure 3 (b). The performance result for HB, TW, and LDH
for both normal data set and leukemia data set is tabulated in Table 3 and Table 4 respectively.

The scatter plot for calibration and prediction of normal data set for HB, TW and LDH are each shown in Fig.4,
Fig.5, and Fig.6. Then, the scatter plot for calibration and prediction of leukemia data set for HB, TW and LDH are each
shown in Fig.7, Fig.8, and Fig.9. The performance of PLSR model for each blood parameter for both normal and leukemia
data shows a satisfying result as the difference between RP and RC for each blood parameter is not huge. The RP value
for normal data is higher than leukemia data for HB and TW and same for LDH.
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Figure. 3. (a) RMSECV with varying number of LV and (b) RMSECV, RMSEC, and RMSEP with
varying numberof LV of Normal-HB

Table 3. Performance of PLSR of Normal Data Set

Y PRCV ‘RMSECV 9RC *RMSEC ‘RP IRMSEP
HB 3 0.9243 0.4994 0.9808 0.2540 0.9168 0.2691
™ 3 0.6917 0.9737 0.9316 0.4866 0.8876 0.8615
LDH 3 0.8918 33.7133 0.9643 19.6891 0.8307 30.4161
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Table 4. Performance of PLSR for Leukemia Data Set

ALV PRCV ‘RMSECV RC *RMSEC ‘RP ‘RMSEP
HB 4 0.3816 2.3166 0.9897 0.3384 0.8588 1.8046
™ 5 0.2782 5.6990 0.9890 0.8252 0.8868 3.9976
LDH 4 0.6692 296.9092 0.9730 86.4395 0.8370 221.0982

2 LV: Latent Variables

b RCV: Correlation coefficient of cross-validation

¢ RC : Correlation coefficient of calibration

4 RP : Correlation coefficient of prediction

¢ RMSEC : Root mean square error of calibration
fRMSEP : Root mean square error of prediction

9 RMSECYV : Root mean square error of cross-validation
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Figure. 4. The best linear fit for (a) calibration and (b) prediction model of normal HB
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Figure. 5. The best linear fit for (a) calibration and (b) prediction model of normal TW
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Figure. 6. The best linear fit for (a) calibration and (b) prediction model of normal LDH
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Figure. 7. The best linear fit for (a) calibration and (b) prediction model of leukemia HB
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Figure. 8. The best linear fit for (a) calibration and (b) prediction model of leukemia TW
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Figure. 9. The best linear fit for (a) calibration and (b) prediction model of leukemia LDH

4. Conclusion

This study utilized full NIR spectral (900nm - 2600nm) in the prediction of HB, TW, and LDH of normal and
leukemia subjects using PLSR Analysis. The value of RP for normal dataset is 0.9168, 0.8876, and 0.8307 for HB, TW,
and LDH respectively. The value of RP for leukemia dataset is 0.8588, 0.8868, and 0.8307 for HB, TW, and LDH
respectively. The blood parameter with the highest R and smallest difference between RMSEC and RMSEP for both
normal and leukemia data sets are HB, TW, and LDH accordingly. This result shows that there is a high correlation level
between the predicted values and the reference values in both normal and leukemia dataset. Therefore, the good
performance of PLSR predictive model proves the potential in using NIR spectral information acquired using NIRs as a
new non-invasive, simple, and faster leukemia early stage screening technique based on the blood HB, TW, and LDH.
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