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Abstract 

The trend towards noninvasive blood glucose monitoring to reduce nerve damage and 

infection-related mortality rate of diabetic patients has led to the advent of near-infrared (IR) 

based devices. The overlaps between the absorption peaks of glucose and other molecules mean 

that many wavelengths are potentially correlated to the glucose concentration, and a suitable 

combination of spectral information across a range of wavelengths is necessary to determine the 

glucose concentration in an effective and robust manner. This work investigates the use of 

dimensional reduction and support vector machines (SVMs) as core algorithms to develop an 

automated and computationally efficient system to calibrate the relation between spectral 

wavelengths and glucose concentration, while facilitating feature selection of the informative 

wavelengths for accurate glucose monitoring. 

 Evaluations performed on two datasets, containing information regarding the absorbance of 

short-wave infrared (SWIR) by glucose solution with distilled water, demonstrated that wrapper 

methods of feature selection could be highly effective for glucose monitoring model using SVM. 

By utilizing the developed wrapper methods, training accuracy can be improved, achieving up to 

91.53%, testing accuracy to 91%, f1 score to 90.97% for classification approach, and standard 

error of cross-validation (SECV) can be decreased to 45.12mg/dl, standard error of prediction 

(SEP) to 39.08mg/dl for regression approach. Furthermore, filter methods of feature selection 

were found to offer a trade-off between speed and performance for the proposed models when 

used in combination with wrapper methods. If time is an important constraint, then techniques of 

filter method should be added to the system, since this addition can increase the feature selection 

speed and training speed up to 17 and 9 times respectively with only a slight drop in 
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performance. Because wavelengths can be considered either discrete or continuous, different 

assumptions of continuity of wavelengths and their relative choice of evaluation metrics, whether 

following a classification or regression approach, were investigated to check for influences and 

consequentially found to impact information extraction ability of dimensionality reduction 

techniques.  

The proposed system model consists of 3 phases, envisioned as three interacting modules: 

data acquisition, training pipeline and testing pipeline. The main training module is in turn 

composed of 4 major steps: preprocessing, dimensional reduction, hyperparameter tuning, and 

prediction (with SVMs). Using the proposed model, the obtained computational results suggest 

that the most informative wavelengths for noninvasive glucose monitoring, given the 

experimental datasets used in this investigation, should fall in the ranges of 1300-1600nm and 

1800-2400nm or 2000-2600nm. 
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1 Chapter 1  Introduction 

This chapter provides introductory background on diabetes and an overview of popular 

glucose monitoring techniques, with a particular focus on the optical technique of absorption 

spectroscopy. The chapter also reviews the relevant research literature on informative 

wavelengths for noninvasive glucose monitoring, on the strengths and weaknesses of available 

analysis models. In addition, the chapter also states the problem statement and objectives, 

challenges and assumptions, scopes and limitations as well as the summary of contributions. 

1.1 Background on Diabetes and Glucose Monitoring 

Diabetes mellitus (diabetes) is a chronic metabolic disease characterized by hyperglycemia, 

elevated levels of blood glucose, due to human bodies’ inability to produce and/or effectively use 

insulin [1]. Diabetes is classified into three main groups: type 1 diabetes, type 2 diabetes, and 

gestational diabetes mellitus (GDM) [2]. The classification of these diabetes types is summarized 

in Table 1-1. The World Health Organization recognizes diabetes as a dangerous illness that 

exposes patients to increased risks of serious life-threatening health issues, results in millions of 

deaths every year [1, 3]. The prevalence of diabetes has risen fast with 108 million cases in 1980 

to 422 million in 2014 [1]. It is estimated that by 2045, 639 million people worldwide will have 

been affected by diabetes [4]. Expenditure on diabetes accounted for 548 billion USD worldwide 

in 2013 and is expected to be 627 billion USD in 2035 [5]. These escalating figures explain a 

huge and growing global concern regarding diabetes. 

Regardless of diabetes types, diabetic patients are advised to regularly monitor their blood 

glucose levels, as delayed management may lead to serious complications including, but not 
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limited to, long-term damage and failure of various organs; potential loss of vision; foot ulcers, 

amputations; an increased risk for gastrointestinal, genitourinary, cardiovascular disease [3]. The 

majority of commercially available instruments to provide support in diabetes diagnosis are 

invasive or minimally invasive. Invasive systems which require blood samples to be taken from 

patients are still standard techniques for home glucose monitoring reading through 

electrochemical, colorimetric or optical disposable strips for finger-pricking [6]. Such systems 

are painful, which often lead to non-compliance [7] and makes patients susceptible to infection 

and nerve damage [5]. Infection-related issues have been reported to have a high mortality rate of 

4.7 per 1000 people [8]. On the other hand, minimally invasive devices utilize subcutaneous 

sensors to measure glucose concentration in interstitial fluid (ISF) of the skin and allow for 

repeated blood glucose monitoring [9-11]. However, this method still causes discomfort while 

exhibiting limited life span and stability [5, 12]. Therefore, the idea of accurate noninvasive 

glucose monitoring device to lessen the likelihood of infection and other disadvantages has 

attracted significant research. 

Published research investigations on potential alternative noninvasive glucose monitoring, 

using various technologies that satisfied the requirements, can be categorized into two groups: 

non-optical techniques and optical techniques. 

A type of non-optical technique is reverse iontophoresis which utilizes electrical current to 

transport glucose outward the skin [13]. The extracted glucose concentration is then collected by 

electrode containing the enzyme glucose oxidase. Another electrode detects H2O2 generated by 

glucose oxidase-catalyzed reaction [14]. Depending on the amount of H2O2, a current is 

generated and analyzed to predict glucose level. Some other techniques utilize ultrasonic energy 
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to the skin. Disadvantages of these technologies include high cost, time delay, skin irritation, 

inaccuracies, long calibration procedures and 2-3 hours warm-up period [15, 16]. 

Polarimetry is one of the common optical techniques. The principle of polarimetry is that the 

linear polarization vector of light can be rotated by the path characteristics such as thickness, 

temperature, and concentrations of the crossed sample. Therefore, many research groups have 

used polarimetry to measure the level of glucose. Because the skin has high scattering 

coefficient, which completely depolarizes the beam, the aqueous humor of the eye, which offers 

a clear optical media with reasonable path length and lag time in relation to blood glucose 

concentration, has been use as area of measurement [17]. Polarimetry methods might be affected 

by temperature and pH fluctuations. Other limitations include complicated safety regulations on 

light exposure to the eye, motion artifacts. 

Raman spectroscopy is another popular optical technique. The technique is based on the 

Raman Effect in which a small fraction of scattered light displays wavelengths different from 

that of the exciting beam. The spectroscopy uses laser from in the range between visible and 

mid-infrared (MIR) light. Raman spectroscopy has the advantage of not being affected by 

interference from water due to its weak scattering indexes. Another advantage is that it allows 

easy signal separation, in contrast to absorption spectroscopy, due to its narrow resulting bands 

and distinct peaks [18]. However, there is a risk of photothermal damage in ocular measurement 

[19]. Raman spectroscopy also requires longer collection periods than other optical methods 

[20]. 
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Table 1-1. Classification of diabetes [2] 

Type Definition Etiology 

Type 1 diabetes 
• Pancreatic beta cell 

destruction 

• An autoimmune process 

• and other unknown 

etiology  for which pancreatic 

beta cell is destroyed 

Type 2 diabetes 

• Relative insulin 

deficiency 

• or insulin resistance 

• Predominant insulin 

resistance 

• Predominant secretory 

defect 

Gestational 

diabetes 

mellitus (GDM) 

• Glucose intolerance 

with onset or first 

recognition during 

pregnancy 

 

 

From all the optical techniques, most attention has been given to absorption spectroscopy 

because it is fast, possesses no risk, and requires little to no prior sample preparation. The low 

cost and availability of equipment for the development of this technique also contribute to its 

potential. Absorption spectroscopy is based on the fact that light can be reflected, scattered and 

absorbed when contacts biological tissues. The amount of reflection, scattering, and absorption is 

proportional to the structure and chemical components of the sample. This possibility of 

molecular differentiation shows that by measuring and analyzing the light absorption, glucose 

concentration can be monitored using appropriate wavelengths. In fact, most of the efforts in 

monitoring glucose concentration noninvasively are focused on this type of spectroscopy. 

Although being considered the most promising technique, absorption spectroscopy has not yet 

led to a commercial product [5]. 
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1.2 Background on Absorption Spectroscopy 

Absorption spectroscopy has been investigated as a promising approach for noninvasive 

glucose determination. The principle of the approach is that light can penetrate the tissue and 

interacts with the chemical components of biological materials causing the light to be partially 

absorbed and scattered [21]. Due to differences in absorbance, different components of 

biological materials, such as water, glucose, hemoglobin, would transmit or reflect incoming 

light differently. The attenuation of light in tissue is described, according to light transport 

theory, by the effective attenuation coefficient μeff [22]: 

𝐼 = 𝐼0𝑒−𝜇𝑒𝑓𝑓𝑙      (1) 

where:   𝐼 - intensity of reflected light 

 𝐼0 - intensity of incident light 

 𝜇𝑒𝑓𝑓 - effective attenuation coefficient 

  𝑙 - effective path length in the medium 

On the other hand, 𝜇𝑒𝑓𝑓 can be expressed as a function [22]: 

𝜇𝑒𝑓𝑓 =  √(3𝜇𝑎[𝜇𝑎 + 𝜇𝑠(1 – 𝑔)    (2) 

where, 𝜇𝑎 is the absorption coefficient and 𝜇𝑠 is the scattering coefficient, g = cos(𝜃) and 

𝜃 is a partial deflection angle. 

 Glucose can affect the measured signal by its light absorption. Changes in glucose 

concentration can influence the coefficient 𝜇𝑎 through the changes in absorption corresponding 

to water displacement or changes in its intrinsic absorption [22]. Therefore, it can be inferred that 

using specific wavelengths and measuring the changes in reflected signal by absorption of light, 
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glucose concentration can be accurately approximated. In other words, a level of glucose 

concentration can be quantitatively mapped to a certain signal value. 

According to the absorptivity of glucose and other biological materials calculated by Amerov 

et al. in [23], there are overlaps between the absorption peaks of glucose and other molecules, so 

a glucose concentration would influence not only one but many wavelengths. In other words, 

many wavelengths are correlated to a glucose concentration and a combination of spectral 

information across a range of wavelengths is necessary to determine a glucose concentration. 

1.3 Literature Review 

Previous sections show that absorption spectroscopy is considered to have high potential for 

noninvasive glucose monitoring and that a combination of different wavelengths is desirable to 

accurately determine a glucose concentration. The first half of this section will review researches 

on noninvasive glucose monitoring regarding recommended ranges of wavelengths that contain 

most information for glucose prediction; methods for extracting the most informative 

wavelengths; and the analysis models as well as metrics for predicting glucose concentration and 

evaluation of the prediction performance. After acquiring information regarding the analysis 

models, the second half of this section will review the strengths and weaknesses of common 

analysis models in the literature. 

1.3.1 Literature Review on the Informative Wavelengths 

A number of different wavelengths have been investigated by different researchers [19-30]. 

They are summarized in Table 1-2.  
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Malin et al., Jeon et al., Amerov et al., and Jun Chen et al. in [21, 23-25] attempted to 

determine the most informative wavelengths by investigating wavelengths in the first overtone 

region and the combination overtone region of near-infrared (NIR) spectrum, i.e. 1100-1850nm 

and 2000-2500nm, where the absorption of water is believed to be lower than the absorption of 

glucose. They all used Partial least-squares regression (PLSR) multivariate analysis model for 

prediction and evaluation. The metrics used for evaluation of all model in all of the studies were 

standard error of cross-validation (SECV) and standard error of prediction (SEP). 

Specifically, Malin et al. in [21] conducted experiment on 3 datasets measured by using 3 

different wavelengths regions, i.e. 1100-1380nm, 1450-1850nm, and 2050-2375nm. There are a 

total of 14 NIR wavelengths that were used. The first dataset was obtained from a diabetic 

subject with associated blood glucose concentrations ranging from 91 to 446mg/dl. Similarly, the 

ranges of blood glucose concentration for the second and third dataset were 82-294mg/dl and 97-

171mg/dl, respectively. Each dataset was split into training and testing sets with the ratio of 7/3. 

For the first dataset, the SECV value was 28.82 mg/dl; the SEP value was 138mg/dl. For the 

second dataset, the SECV value was 30.63 mg/dl; the SEP value was 44mg/dl. For the third 

dataset, the SECV value was 17.1mg/dl; the SEP value was 41mg/dl. It was concluded that the 

wavelengths in the range 1100-2375 have a cautious optimism for noninvasive glucose 

monitoring since the model achieve reasonable SECV values. However, it was also stated that 

there was difficulty in identifying or extracting unique wavelengths, which would be necessary 

for more accurate prediction. 

Jeon et al. in [24] conducted experiment on three wavelength regions: 1100-1850nm, 2200-

2500nm, and the entire region of 1100-2500nm. They used a dataset of 63 observations with 

glucose 7 different glucose concentrations varied between 0-1000mg/dl. The dataset was split 
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into training and testing set with the ratio of 6/4. Results showed that the range between 1100-

1850nm has the best SECV of 33.51mg/dl compared to 108.04mg/dl of the range 2200-2500nm 

and 69.58mg/dl of the range 1100-2500nm. However, the SEP of the range 1100-1850nm was 

high, having the value of 437.54 mg/dl. 

Amerov et al. in [64] conducted experiment on two wavelength regions: 1111-1851nm, and 

2000-2500nm. They used a dataset of 80 observations with glucose concentrations varied 

between 54-540mg/dl. The dataset was split into training and testing set with the ratio of 7.5/2.5. 

For each aforementioned region, the best spectral range was determined by using grid search to 

examine 5100 combinations. For the region 1111-1851nm, the best spectral range was 1550-

1750nm. The standard error of calibration (SEC) and SEP of the PLSR model for this spectral 

range were 20.54mg/dl and 21.62mg/dl, respectively. For the region 2000-2500nm, the best 

spectral range was 2061-2380nm. The SEC and SEP of the PLSR model for this spectral range 

were 10.09mg/dl and 17.3mg/dl, respectively. 

Similar to Amerov et al., Jun Chen et al. in [25] conducted experiment on two wavelengths 

regions: 1658-1769nm, and 2192-2439nm. They also used PLSR as model for regression and 

prediction. Their results demonstrated that the range 2000-2500nm was particularly better 

compared to the range 1538-1818nm.The SEC values for the range 2192-2439nm was 5.58mg/dl 

and 22.34mg/dl for the range 1658-1769nm. The SEP values are approximately 3 times lower for 

the glucose model generated from the range 2192-2439nm versus from the range 1658-1769nm, 

i.e. 8.11mg/dl versus 20.18mg/dl. 

Instead of PLSR model, Al-Mbaideen et al. in [26] investigated the use of principal 

component regression (PCR) multivariate analysis model to predict glucose concentration. A 

total of 90 wavelengths from 2100-2400nm were used to form a dataset from 30 mixture samples 
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of glucose, urea, and triacetin. The glucose concentration of the prepared samples was ranged in 

between 20-500mg/dl; triacetin concentration ranged from 10-190mg/dl; and urea ranged from 

0-50mg/dl. From the 90 input wavelengths, the model managed to extract 17 principal 

components. The study did not validate the regression of the proposed model but directly 

evaluated the prediction ability. Two third of the dataset were used for building the regression 

model while the rest were used for prediction. Results showed that the developed model using 

solely PCR had the SEP of 40mg/dl. 

M. Habibullah et al. in [27] also conducted experiment using the range of wavelength 

between 1300nm to 2600nm which cover most of the first and combination overtone region. 

Instead of the biased regression analysis model PLSR and PCR, the team made new idea to 

utilize two machine learning techniques called Random Forest and Support Vector Machine 

(SVM) to establish links between measured wavelengths signals and the glucose concentration. 

For evaluation of models using the two techniques, the accuracy and precision metrics were 

used. It should be noted that, unlike other studies that built regression models, this work 

developed a classification model and hence the differences in evaluation metrics. The Random 

Forest technique obtained the accuracy of 67.5% and precision 70%. The SVM technique 

obtained the accuracy of 77.5% and precision of 82%. The drawback of their approach was that 

they did not remove uncorrelated wavelengths, or features in machine learning parlance, and 

trained the model on the large range; hence the unstable results with low accuracy and precision. 

In contrast to the aforementioned studies, Haider Ali et al. in [28] determined the optimum 

wavelengths by passing visible and NIR light in range 500-1200nm through water and then 

utilized Snell’s law and other mathematical analysis. As the results, they claimed that the 650nm 

wavelength was suitable for the development of noninvasive blood glucose monitoring device. 
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The project used Clark Error Grid (CEG) analysis model to verify the accuracy and repeatability. 

Measured glucose concentrations of 45 subjects using their device were plotted compared to the 

reference blood glucose measured by another commercial device. It was showed that glucose 

monitoring device using 650nm was able to achieve overall accuracy of 90-92%. 

Kasahara et al. in [29] decided to investigate the effectiveness of mid-infrared (MIR) in the 

range 8333-10204nm for glucose monitoring. In this study, since the penetration depth of MIR 

radiation is limited to a few microns, glucose signals from ISF were measured rather than from 

blood. A simple multiple linear regression (MLR) analysis model was used to regress spectral 

data to glucose concentrations. The study also attempted to find the most informative wavelength 

in the proposed MIR range by extracting all possible subsets of wavelengths with minimum size 

of 1 wavelength and maximum size of 3 wavelengths then applying cross-validation technique. 

The result claimed that the MLR model using three wavelengths 9523nm, 9345nm, and 9090nm 

had comparable outcome to those obtained by reference PLS model using a larger number of 

wavelengths. 
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Table 1-2. Literature Summary 

Ref. 

Sample 

Concentration 

Range 

Spectral Range 

Model Type Metric 

Regression Classification 

Regression Classification 

SECV/SEC/r SEP Accuracy 
F1 

Score 

Malin et 

al., 1999 

[21] 

1st: 91-446mg/dl,  

2nd
: 82-294mg/dl, 

3rd: 97-171mg/dl 

1100-1380nm,  

1450-1850nm,  

2050-2375nm 

PLSR  

28.82mg/dl 

30.63mg/dl 

17.1mg/dl 

138mg/dl 

44mg/dl 

41mg/dl 

  

Jeon et 

al., 2006 

[24] 

0-1000mg/dl 

1100-1850nm,  

2200-2500nm,  

1100-2500nm 

PLSR  

33.51mg/dl 

108.04mg/dl 

69.58mg/dl 

437.54mg/dl   

Amerov 

et al., 

2004 [23] 

54-540mg/dl 
1111-1851nm,  

2000-2500nm 
PLSR  

*20.5mg/dl 

*10.09mg/dl 

21.62mg/dl 

17.3mg/dl 
  

Jun Chen 

et al., 

2004 [25] 

 
1658-1769nm,  

2192-2439nm 
PLSR  

*22.34mg/dl 

*5.58mg/dl 

20.18mg/dl 

8.11mg/dl 
  

Al-

Mbaideen 

et al., 

2010 [26] 

20-500mg/dl 2100-2400nm PCR  N/A 40mg/dl   
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Table 1-2. Literature Summary (cont.) 

Ref. 

Sample 

Concentration 

Range 

Spectral Range 

Model Type Metric 

Regression Classification 

Regression Classification 

SECV/SEC/r SEP Accuracy 
F1 

Score 

Habibullah 

et al., 2019 

[27] 

72-360mg/dl 1300-2600nm  SVM   77.5% 76% 

Haider et 

al., 2017 

[28] 

0-450mg/dl 500-1200nm ***CEG    
*** 

90-92% 
N/A 

Kasahara 

et al., 2018 

[29]  

 8333-10204nm  MLR  **0.36    

*: the metric used here is Standard Error of Calibration (SEC) 

**: the metric used here is correlation coefficient r 

***: this study did not build a regression  model to predict glucose concentration level but using CEG to verify the accuracy of their 

monitoring device 
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1.3.2 Literature Review on the Strengths and Weaknesses of Common 

Analysis Models 

The most straightforward analysis model is MLR model in which the dependent variable is 

modeled as a linear combination of the independent variables and the regression coefficients are 

estimated with the least squares criterion [ 30]. An MLR model can be represented as: 

𝑦 =  𝑐0 + 𝑐1𝑥1 + 𝑐2𝑥2 +…+𝑐𝑛𝑥𝑛    (3) 

 

where:   𝑦 – estimated property (e.g. glucose concentration) 

 𝑥𝑖 – wavelength variables 

 𝑐𝑖 – regression coefficients 

The problem with this model is that there is no unique solution of the regression coefficients, 

which is known as “exact multicollinearity”, when the number of variable is larger than the 

number of samples [31]. Even in case the number of variables is smaller than the number of 

samples, MLR may lead to poor prediction performance when the different variables are highly 

correlated. 

The most widely used modeling technique is PLSR [32-33]. In a PLSR [34], dependent 

variables are described as function of a few principal components (or latent variables) [35], 

which are derived from the original variables as linear combinations that maximally capture the 

covariance between the independent variables and the dependent variables. The equations for 

PLSR are shown as follow: 

 

𝑋 = 𝑇𝑃𝑇 + 𝐸      (4) 
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𝑦 = 𝑇𝑞 + 𝑒 = 𝑋𝑏 + 𝑒     (5) 

𝑏 = 𝑊(𝑃𝑇𝑊)−1𝑞     (6) 

 

where:   𝑋 – data matrix 

 𝑇 – score matrix. Scores are the projection of samples onto the principal   

  components 

 𝑃 – loading matrix. Loadings are the projection of the principal components onto  

  the original variables 

   𝐸 – matrix of residuals that represents the differences between the observed and  

  predicted 𝑋 

 𝑒 – vector of residuals that represents the differences between the observed and  

  predicted 𝑦 

 𝑏 – vector of regression coefficients 

 𝑊 – matrix of loadings 

 𝑃 – result of the projection of X onto the LVs 

The PLSR analysis model is sensitive to its number of principal components and requires 

tuning in order to achieve optimal results. Increasing the number of principal components would 

decrease the bias and increase the variance [36]. Bias relates to the prediction-accuracy level of a 

model. Variance relates to the estimation error, i.e. the level of uncertainty of the predicted 

values [37]. Therefore, the use of cross-validation techniques is necessary for tuning the 

principal components numbers of model. Furthermore, it is known that even though PLSR model 

can capture specific covariance between the acquired spectral signals and the glucose 
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concentrations, it is also very sensitive to unspecific correlation, which results in a not robust 

enough model [38]. 

Because of the limitations of PLSR, other modeling techniques have been proposed. Similar 

to PLSR, PCR construct new predictor variables, known as principal components, as linear 

combinations of the original predictor variables. PCR, however, creates components without 

considering the response variable unlike PLSR. Therefore, PCR often needs more principal 

components to fit the response variable. It should be noted that PCR is based on principal 

component analysis (PCA) technique. PCA is a method of data reduction, representing a large 

number of variables by a smaller number, each of which is a linear combination of the original 

variables. One output of PCA is principal component scores. PCR uses those scores as 

independent variables in a regression. 

Although SVM has been mentioned in the literature regarding the investigation on 

noninvasive glucose monitoring, very few research works have actually examined the use of 

SVM. The experiments that utilized SVM led to results of not very reliable models and outcomes 

[27]. However, regarding other topics, e.g. NIR spectroscopy for food, analysis of chemical data, 

SVM has become increasingly popular [39] both as a classification technique and the ability to 

solve multivariate regression problems. Furthermore, unlike other aforementioned techniques, 

which are effective against datasets with linearity or weak non-linearity, SVM has functions that 

are designed specifically for solving both linearity and non-linearity [39-40]. Another advantage 

of SVM is its ability to deal with high dimensional inputs [39-40]. Thissen et al. in [40] 

compared the performance of SVM and PLSR in two applications, i.e. the determination of two 

monomer masses during a copolymerization reaction and the determination of ethanol, water, 

and iso-propanol mole fractions in a ternary mixture. The result was that SVM outperformed 
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PLSR in both applications. In another study, Bulent Ustun in [41] conducted several experiments 

to compare the performance of SVM and PLSR. The result also indicated that, in most of the 

cases, SVM outperformed PLSR. 

1.4 Challenges and Assumptions 

Studies have shown that main reasons which limit the use of absorption spectroscopy based 

glucose monitoring are absorption by other biological materials, interferences due to scattering 

and other properties of measurement surface, calibration issues, instrument drift, time drift, 

baseline drift, thermal noise, physiological factors, environmental factors and proper selection of 

wavelength [43-47]. Therefore, the assumptions made in this study are as follows: 

• Water, which is the main constituent of most living organism, is the main biological 

material that interferes and produces uncertainty of signals obtained in addition to the 

significant signals. Characteristics of glucose in distilled water solution should be 

investigated in detail first before other biological materials can be added in future work. 

•  Hardware for data acquisition does not suffer significant deviation due to both short-term 

and long-term machine drift. Long-term machine drift can be proved to be insignificant 

by replicating an experiment from a paper and obtaining similar results. 

• The environmental temperature is maintained at 25oC. Sample containers not heated up 

by the incoming light. It is the same as assuming the skin temperature is maintained and 

does not show variation during measurements. 

• The photo probe and sample holder are designed to prevent repositioning that cause 

baseline drift. 

• Glucose does not undergo glycolysis in distilled water. 
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• The sample containers are made of the same materials and would have the same optical 

characteristics for the same wavelengths. It is the same as assuming optical 

characteristics of human tissue show insignificant change for different individuals. 

• Other time dependent factors, i.e. blood pressure, blood flow, atmospheric pressure, 

humidity, skin hydration will cause minimal effect and not considered. 

• For the purpose of experimental designs, the utilized wavelengths are assumed to be both 

continuous and discrete. Depending on the situation, the former or latter definition will be 

applied. 

1.5 Problems Statement and Objectives 

Literature reviews in section 1.3 shows that the PLSR analysis modeling technique is by far 

the most popular technique used in investigating noninvasive blood glucose monitoring. In spite 

of its simplicity to use, speed, relative good performance, the PLSR technique still possesses 

some limitations, including sensitivity to unspecific correlation between dependent and 

independent variables, ineffectiveness against non-linear datasets, which make models built with 

this technique not robust enough practical usage. On the other hand, SVM is hardly known and 

used even though it has many advantages compared to PLSR. Studies in other similar topic also 

show that SVM is better than PLSR in term of performance. Therefore, it might be worth to 

investigate further on the use of SVM as a candidate for modeling blood glucose monitoring 

system. 

The current few results of experiments utilized SVM indicates that using solely SVM 

technique is insufficient for a reliable of glucose prediction system.  It is stated in [39] that when 

SVM being applied to highly multivariable datasets, a prior variable reduction step (such as 
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PCA) should be applied first. Moreover, reviews in section 1.3.1 shows that although many 

researchers have aimed to find the most informative wavelengths for blood glucose monitoring, 

they came to different conclusions; the fact suggests that some wavelengths might contain 

spectral interferences that affect performances. By eliminating those irrelevant wavelengths the 

prediction performance and robustness can be improved [31, 42]. Therefore, techniques to select 

relevant wavelengths or features in machine learning parlance should be investigated further in 

the developing of glucose monitoring system. 

Furthermore, literature reviews also show that preprocessing and cross-validation techniques 

can also help to improve the performance and robustness as well as serve a counter for weakness 

of modeling techniques. It is necessary to develop a framework utilizing different techniques to 

optimize the performance and ensure its validity. 

Motivated by these gaps as well as potentials, this thesis is dedicated to investigate the use of 

SVM and feature selection techniques as core algorithms to develop an automated and 

computationally efficient system to facilitate selecting the most informative wavelengths for 

accurate glucose monitoring. To achieve the ultimate goal, the thesis will focus on completing 

the following objectives: 

1. Developing a reliable framework for data synthesis, data acquisition for further 

investigation on glucose levels determination model. 

2. Developing a framework that allows efficient preprocessing, tuning, and assessing 

multiple techniques (feature selection techniques, PCA, SVM, etc.) for optimal 

performance 

3. Investigating the effectiveness of SVM techniques by considering two different 

approaches: regression and classification. 
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4. Investigating the effectiveness and limit of the proposed techniques for 

dimensionality reduction to improve performance and extract informative 

wavelengths 

5. Utilizing feature selection techniques for extracting informative wavelengths for 

glucose monitoring 

1.6 Scope and Limitations 

Since water is assumed to have the most significant interference to the signals is required for 

the preparation of every type of samples, the research focuses on investigating the effectiveness 

of the proposed machine learning techniques using glucose in distilled solution as samples. 

Effects of other biological materials, e.g. hemoglobin, fat, etc. are considered beyond the scope 

of this study and left for future work. 

Furthermore, due to inaccessibility to verified datasets that contained suitable information, 

we chose to use a published dataset from [27] and prepare a new dataset using a set of sample 

prepared by provided information in [27]. Although there are two different datasets, they actually 

represent measurements from the same set of samples twice with differences in time and 

conditions. In other words, it is similar to testing a return patient. This is a typical short coming 

that most of the promising models have, in which results are better only for single subject [5]. 

Therefore, it is important to take into account the assumptions in the previous section when 

verifying the validity of this thesis’ proposed model. 
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1.7 Summary of Contributions 

In this study, we hypothesize and proceed to investigate whether the use of SVM 

incorporating other machine learning techniques will be effective enough to establish the relation 

between spectral wavelengths and glucose concentration for future application on noninvasive 

monitoring. The main contributions of the work are as follow: 

• SVM is adapted to calibrate the relationship between wavelengths and glucose 

concentration and predict a glucose concentration based on provided wavelength 

signal. SVM is demonstrated to be able to achieve up to 91% testing accuracy and 

90.97% f1 score when used in combination with preprocessing, mutual information, 

select k best, sequential forward floating selection (SFFS), pipeline, nested cross-

validation techniques, etc. Details of this contribution can be found in section 5.1 and 

5.4 

• Wrapper methods of feature selection are essential for glucose monitoring model 

using SVM. However, each of the method can be used alone to extract informative 

wavelengths for noninvasive glucose monitoring as well as provide much more 

efficient and accurate performance. Details of this contribution can be found in 

section 5.2. 

• Filter methods of feature selection offer a trade-off between speed and performance 

for the proposed models when used in combination with wrapper methods. If time is 

an important constraint, then techniques of filter methods should be added to the 

system for much faster speed with slight drop of performance. Details of this 

contribution can be found in section 5.2 and 5.4 
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• The assumption whether features are discrete or continuous does not have much 

influence because it only makes the accuracy or standard error to vary within 1-2 

percent or unit of mg/dl whereas choosing the approach of either classification or 

regression (i.e. assuming whether glucose concentrations are discrete classes or 

continuous values) when performing Sequential Forward Floating Selection (SFFS) 

technique of wrapper methods has a great effect on the accurate performance of the 

system. Base on the obtained results, it is recommended follow classification 

approach when perform SFFS technique. Details of this contribution can be found in 

section 5.2 

• A framework consisted of 3 major phases is proposed to allow tuning and assessing 

the performance of SVM and other techniques. The framework proves promising in 

optimizing the prediction of glucose concentration while minimizing bias due to 

information leakage. Details of this contribution can be found in section 5.4 

• The proposed system model was show through experiments to possess an ability to 

extract the relevant information out of any random input wavelength. For the 

examined range between 1300-2600, the informative wavelengths fall in the ranges 

should fall in the ranges of 1300-1600nm and 1800-2400nm or 2000-2600nm. Details 

of this contribution can be found in section 5.3 

1.8 Organization of the Thesis 

Chapter 1 Introduction introduces the background information and motivation for the study; 

reviews current findings regarding the noninvasive approach for glucose monitoring; provides 

the remaining problems, the objectives, the assumptions, and the overall contributions. Chapter 2 
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Methodology describes and explains the rationale for utilizing each chosen method, technique 

and what they aim to solve; introduces the overview of system model and the process of 

developing the framework for data synthesis, data acquisition, and software structure; describes 

the development of the proposed models. Chapter 3 focus on the optimization of proposed 

models by providing strategies, techniques for hyperparameter tuning and validation; describe 

and explain the selection of hyperparameter values.  Chapter 4 Experimental Design describes 

and explains a variety of models based on the system model; explains how datasets and the 

proposed were used to evaluate the effectiveness of introduced methods, techniques; evaluates 

the effectiveness of selected features. Chapter 5 Results presents the results and analyzes and 

discusses the results. Chapter 6 Conclusion and Future Work summarizes and gives conclusion 

on the study; discusses future work. 
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2 Chapter 2  Methodology 

This chapter introduces the techniques that were used to build the proposed system model 

and also explains why each of the technique was selected. This chapter also provides the 

overview workflow of the system model and the details, including concepts, important settings, 

parameters, procedure, of each step of the system model. 

2.1 Rationale for Utilized Machine Learning Techniques 

Support Vector Machine (SVM) is a supervised learning method whose applications have 

been successful in several areas. Although SVM has been proved to have performance 

advantages compared to other techniques, e.g. PLSR, in other fields, SVM is hardly known and 

used on absorption spectroscopy for establishing the relation between glucose concentrations and 

spectral wavelengths. Reviews on the few studies of SVM for glucose monitoring indicate that 

using solely SVM is insufficient for a reliable of glucose prediction system. Therefore, it is 

hypothesized that the effectiveness of SVM on predicting glucose concentration can be improved 

by incorporating other machine learning techniques into the model. 

SVM is known to not be scale invariant, i.e. difference distances between feature data points 

would affect the performance of SVM in different ways. Therefore, it was decided a scaling step 

shall be added at the very start of the model. In addition, since most machine learning 

algorithms, including SVM and even scaling techniques are incompatible with datasets that have 

missing values, often encoded as blanks or not-a-number (NaN), an extra technique called data 

imputation was implemented together with scaling techniques. These techniques were assembled 
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into Pre-processing step which was deployed immediately after datasets were formed. More 

details on the Pre-processing techniques can be found in section 2.2.3. 

Although SVM has an advantage that it can still be effective in high dimensional space, 

studies have suggested that it would be a good practice to include a dimension reduction step 

prior to SVM for optimal performance. This is related to a machine learning phenomenon called 

curse of dimensionality [48] in which a larger number of feature, while providing extra 

information, also may: 

1. introduce a loss in performance due to poor correlation or noise; 

2. increase the risk of overfitting when there are more features than observations; 

3. increase computational complexity due to observations to appear equidistant from 

others. 

There are two types of dimensional reduction technique available, i.e. supervised and 

unsupervised. In supervised techniques, relevant features are selected from labeled input features 

which mean selected features can be traced back and identified; whereas, this is impossible for 

unsupervised techniques. Moreover, selected features are also the features that contain the most 

information regarding the studied phenomena, which is the relation between spectral 

wavelengths and glucose concentration in this case. Therefore, we believed that a dimensional 

reduction step consists of both supervised and unsupervised techniques was necessary and 

implemented into the system model. In this dissertation, supervised techniques will be further 

referred as feature selection and unsupervised techniques will be referred as feature extraction 

due to the nature of the utilized techniques. More details on the feature selection and feature 

extraction techniques can be found in sections 2.2.4. 
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It should be noted that most techniques in the literature tried to determine glucose 

concentration by using multivariate regression techniques, i.e. to develop multivariate regression 

models to predict glucose concentration based on input wavelengths. SVM, however, is 

traditionally a classification technique, i.e. it decides which predefined level of glucose 

concentration a sample belong based on input wavelength, but can be extended to solve 

regression problems. Therefore, in order to enable direct comparisons between SVM and other 

techniques, this study investigates SVM using two approaches: regression and classification. 

Besides, it is beneficial to investigate whether different approaches would actually bring forth 

valuable results. Nevertheless, it should be noted that the goals and applications of the two 

approaches are slightly different. A successful regression model would enable the ability to 

predict specific glucose concentration values based on future input while a successful 

classification would allow us to decide the condition of a subject, e.g. whether a patient has 

diabetes, has high, low, or normal blood glucose, etc. A classification model can also predict 

specific value with enough number of glucose concentration levels (classes), precision, and 

recall. For regression, popular metrics such as Standard Error of Cross-Validation (SECV) and 

Standard Error of Prediction (SEP) would be used for evaluation. For classification, since there is 

not a strong literature, different metrics, i.e. accuracy and f1 score, are chosen for the evaluation 

purpose. More details on the evaluation metrics can be found in section 3.1 

One important consideration is that SVM is very sensitive to several essential model 

parameters, such as C, gamma, kernel, etc. In machine learning parlance, these parameters are 

called hyperparameters whose values are not directly learnt within the estimator but must be 

provided as arguments. In order to achieve the optimal performance of SVM, it is recommended 

to try various values for these hyperparameters. However, it is not helpful to investigate an 
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influence of a single hyperparameter since different values of all hyperparameters would interact 

with each other and lead to different results. It is tedious and difficult to manage a large number 

of combinations of hyperparameters values when arguments are passed manually. Therefore, it 

was decided a hyperparameter-value searching algorithm must be added to system model. 

The addition of hyperparameter-value searching algorithm, in turn, raises another problem. 

For each combination of hyperparameters’ values, the model must be evaluated to find the 

optimal one. In other words, the input dataset must be used repeatedly that it increases the risk of 

overfitting when the final prediction is conducted because information has been leaked and the 

model has already learnt the true results. Ideally, the solution to this problem is to use different 

datasets for training and testing. However, because we lack access to available data, it was 

decided different strategy called nested cross-validation, which basically spit the input dataset 

into several training and testing sets without reducing available number of observations for 

sufficient training, would be deployed. In order to simplify and combine together hyperparameter 

tuning algorithm, nested cross-validation, SVM, and other machine learning technique, another 

technique called pipeline was utilized. More details on the hyperparameters-value searching, 

nested cross-validation and pipeline are discussed further in chapter 3. 

2.2 Descriptions of the System Model and Utilized Machine Learning 

Techniques 

The following subsections will start by giving the overview of the system model, what it 

consists of, and then go on to describe with more details each step, i.e. data acquisition, pre-

processing, dimensional reduction, and support vector machine, as well as the utilized techniques 

of that step. 
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2.2.1 Overview of the System Model 

Based on the provided rationale in the previous section, the general system model was 

developed and illustrated in Figure 2.1. The general system model consists of three phases. The 

first phase is Data Acquisition, in which samples were prepared; hardware and procedure for 

measurement were decided; and datasets were formed. The second phase, which is also the main 

focus, is the training phase which consists of four main steps: pre-processing, dimensional 

reduction, SVM, and hyperparameter tuning. The dimensional reduction steps include two sub-

steps: feature selection and feature extraction. The SVM step is divided into two approaches: 

regression and classification. The hyperparameter tuning comprises the hyperparameter-value 

searching technique and nested cross-validation technique. The optimal model output from SVM 

from phase 2 was then deployed into phase 3, i.e., a testing pipeline, so that it can be used for 

predicting glucose concentration. Future input data will go through similar pre-processing step in 

phase 2 before it can be passed to the deployed model. In this study, however, a reserved portion 

from the original input dataset for phase 2 was used as the testing set. More details on each step 

are described in following sections. 
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Figure 2-1. Overview of the system model. 

2.2.2 Data Acquisition 

Data acquisition has three important aspects to be reviewed. The first one would be the 

selection of hardware to use for measuring and processing signals. The second one would be the 

design of datasets, i.e. how signals are measured and stored. The last one would be the 

preparation of samples and the use of hardware to form datasets as designed. 

2.2.2.1 Hardware 

A literature review shows that most of the studies regarding noninvasive blood glucose 

monitoring conduct experiment on the first overtone region and the combination overtone region 
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of near-infrared (NIR) spectrum, i.e. 1100-1850nm and 2000-2500nm. Therefore, in order to 

make comparison to other works, it was decided to also utilize wavelengths belonging to the 

aforementioned region of NIR spectrum. However, it should be noted that this selection of 

wavelengths is not necessary as one of the goals of this study is to identify the most informative 

wavelengths from the input wavelengths. In other words, the proposed system would try to 

identify the most informative wavelengths for blood glucose monitoring from any random 

wavelength inputs. 

In order to minimize machine drift and other technical issues, this study utilized the 

Neospectra Micro Development Kit, a product of Neospectra Si-ware System Company [49]. 

The kit provides a light source capable of emitting light radiation between 1300-2617nm in a 

span of few seconds. There is not a fixed value between each step of the radiation. However, 

there are always 158 steps which mean 158 wavelengths in total. The kit also comes with an 

optical core module that can received reflected light from samples and calculate the absorbance 

of the sample. The optical core module can be connected directly to any single-board computer 

that support SPI interface. In this study, the module was integrated to a Raspberry Pi board. 

The remaining steps were conducted on a personal laptop, DELL PRECISION series M6700. 

The system configuration that was used is as below: 

• Processor speed: 2.70 GHz 

• Number of Processors: 8 logical processors 

• Total number of cores: 4 cores 

• System version: Microsoft Windows 7 ver. 6.1.7601 

• Installed physical memory (RAM): 8.00 GB 

• Utilized language and library: Python and Scikit-learn [50], Mlxtend [51] 
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Figure 2-2. The Neospectra Micro Development Kit (A) connects to the Raspberry Pi board (B). 

The box (C) ensures that there is no optical interference from the ambient environment. 

The black accessories (D) ensures each sample container is place in the same place with each 

other and prevent baseline drift. 

Each measurement of a sample is recorded and plotted via a software on a computer (E). 

 

2.2.2.2 Datasets Description 

In this research work, two datasets have been used: dataset C0 and dataset C1. Dataset C0 

was obtained from [27] to serve as ground truth for validating the result. The dataset consists of 
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158 columns and 100 rows. Each column represents the wavelengths or features in machine 

learning parlance. All of the wavelengths are in the range between 1300-2600nm, which belong 

to the short-wave infrared (SWIR) band. Each row represents an observation. Therefore, there 

are 15,800 data points. Each data point is the value of absorbance of glucose solutions in the 

distilled. In addition, there is extra column contained information regarding the classes. Each 

value of classes represents a distinct concentration of glucose solution. There are 10 different 

glucose concentrations represent 10 different samples. Each sample was measured 10 times. 

Therefore, the first 10 rows contain information regarding the absorbance of sample 1 or class 1; 

the next 10 rows contain information regarding the absorbance of sample 2 or class 2 and so on. 

There exists a risk that the number of observations of 100 observations in dataset C0 was too 

small and would not provide sufficient information which could lead to several problems such as 

high bias or high variance results. Therefore, the dataset C1 was formed as a solution to the 

problem. Similar to dataset C0, dataset C1 consists of 158 columns and 1000 rows. All of the 

wavelengths are the same as those of dataset C0. The samples are prepared by the same 

information provided in [27]. Table 2-1 shows the detailed values to prepare samples for both 

datasets. The 10 samples are now measured 100 times each. Therefore, there are 158,000 data 

points. The first 100 rows contain information regarding the absorbance of sample 1 or class 1; 

the next 100 rows contain information regarding the absorbance of sample 2 or class 2 and so on. 

2.2.2.3 Samples Preparation and Measurement Procedure 

The samples are prepared by dissolving glucose in distilled water. There are two isomer of 

glucose called D-glucose and L-glucose. Only D-glucose is biologically active while L-glucose 

cannot be used by cells. The D-glucose can exist in two forms: α-D-glucose and β-D-glucose. 
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They differ only in the direction that -H and -OH groups point on carbon 1. When α-D-glucose 

molecules are joined chemically to form a polymer, starch is formed. When β-D-glucose 

molecules are joined to form a polymer, cellulose is formed. Most of the β-D-glucose remains in 

the blood stream because human body does not have an enzyme to break down cellulose. 

Conventional invasive glucose monitoring devices use an enzyme called glucose oxidase to 

catalyze the oxidation of β-D-glucose into D-gluconic acid and generated hydrogen peroxide. 

The hydrogen peroxide can then be used to oxidize a chromogen or the consumption of oxygen 

measured to estimate the amount of glucose present [52]. Therefore, in this study, β-D-glucose 

was used to prepare the samples to minimize any unforeseen complication. 

Table 2-1. Concentration for each sample together with their required volume of distilled water 

and mass of D-glucose powder 

Sample Concentration 

(mol/l) 

Concentration 

(mg/dl) 

Mass of β-D-glucose (g) Volume 

(l) 

1 0.0040 72.072 0.180156 0.250 

2 0.0060 108.108 0.270230 0.250 

3 0.0070 126.126 0.315270 0.250 

4 0.0082 147.748 0.369300 0.250 

5 0.0100 180.180 0.450390 0.250 

6 0.0110 198.198 0.495400 0.250 

7 0.0137 246.847 0.617030 0.250 

8 0.0156 281.081 0.702600 0.250 

9 0.0174 313.513 0.783600 0.250 

10 0.0200 360.360 0.900780 0.250 
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(a) (b) 

Figure 2-3. (a). A α-D-glucose molecule. (b). A β-D-glucose molecule 

 

In order to prepare the 10 samples with 10 different glucose concentration provided in Table 

2-1, we need to calculate the mass of β-D-glucose and the volume of distilled water to used. 

Firstly, the following formula was used: 

𝐺𝑙𝑢𝑐𝑜𝑠𝑒 𝑚𝑎𝑠𝑠 (𝑔𝑟𝑎𝑚) = 𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (
𝑚𝑜𝑙

𝐿
) × 𝑀𝑜𝑙𝑎𝑟 𝑀𝑎𝑠𝑠(

𝑔𝑟𝑎𝑚

𝑚𝑜𝑙
)    (7) 

Where Molar Mass is the glucose molar mass. Considering we have the formula of glucose as 

C6H12O6 and the atomic mass of Carbon, Hydron, and Oxygen as 12.011, 1.008, and 15.999 

respectively, the molar mass for glucose would be: 

𝑀𝑜𝑙𝑎𝑟 𝑀𝑎𝑠𝑠 = (6 × 12.011) + (12 × 1.008) + (6 × 15.999) = 180.156 (
𝑔𝑟𝑎𝑚

𝑚𝑜𝑙
)  (8) 

Therefore, for instance, to prepare sample 1 with the concentration 0.0040 mol/L, we need: 

𝐺𝑙𝑢𝑐𝑜𝑠𝑒 𝑚𝑎𝑠𝑠 (𝑔𝑟𝑎𝑚) = 0.0040 (
𝑚𝑜𝑙

𝐿
) × 180.156 (

𝑔𝑟𝑎𝑚

𝑚𝑜𝑙
) = 0.720624 (

𝑔𝑟𝑎𝑚

𝐿
) 

Because of a restriction on available of laboratory equipment, the volume of 0.250mL of 

distilled water was used instead. Hence, for preparing sample 1 with glucose concentration of 
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0.0040 mol/L, we need 
0.720624

4
=  0.180156g of β-D-glucose and 0.250mL of distilled water. 

Other samples were prepared similarly by the same method. 

The procedure for preparing the samples can be summarized as follow: 

• Put weighing paper on the molecular balance then press tare to calibrate the weight back 

to 0 

• Weight the exact mass of glucose using the above table 

• Transfer the amount of glucose to a 500ml beaker 

• Use a cylinder to take 200ml distilled water 

• Pour the amount of water into the 500ml beaker that contains glucose 

• Mix the solution using magnetic bar and magnetic stirrer 

• Pour 200ml glucose solution from the 500ml beaker into a 250ml volumetric flask 

• Use a pipette to add more distilled water until the volume reaches exactly 250ml 

• Invert the flask 2-3 times 

• Transfer the solution into a container 

• Label the container 

Repeat the procedure for all concentration levels. It is important make sure all of the 

containers are air-tight since glucose can be oxidized when exposed to the environments. All of 

the samples should be stored in dark, dry place in room temperature since glucose solution can 

freeze easily and form crystals which would interfere with the measurement process. 

The measuring procedure was done in the dark room to prevent ambient light from interfere 

with the results. The temperature was set to 25oC. Each sample was transferred to a cuvette with 

a flat surface in contact with the surface of the light source and transducer to prevent scattering 
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and reflection due to poor angle positioning from happening. Using the hardware and software 

described in section 2.2., each sample was measured 100 times. Each sample generated an excel 

file (mini dataset) contained 159 columns and 100 rows. The 10 mini datasets were then joined 

to formed dataset C1. 

 

Figure 2-4. D-Glucose samples with 10 different concentrations and the hardware setup 

2.2.3 Pre-processing 

Pre-processing is an important step that is required immediately after data acquisition. As 

shown in Figure 2.4, after all samples have been measured and a dataset is properly formed, the 

dataset is passed to pre-processing step. The objective of the pre-processing step is to complete 
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two tasks: fixing the datasets off any missing or NaN values, and scaling the datasets to prevent 

high dynamic values causing bias. 

 

Figure 2-5. Techniques in the Pre-processing step 

Firstly, missing values, often encoded as blanks, not-a-number (NaN) values, are identified 

and removed or replaced. This act is important because any further machine learning algorithms 

are incompatible with datasets that have such values. A basic strategy is to discard the entire row 

contained missing value. Nonetheless, this might come at the price of losing value information. 

A better strategy is to impute the missing values, i.e. to infer them from the known part of the 

dataset. There are two types of imputation algorithm: univariate and multivariate. Univariate 

imputation imputes values in the i-th feature dimension using only non-missing values in that 

feature dimension. In contrast, multivariate imputation uses the entire set of available feature 

dimensions to estimate the missing values. Because each feature in the study represents a distinct 

wavelength, we want to replace the missing values using neighboring information from the 

feature containing the missing value only. Hence, SimpleImputer, a univariate imputation 

technique provided by scikit-learn library, was utilized. SimpleImputer can impute missing 

values using three different statistics, i.e. mean, median, and most frequent. The first one is to 
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pick the mean value of neighboring values for the missing value. The second option is to 

calculate the median of neighboring values and replace the missing value with that value. The 

last solution is to simply choose the most frequent value in the dataset to be in place of the 

missing value. Since we had not known the range and variation of the neighboring values, the 

median option was chosen. To use the median option, the parameter strategy was set to 

strategy=’median’. 

In this particular study, our datasets have approximate 10 missing values, which are caused 

by the process of joining several small files of separate measurements to form a complete 

dataset. Each and every missing value was replaced by a value obtained from calculating the 

median of neighboring values. After fixing all of the missing values, all values in the dataset are 

normalized into the same dynamic range to prevent large weights creating biased results which 

might lead to problems in latter steps. Because each sample has different level of glucose 

concentration that impacts the amount of NIR light intensity absorbed, the measured values in 

each observation might have a different dynamic range. Computations do on dataset with various 

dynamic ranges can create large weights and pull other values toward it producing biased results. 

Three techniques for scaling the data were considered: MinMaxScaler, MaxAbsScaler, and 

StandardScaler. The first two techniques work in a similar fashion. MinMaxScaler scale features 

to lie between a given minimum and maximum number, often between 0 and 1. The formula for 

the technique is: 

If 

 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑋 =
(𝑋−min(𝑋))

(max(𝑋)−min (𝑋)
   (9) 

Then  
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𝑆𝑐𝑎𝑙𝑒𝑑 𝑋 = 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑋 ∗ (𝑀𝐴𝑋 − 𝑀𝐼𝑁) + 𝑀𝐼𝑁  (10) 

Where MAX is the upper limit and MIN is the lower limit of the new feature range. 

 MaxAbsScaler scales in a way that the training data lies within the range [-1, 1] by dividing 

through the largest maximum value in each feature. The advantages of MaxAbsScaler over 

MinMaxScaler are its robustness to very small standard deviation and its preservation of zero 

entries in sparse data, i.e. data with lots of gaps information, or zero values, of different features. 

In real practice, features often do not look like standard normally distributed data, i.e. 

Gaussian with zero mean and unit variance. However, many elements used in objective function 

of a learning algorithm (such as RBF kernel of Support Vector Machine) assume that all features 

are centered around zero and have variance in the same order. If a feature has a variance that is 

orders of magnitude larger than others, it might dominate the objective function and make the 

estimator unable to learn from other features correctly as expected. Therefore, StandardScaler 

technique that transforms the data to center it by removing the mean value of each feature then 

scale it by dividing non-constant features by their standard deviation is also considered. 

StandardScaler standardize features by removing the mean and scaling to unit variance and 

then scale it by dividing non-constant features by their standard deviation. Since many elements 

used in objective function of a learning algorithm assume that all features are centered around 

zero and have variance in the same order, it is necessary to apply StandardScaler to prevent a 

feature’s variance with high magnitude to dominate the classifier to make them less accurate. 

Because of the experimental design, each sample was measured continuously until the light 

source stop operating; both the datasets C0 and C1 would not be sparse data. Therefore, 

MaxAbsScaler was considered not necessary. On the other hand, it is believed that 
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MinMaxScaler would not be suitable for real-life datasets with many possible outliers. This left 

us with the choice of StandardScaler for scaling datasets. 

2.2.4 Dimensional Reduction 

The dimensional reduction step consists of two sub-steps: feature selection and feature 

extraction. The goal of both sub-steps is to reduce the feature-space dimension while retained 

related information and hence reduces the complexity and enhances the performance in term of 

increased accuracy, precision, recall, or decreased standard error. Feature extraction is 

distinguished from feature selection based on how it reduces the dimensional space. Feature 

selection examines possible combinations of input feature and creates the subset that would 

produce best result. Feature extract, in other hand, “extracts” the essential information from input 

feature and transform and project them in a lower dimensional space. This study utilized both 

techniques to further reduce the already filtered input for optimal performance. 

2.2.4.1 Feature Selection 

Techniques in Feature Selection method are further categorized into 2 main groups: filter 

methods and wrapper methods. In contrast to filter methods, which prove to have excellent speed, 

wrapper methods produce much more accurate performance [53, 54]. Therefore, experiments in 

this study were designed so that the efficiency of only wrapper methods could be examined first 

and then the efficiency of the combination of both methods later. More details on the 

experimental design can be found in chapter 4. 
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2.2.4.1.1 Filter Methods 

When used in combination with wrapper methods, filter methods were adopted and applied 

first to conduct initial screening; filter out unimportant features using fast and simple statistical 

techniques to lessen the burden for a more accurate wrapper method later Figure 2.5 demonstrates 

filter methods that were considered.  

 

Figure 2-6. Filter methods of feature selection 

It should be noted that the performance of each type of filter method technique depends on the 

distribution of the data; hence, a normality test was applied beforehand. There are many 

techniques to test for a normal distribution which can be divided into two groups: visualization 
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techniques, and statistical inference techniques. Visualization techniques include histogram, box 

plot, QQ plot. These test draw plots based on the dataset and require human interaction to decide 

on the conclusion. Since they are rather subjective and not automatic, they were not used in this 

study. Among available Statistical inference techniques Shapiro Wilk test is the most powerful 

test when testing for a normal distribution as it has been developed specifically for this 

distribution. To use the test, we can simply import a build-in function from scipy library called 

“shapiro”. If the p-value of the Shapiro Wilk test is larger than 0.05 then a dataset is normally 

distributed and vice versa. The test results indicated that both datasets C0 and C1 in this study 

did not have normal distribution.  

If the data were normally distributed, parametric techniques, e.g. ANOVA, would have been 

used. Since the datasets were not normally distributed, non-parametric techniques were used. In 

this study, mutual information (MI) technique [55] and SelectKBest (SKB) were selected as non-

parametric techniques for feature selection. MI worked as a scoring function, outputting scores 

reflecting in the importance of the features. SKB technique used the output of MI to judge which 

features should be chosen. 

MI is said to be a perfect statistic for measuring the degree of relatedness between data [56]. 

Let (𝑋, 𝑌) be a pair of random variables, MI is defined as: 

𝑀𝐼(𝑋, 𝑌) = ∫ ∫ 𝑑𝑥𝑑𝑦𝜇(𝑥, 𝑦)𝑙𝑜𝑔
𝜇(𝑥,𝑦)

𝜇𝑥(𝑥)𝜇𝑦(𝑦)
    (11) 

where 𝜇𝑥(𝑥) = ∫ 𝑑𝑦𝜇(𝑥, 𝑦) and 𝜇𝑦(𝑦) = ∫ 𝑑𝑥𝜇(𝑥, 𝑦) are the marginal densities of X and Y. 

The advantages of MI include: 

• MI can detect any kind of relationship between variables, whether it 

involves the mean values or the variances. 
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• MI is insensitive to the size of the dataset 

• MI has a straightforward interpretation as the amount of shared 

information between variables (unit in bits) 

However, calculating MI is not always easy. MI can be calculated if the underlying 

probability distribution is known, which is not usually the case. Therefore, MI must be estimated 

form the statistics of our dataset. A. Kraskov et al. [57] suggested MI estimator based on entropy 

estimated from k-nearest neighbor distances which, compared to conventional estimators based 

on binnings, are more data efficient, adaptive (higher resolution with more numerous data), and 

minimal bias. Then, MI in Equation 11 can be estimated using the following equation: 

𝑀𝐼(𝑋, 𝑌) = 𝐻(𝑋) + 𝐻(𝑌) − 𝐻(𝑋, 𝑌)    (12) 

where H is the function to estimate the entropy. 

This study utilized function mutual_info, which offers use of k-nearest neighbor of scikit-learn 

library to estimate the mutual information between each feature (wavelength) and the glucose 

concentration. On the other hand, Ross et al. [56] said that the procedure for estimating MI 

depends on whether X and Y take discrete values or are continuous variables. Because this study 

aims to investigate SVM using both approaches of regression and classification, glucose 

concentrations (which are Y in this case) are considered as both discrete and continuous values. 

Similarly, wavelengths (which are X) can be considered as discrete or continuous. Therefore, the 

function needs to be tweaked and tuned. 

There are two variations of mutual_info: mutual_info_classif and mutual_info_regression. 

The first one is used when glucose concentration is considered discrete. The second is used when 

glucose concentration is considered continuous. Each MI function variation has MI two 

important hyperparameters: discrete_features and n_neighbor. The hyperparameter 
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discrete_features is used to control whether wavelengths are considered discrete or continuous. 

The remaining hyperparameter n_neighbor determines the k number of nearest neighbors to use 

for MI estimation. SKB has one important hyperparameters: k. These hyperparameters, like the 

hyperparameters of SVM, need to be to be tuned and validated in order to achieve the best 

performance. More details on the hyperparameters and their tuning process can be found in 

chapter 3. 

2.2.4.1.2  Wrapper Methods 

The surviving features from filter methods were then input into wrapper method for further 

optimization. Figure 2.4 demonstrates popular techniques in wrapper method including 

exhaustive search (ES), sequential forward selection (SFS) and sequential backward selection 

(SBS), sequential forward floating selection (SFFS) and sequential backward floating selection 

(SBFS) [51, 53, 54]. 

In terms of optimal performance, ES is the best, followed by SFFS, SBFS, and then SFS and 

SBS. ES technique calculates all possible combinations of features and uses a simple 

classification/regression algorithm as to evaluate performance of each combination. Features 

within the combination with the best score are chosen while the rest are eliminated. However, 

because the smallest combination consists of 1 feature and the largest combination consists of all 

159 features, it is obvious the total number of possible options would be gigantic and take heavy 

toll on computational resources; hence, not practical for wearable applications. 
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Figure 2-7. Wrapper methods of feature selection 

In terms of time efficiency, SFS and SBS techniques are the fastest. Fundamentally, the 

techniques add or remove one feature at the time based on the simple classifier performance, 

which is KNN’s in this case, until a feature subset of desired size k is reached. Nevertheless, their 

drawback is the lack of accuracy [53, 54]. To counter this issue, SFFS and SBFS techniques 

were developed. These floating variants can be considered as extensions to the simpler SFS and 

SBS algorithms. The floating algorithms have an additional exclusion or inclusion step to 

remove features once they were included (or excluded), so that a larger number of feature subset 

combinations can be samples. It is important to emphasize that this step is conditional and only 
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occurs if the resulting feature subset is assessed as "better" by the criterion function after removal 

(or addition) of a particular feature. Therefore, the optimal choice is actually the sub-optimal 

solution of SFFS and SBFS with some limited in the accuracy but have reasonable speed. Since 

the only difference between SFFS and SBFS is the starting point, SFFS was chosen as the 

technique for feature selection step. The output of SFFS is the reduced number of wavelength. 

These are also the informative wavelength that needed to be determined in the objective 5. 

This study utilized the MLxtend library [51] to perform the SFFS for informative 

wavelengths. Similar to filter method, SFFS also needs an estimator to evaluate and produce 

score as a foundation for feature selection process. K-nearest Neighbors (KNN) [58] algorithm 

was used as utilized for this study due to its low complexity and fast speed. The scoring metric for 

KNN were accuracy for classification approach and MSE for regression approach. Details on the 

setting and tuning of hyperparameters of wrapper methods are described in section 3.4.2. 

2.2.4.2 Feature Extraction 

After the informative set of features was determined, their essential information known as 

principal components was then extracted allowing even smaller dimensions and enhanced 

performance. Principal Component Analysis (PCA) [59] is one of the most popular techniques in 

feature extraction. PCA technique was implemented to identify the similarity that still remained 

in the subset output after feature selection. The desired goal is to reduce the dimensions of a d-

dimensional dataset by projecting it onto a (k)-dimensional subspace (where k < d) in order to 

increase the computational efficiency while retaining most of the information. PCA do this by 

computing eigenvectors (the principal components) of a dataset and collect them in a projection 

matrix. Each of those eigenvectors is associated with an eigenvalue which can be interpreted as 
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the "length" or "magnitude" of the corresponding eigenvector.  If some eigenvalues have a 

significantly larger magnitude than others then PCA will drop the "less informative" eigenpairs. 

The procedure is summarized as follow: 

• Standardize the data. 

• Obtain the Eigenvectors and Eigenvalues from the covariance matrix or correlation 

matrix, or perform Singular Vector Decomposition. 

• Sort eigenvalues in descending order and choose the k eigenvectors that correspond to 

the k largest eigenvalues where k is the number of dimensions of the new feature 

subspace (k < d). 

• Construct the projection matrix W from the selected k eigenvectors. 

• Transform the original dataset X via W to obtain a k-dimensional feature subspace Y. 

Essentially, PCA technique further reduced the dimensionality in order to enhance the 

accuracy in the training step but it does not actually involve in the determination of suitable 

wavelengths. The number of k eigenvectors can be selected by modifying a hyperparameter 

n_components. The output of PCA is the transformed dataset with a further reduced feature 

subspace. More information can be found in section 3.4.3. 

2.2.5 Support Vector Machine 

The following section will attempt to expand the concept of classification and regression 

approaches as mentioned in section 2.1 by reviewing the principle of SVM technique. 
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2.2.5.1 For Classification 

First of all, we need to understand the concept of SVM in order to deploy and tune for 

optimal performance. Traditionally, the objective of the SVM algorithm is to find a hyperplane 

in an N-dimensional space (N is the number of features) that distinctly classifies the data points. 

In its simplest form, SVM is a linear classifier of a two-class problem. Samples are of two 

classes g (=A or B) with c = +1 for class A and -1 for class B and are perfectly linearly 

separable. These samples can be used to determine a decision function to separate two classes, 

which in its simplest form can be expressed by a linear boundary:  

𝑔(𝑥𝑖) = 𝑠𝑔𝑛(𝑤𝑥𝑖
′ + 𝑏) = 𝑠𝑔𝑛(𝑏 + ∑ 𝑤𝑗𝑥𝑖𝑗

𝐽
𝑗=1 )   (13) 

where w and b are often called weight and bias parameters that are determined from the training 

set. 

The sign of g determines which class a sample is assigned to: if positive class A and if 

negative class B. Any generic hyperplane (w, b) can be defined by coordinates (w, b) satisfying 

the condition  wx′ + b = 0 which divides the data space into two regions opposite in sign. If the 

two classes are separable we can define a ‘margin’ between the two classes, such that 

wx′ + b ≥ 1, c = +1 and wx′ + b ≤ −1, c = −1   (14) 

 

 The hyperplane should be equidistant from the two extreme samples in each class. For no 

error to occur, the hyperplane must satisfy the following condition for all the samples providing 

that they are perfectly linearly separable. 

𝑐𝑖(𝑤𝑥𝑖
′ + 𝑏) ≥ 1     (15) 

However, there are an infinite number of possible hyperplane (w, b) satisfying this so there 

needs to be a further rule to determine which of these hyperplanes is best. Therefore, the optimal 
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separating hyperplane is the one which has the largest margin between the most similar samples 

in each group. The samples on the margins are called support vectors (SVs). Note that this 

hyperplane now depends only on the SVs, and other samples have no influence over the 

hyperplane. The optimization task of finding the largest margin can be expressed by the structure 

error function: 

𝜑(𝑤, 𝑏, 𝛼) =
1

2
(𝑤𝑤′) − ∑ 𝛼𝑖(𝑐𝑖[𝑤𝑥𝑖

′ + 𝑏] − 1)𝑖∈𝑁𝑠𝑣
  (16) 

where 𝛼 is called a Lagrange multiplier, 𝑁𝑠𝑣 is the number of SVs for which both 𝑐𝑖(𝑤𝑥𝑖
′ + b) ≥

1 and αi > 0. 

In the context of SVMs, the value of 𝜑 has to be minimized with respect to w and b and 

maximized with respect to the Lagrange multipliers 𝛼𝑖. The minimum of 𝜑 with respect to w and 

b is given by: 

𝜕𝜑

𝜕𝑏
= 0 ⇒ ∑ 𝛼𝑖𝑐𝑖 = 0𝑖∈𝑁𝑠𝑣

     (17) 

and  

𝜕𝜑

𝜕𝑤
= 0 ⇒ 𝑤 − ∑ 𝛼𝑖𝑐𝑖𝑥𝑖 = 0𝑖∈𝑁𝑠𝑣

    (18) 

where the samples 𝑖 are formally SV. Hence: 

𝜑(𝛼) =
1

2
∑ ∑ 𝛼𝑖𝑐𝑖(𝑥𝑖𝑥𝑙

′)𝑐𝑙𝛼𝑙 − ∑ 𝛼𝑖
𝑙
𝑖∈𝑁𝑠𝑣𝑙∈𝑁𝑠𝑣𝑖∈𝑁𝑠𝑣

   (19) 

The optimization task is that of minimizing 𝜑(𝛼)with respect to 𝛼, satisfying the constraints: 

𝛼𝑖 ≥ 0 𝑎𝑛𝑑 ∑ 𝛼𝑖𝑐𝑖 = 0𝑖∈𝑁𝑠𝑣
     (20) 

Finally, the optimal 𝛼 = (𝛼1, 𝛼2, … , 𝛼𝑁𝑠𝑣
) allows determination of the weight vector w of the 

optimal separating hyperplane: 

𝑤 = ∑ 𝛼𝑖𝑐𝑖𝑥𝑖𝑖∈𝑁𝑠𝑣
      (21) 
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while the offset b can be calculated from any pair of samples of opposite classes satisfying the 

conditions that their values of 𝛼 are greater than 0. 

It can be seen that SVM is rather too complex for the case with low dimension and the 

classes are nearly or completely linearly separable, for which other methods could satisfy. SVM 

shows its appeal when the classes are not linearly separable. SVM adds an extra step into the 

procedure described above in which the samples are projected on a new higher dimensional 

space by means of a feature function  ϕ(x) . The back projection of the optimal separating 

boundary (in the form of a hyperplane) from this new feature space to the original variable space 

will then result in a non-linear boundary of given complexity that better suits the distribution in 

the original variable space. 

The boundary is found by reformulating the optimization task (Equation 19): 

𝜑(𝛼) =
1

2
∑ ∑ 𝛼𝑖𝑐𝑖〈𝜙(𝑥𝑖), 𝜙(𝑥𝑙)〉𝑐𝑙𝛼𝑙 − ∑ 𝛼𝑖

𝑙
𝑖∈𝑁𝑠𝑣𝑙∈𝑁𝑠𝑣𝑖∈𝑁𝑠𝑣

  (22) 

 

where 〈𝜙(𝑥𝑖), 𝜙(𝑥𝑙)〉 is the scalar product of the respective feature functions. 

An important concept in SVMs is that there exist kernel functions K in the original variable 

space that corresponds to the dot product of functions in the new feature space: 

𝐾(𝑥𝑖, 𝑥𝑙) =  〈𝜙(𝑥𝑖), 𝜙(𝑥𝑙)〉     (23) 

By using kernel function 𝐾(𝑥𝑖 , 𝑥𝑙) rather than feature function 𝜙(𝑥), it is possible to solve 

the optimization task without creating the feature space but working only in the original data 

space. This is known as the “kernel trick” and makes SVM effective in solving complex tasks. 

Some of the most common kernels are: Linear function, Radial basis function (RBF), Polynomial 
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function (PF), and Sigmoidal function (SF). In practice, which type of kernel function to used is 

controlled by the hyperparameter kernel. 

Because the kernel trick allows SVM to define complex boundaries and it is possible to 

define almost any boundary around training set samples even if there is no particular 

significance, there is a risk of overfitting by creating a perfect but over-complicated boundary 

with no real predictive power. Therefore, in practice, the design of SVM involves the setting of a 

value call C. High C values means that SVM is set to hard margin in which the optimal boundary 

must be found that exactly separates the classes with the maximum possible margin between 

classes. Low C values means that SVM is set to soft margin in which a degree of 

misclassification is tolerated so that the classification error against the complexity of the model is 

balanced. In addition to the hyperparameter C, there is a hyperparameter called gamma which 

defines how far the influence of a single training point reaches. A high value of gamma gives 

low variance and high bias and vice versa for low gamma. The different combinations of values 

of C and gamma also have different influence on the performance of SVM. Therefore, in 

addition to select the suitable kernel function, it is important to find and select appropriate values 

of C and gamma to achieve the optimal performance of SVM. More information on the tuning of 

these hyperparameters will be described in section 3.4.4. 

2.2.5.2 For Regression 

Support Vector Regression (SVR) [60, 61] is an extension of SVM for regression. For simple 

linear regression, the aim is to form a model between x and y: 

�̂� = 𝑏 + 𝑤𝑥      (24) 

where ŷ (glucose concentration) is predicted from x (spectral intensity). 
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The linear model between two variables is similar to the boundary between two groups in 

SVM; however, the aim here is to enclose all samples within the margin. For that, a new 

hyperparameter  𝜀 , which is the error tolerance, is defined. In order to enclose all samples 

between the margins, there will be a maximum value and a minimum value of 𝜀. For different 

value of 𝜀, there will be several different possible straight lines. Samples on the margin are SVs 

that define the margin, and those outside are analoguous to bounded SVs. Samples between the 

margins are not SVs. The number of SVs will limit the number of possible margins. The task 

now is to minimize: 

𝜑(𝑤, 𝑏, 𝜉) =
1

2
(𝑤𝑤′) + 𝐶 ∑ 𝜉𝑖𝑖∈𝑁𝑠𝑣

    (25) 

Where 𝜉𝑖 is the slack variable for sample 𝑖 which defines the distance from sample to the 

margin; C is a penalty error, which is similar to C in SVM, that determines how important it is to 

ensure all variables are within the margin. 

Similar to SVM, when the relationship is no longer linear, it is necessary to use a kernel 

function. There is also a hyperparameter gamma that needs to be tuned. It is important to find the 

combination of  𝜀 , C and gamma that gives the lowest prediction error. More information 

regarding the tuning and optimization process can be found in section 3.4.4. 
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3 Chapter 3 Hyperparameter Tuning & 

Model Validation 

As mentioned, chapter 2 provides information regarding the important hyperparameters of 

each utilized technique. These hyperparameters need to be selected carefully as different values 

of each hyperparameter would lead to different performance of the model. Furthermore, the 

combination of these hyperparameters also has significant effects on the end results. Chapter 3 

will focus on strategies to tune these hyperparameters and find the best combination for 

optimized results. Chapter 3 also covers the techniques and metrics used to assess the 

effectiveness of each combination of values of the hyperparameters as well as the final prediction 

ability of the model. In addition, chapter 3 will discuss further the hyperparameters of each 

technique; the possible values for each hyperparameter. 

3.1 Evaluation Metrics 

In order to decide which value of a hyperparameter would lead to an enhanced model, we 

need to a scoring metric to use as a basis for comparison. For classification approach, the 

following metrics were used: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
  (26) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
   (27) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
    (28) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
    (29) 
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Accuracy is an evaluation metric that allows us to measure the total number of predictions a 

model gets right. However, a high accuracy by itself does not guarantee a good model, especially 

with unbalanced dataset accuracy.  For example, we want to predict whether 30 patients have 

diabetes or not by using a noninvasive glucose monitoring meter. If most of the patients actually 

do not have diabetes and the model predicts negative every time, then we will achieve high 

accuracy. However, in real practice, where the numbers of patient with and without diabetes are 

the same, then the model in this example will not be able to recognize patients with the disease. 

In other words, the high accuracy alone in this case is not reliable. Therefore, there is a need for 

other metrics. 

Precision evaluates how precise a model is in predicting positive labels. In other words, 

precision shows out of those predicted positive, how many of them are actually positive. 

Precision is a good evaluation metric to use when the cost of a false positive is high. 

Recall calculates the percentage of actual positive labels a model correctly identified. Recall 

is recommended when the cost of false negative is high. 

In this study, since the utilized datasets are balanced and the training and testing sets are split 

so that every set should include data points from all the classes, therefore, it is safe to use 

accuracy as a metric for evaluating the regression process of proposed model. However, when 

evaluating the final prediction ability, other metrics must be used together with accuracy. Since 

both the costs of false positive and false negative are high, both precision and recall should be 

examined. Considering the previous example, there would be bad consequences if a patient was 

predicted with diabetes when they are healthy or if a patient was predicted healthy when they 

actually have diabetes. F1 score is a metric to used when a balance between precision and recall 

are needed. Therefore, in this study, F1 score would be used as scoring metrics together with 
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accuracy for evaluating the performance of proposed models as well as tuning and selecting the 

hyperparameters when following the classification approach. 

For regression approach, we will follow the literature and use the following metrics: 

• Standard error of cross-validation (SECV) 

• Standard error of prediction (SEP) 

Both metrics are calculated as the Root mean square error. SECV is based on an iterative 

algorithm that selects samples from a sample set population to develop the regression model and 

then predicts on the remaining unselected samples. It can be said that SECV is an estimate of the 

SEP. SECV will be computed for several different combination of hyperparameter values, the 

one with the lowest SECV will be selected as the best regression model. SEP allows for 

comparison between predicted values and the actual or web laboratory values. 

3.2 Validation Techniques 

In the previous section, we have decided on the scoring metrics that can be used to judge the 

performance of our model. However, we still need to have a strategy that produces and uses the 

metrics to decide the best hyperparameter values for the models. There are several options that 

can be chosen. 

The first option is to randomly split the complete dataset intro training and testing sets. It is 

advised against testing and training on the same dataset since there is a risk of overfitting since 

the model has already memorized the dataset. Ideally, a model should be tested using an entirely 

different dataset. However, in real life, accessing to additional dataset can be difficult due to 

limited resources. This problem is solved by splitting the original dataset into subsets called 
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training set and testing set. This is commonly done in a ratio of 80/20 for training and testing 

respectively. Nevertheless, because a testing set is used several times for evaluating different 

settings of the hyperparameters, the risk of overfitting on the test set still remains. 

The second option is to split a whole dataset into three subsets: training, validation, and 

testing. Training proceeds on the training set, after which evaluation is done on the validation set, 

and when the experiment seems to be successful, final evaluation can be done on the test set. 

However, by partitioning the available data into three sets, we drastically reduce the number of 

samples which can be used for learning the model, and the results can depend on a particular 

random choice for the pair of (train, validation) sets. In other words, there is not enough input 

information or information is incomplete for the model to learn to come up with a complete 

answer.  

The third option is to use a technique called Cross-validation (CV). Firstly, the whole dataset 

is split into training and testing sets using technique of option 1. Then, the training set is split 

into k folds (smaller set). The following procedure is followed for each of the k folds: 

• Train the model using k−1 folds (e.g. k = 5); 

• Validate the model using the remaining kth fold. 

• Repeat until every k fold serves as the test set. 

The average scoring metrics will be the performance metric for the model. The setting of 

hyperparameters that produces the best scoring metric will be selected. 
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Figure 3-1. Illustration of cross-validation technique. [50] 

This study utilized the third option which included the first option. However, because of a 

high number of hyperparameter values that needed to be tested, there is still a chance of error or 

instability due to a particular partitioning. Therefore, an extra technique called nested cross-

validation (Nested CV) was implemented to estimate the generalization error of the developing 

models and their stability. Nested CV technique is illustrated in Figure 3-2. The technique 

consists of two loops: inner loop CV and outer loop CV. The inner loop is just a basic CV 

technique, as described in option three, which is responsible for model selection/hyperparameter 

tuning. The outer loop is another CV technique responsible for error estimation. For example, a 

dataset is split into training and testing set. Then: 

• The training set is divided into 5 folds. 
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• 1 fold is hold as outer validation set for outer loop; the remaining 4 folds are used 

in the inner loop. 

• 3 folds of the 4 inner folds are used as an inner training set for a model 

with a specific hyperparameter setting 

• Remaining 1 fold of the 4 inner folds is used as an inner validation set to 

validate the performance of the model 

• Repeat until every inner fold serves as the inner validation set 

• After all combinations of models are validated, the best-performing model 

is selected. 

• Train the model again using all 4 inner folds. 

• Validate the selected model from the inner loop using the reserve outer fold. 

• Repeat the whole process again until every fold serves as outer validation set. 

Note that nested CV does not make the hyperparameter optimization any more successful but 

to provide an honest estimate of the performance that can be achieved with that particular 

optimization strategy. In other words, nested CV helps to determine when a model’s 

performance happens to be overoptimistic but does not improve this performance. 
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Figure 3-2. Illustration of nested cross-validation technique. 

Another important issue to consider is that when dividing training set into different folds, we 

need to ensure that the same group is not represented in both testing and training sets. Because 

each glucose sample was measured several times, there is a risk that the model would learn from 

highly sample specific features and could fail to generalize to new subjects. 

In this study, both the inner loop and outer loops of the nested CV were set to 5-fold for C0 

and 10-fold for C1. 
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3.3 Brute Force Hyperparameter Search 

After obtaining the metrics and techniques to validate each setting or combination of 

hyperparameters to build the optimized model, we need a tool to pass values of the 

hyperparameters to the validation technique. This study utilized a function from scikit-learn 

library called GridSearchCV that used brute force to exhaustively examine all hyperparameter 

values combination. 

Normally, since not only SVM but other techniques have several hyperparameters that need 

to be tuned, the searching process needs to be repeated many times. This is not only inconvenient 

but also cause overfitting due to the fact that the dataset has to be fit, or read, repeatedly. 

Information regarding the dataset might leak from the previous steps. Therefore, as a solution, a 

technique called pipeline was deployed. The purpose of the pipeline is to assemble several steps 

that can be cross-validated together with different hyperparameter values. Another advantage of 

pipeline technique is that it allows a more organized coding structure. 

In summary, the GridSearchCV technique would consists of the following elements: 

• An estimator: a pipeline contains all other techniques, including the a classifier 

such as SVM or KNN 

• An parameter space: a grid, or set, contains every parameter values that needed to 

be tested 

• A cross-validation scheme: a number of k fold 

• A scoring function: a function that decide the metric to evaluate the performance 

of each value or a combination of values of different hyperparameters 
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3.4 Hyperparameters Settings 

3.4.1 Filter methods 

As mentioned in section 2.2.4.1.1, the focus of filter methods is on the two techniques MI 

and SKB. MI technique has two function variations that are mutual_info_classif and 

mutual_info_regression. The first variation was used when developing models following the 

classification approach while the second variation was used when developing models 

following the regression approach. In other words, when glucose concentration is considered 

to be discrete, the first variation is used; when glucose concentration is considered to be 

continuous, the second variation is used. Each MI function variation has MI two important 

hyperparameters: discrete_features and n_neighbor. The discrete_features was set to False 

when developing models that considered spectral wavelengths to be continuous and set to 

True when developing models that considered spectral wavelengths to be discrete. This 

setting of discrete_features is important because treating a continuous variable as discrete 

and vice versa will usually give incorrect results. Since spectral wavelength can be 

appropriate for both cases, it is necessary to investigate the effect of both scenarios. The 

hyperparameter n_neighbor decides the number of neighbors to use for MI estimation. The 

higher values reduce would reduce variance of the estimation but could introduce a bias. 

Therefore, the GridSearchCV technique was used to test the performance of MI technique 

with increasing values of n_neighbor from 3, 7, 15, 21, 27, and 31.  

SKB technique uses the output of MI technique to decide which features have the most 

relevant information to keep and remove the remaining. The number of features to keep is 

controlled by the hyperparameter k. Since MI between two random variables is a non-
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negative value that measures the dependency between the variable and higher values mean 

higher dependency, in order to find a number k, we would cut off any features that has: 

• Option 1: MI < 1 

• Option 2: MI < 0.8 

The survived features would be then counted and passed as a value of the hyperparameter k. 

The summary of values for the hyperparameters discrete_features, n_neighbor, k is shown in 

Table 3-1. 

3.4.2 Wrapper Methods 

SFFS is a kind of greedy search algorithms that reduces an initial d-dimensional feature 

space to a k-dimensional feature subspace where k < d and chooses a subset of feature that is 

most relevant. The pseudo code for SFFS is outlined as follow [62, 63]: 

Input: the set of all features, Y = {y1, y2, … , yd} 

• The SFFS algorithm takes the whole feature set as input, if our feature space consists 

of, e.g. 100 then dimensions (d = 100). 

Output: a subset of features, Xk = {xj|j = 1,2, … , k; xj  ∈ Y}, where k = (0,1,2, … , d) 

• The returned output of the algorithm is a subset of the feature space of a specified 

size. For instance, a subset of 55 features from a 100-dimensional feature space (k = 

55, d = 100). 

Initialization: X0 = ∅, k = 0 

• We initialize the algorithm with an empty set ("null set") so that the 𝑘 = 0 (where k is 

the size of the subset) 
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Step 1 (Inclusion): 

  x+ = argmax J(xk + x), where x ∈ Y − Xk 

 Xk+1 = Xk + x+ 

 k = k + 1  

     Go to Step 2 

Step 2 (Conditional Exclusion): 

 x− = argmax J(xk − x), where x ∈ Xk 

 if J(xk − x) > J(xk − x): 

 Xk−1 = Xk − x− 

 k = k − 1  

      Go to Step 1 

• In step 1, we include the feature from the feature space that leads to the best 

performance increase for our feature subset (assessed by the criterion function). Then, 

we go over to step 2 

• In step 2, we only remove a feature if the resulting subset would gain an increase in 

performance. If k = 2  or an improvement cannot be made (i.e., such 

feature x+ cannot be found), go back to step 1; else, repeat this step. 

• Steps 1 and 2 are repeated until the Termination criterion is reached. 

Termination:* stop when k*** equals the number of desired features 

In real practice, the numbers of features to be selected are determined by the hyperparameter 

k_features. We can pass a tuple which contains two numbers to k_features so that SFFS will 
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return any feature combination between the two numbers that scored highest in cross-validation 

using the scoring function KNN. In this study, k_features was set to (1, k), where k is: 

• Option 1: 158 (the total number of features) when only wrapper method is utilized 

• Option 2: the output number of features of SKB of filter method. 

In addition, since SFFS use KNN as a scoring function, the hyperparameter n_neighbor of 

KNN also needs to be tuned using GridSearchCV technique. Similar to the hyperparameter 

n_neighbor of MI techniques, the higher values reduce would reduce variance of the estimation 

but could introduce a bias. Therefore, a set of values from 3 to 30 were tested. 

The summary of values for the hyperparameters k_features, n_neighbor is shown in Table 3-

1. 

3.4.3 PCA 

As mentioned in section 2.2.4.2, PCA reduces the dimensional space by extracting the 

essential information known as principal components (eigenvectors), sorting them in decreasing 

order, then keeping the desire percentage while eliminating the rest. To choose the amount of 

information to be retained, the hyperparameter n_components needs to be set to a specific value, 

e.g. n_components = 0.90 means that 90% of the information will be retained. However, in real 

practice, it would be difficult to determine a sufficient percentage of information to keep; 

therefore, a set of values, i.e. 0.95, 0.93. 0.90, 0.88, were passed to the search technique for trial. 
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3.4.4 Support Vector Machine 

As mentioned in section 2.2.5, both SVM and SVR need to tune the following 

hyperparameters: kernel, C, gamma, SVR, in addition, have an extra hyperparameter epsilon to 

be tuned.  

The hyperparameter kernel determines the kernel function to be used. For this study, two 

kernel functions were tested: 

• linear: 〈𝑥, 𝑥′〉 . 

• rbf: exp (−𝛾‖𝑥 − 𝑥′‖2). Where 𝛾 > 0, and 𝛾 is specified by keyword 

gamma. 

The hyperparameter C determines the regularization or hard and soft margin for SVM, the 

penalty error for SVR. The values of C to be tested were: 0.1, 1, 10, 100, and 1000. 

The hyperparameter gamma defines how far the influence of a single training point reaches. 

The values of gamma to be tested were: 0.0001, 0.0005, 0.001, 0.01, 0.1, and 1. 

The hyperparameter epsilon defines the maximum error within which no penalty is 

associated in the training loss function with points predicted within a distance epsilon from the 

actual value. The values of epsilon to be tested were: 0.01, 0.1, 0.5, 1, 2, and 5. 
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Table 3-1. Summary of all settings of hyperparameter 

Technique Hyperparameter Value 

Nested CV 

inner_cv_C0 

outer_cv_C0 

inner_cv_C1 

outer_cv_C1 

5 

5 

10 

10 

MI 
discrete_features 

n_neighbor 

True, False 

3, 7, 15, 21, 27, 31 

SKB k 
number of features with MI>1, 

number of features with MI >0.8 

SFFS 
KNN_n_neighbor 

k_features 

range(3, 30) 

(1, SKB_k) 

PCA n_components 0.95, 0.93. 0.90, 0.88 

SVM 

kernel 

C 

gamma 

 

‘linear’, ‘RBF’ 

0.1, 1, 10, 100, 1000 

0.0001, 0.0005, 0.001, 0.01, 0.1, 

and 1 

SVR 

kernel 

C 

gamma 

 

epsilon 

‘linear’, ‘RBF’ 

0.1, 1, 10, 100, 1000 

0.0001, 0.0005, 0.001, 0.01, 0.1, 

and 1 

0.01, 0.1, 0.5, 1, 2, and 5 
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4 Chapter 4  Experimental Design 

This study covers the designs of experiments based on the general system model to evaluate 

the effectiveness each proposed step and techniques. The first section describes the overview of 

the experimental designs. The remaining sections describes in detail each of the experiments and 

their purposes. 

4.1 Overview of the Experimental Design 

There are in total four experiments labeled as: model 1, model 2, model 3, and model 4. 

Models from 1 to 3 are conducted on both datasets C0 and C1 while model 4 is conducted only 

on dataset C1. The models are designed so that their complexity increases from 1 to 4. The 

purpose of the design is to evaluate the effectiveness of each added step or combination of 

techniques on the calibration and the final performance. Models 3 and 4 are compared directly to 

each other to evaluate the efficacy of dimensional reduction techniques in finding the most 

informative wavelengths for noninvasive glucose monitoring. For each model, both the 

classification and regression approaches were investigated by applying SVM and SVR 

respectively. 

Table 4-1. Summary of the two datasets 

Datasets Number of Features Number of Classes 
Number of 

Observations 

C0 158 10 100 

C1 158 10 1000 
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4.2 Model 1 

Model 1 has a rather simple structure which includes just four main techniques: 

StandardScaler, train_test_split, PCA, SVM/SVR. In this model, pipeline technique, search 

technique, and CV or nested CV were not applied. The simple technique train_test_split was 

used in place of CV technique too as a validation technique helps to prevent information leakage. 

The ratio for training and testing was 6/4 in [27]; however, it was not standard and preserving too 

many observations for testing could lead to inefficient training process.  Therefore, in addition to 

6/4 ratio, an 8/2 ratio was also tested. Because there no search technique was applied, all of the 

hyperparameters were set to default, which is the same as in [27]. The whole process was 

repeated 30 times to verify the model’s stability. Table 4-2 summaries all values of the 

hyperparameters of model 1. Figure 4.1 illustrates the workflow of model 1. 

The purpose of model 1 is two folds:  

1. To verify the two datasets C0 and C1 by comparing the result to reference [27];  

2. To serve as a reference to check the effectiveness of proposed methods, such as pipeline, 

GridSearchCV, MI, SKB, SFFS, etc. in other models. 

Model 1 has many limitations: 

• It only uses the simplest technique to split dataset for training and evaluation. The 

simplicity nature of this technique can still result in information leakage and biased 

model. 

• It does not consider whether data points are linearly or nonlinearly separable. The 

parameter-sensitive SVM technique is not tuned neither. 



68 

 

• It uses the whole datasets which might contain irrelevant features or noises, which 

reduce the performance of the classifier. 

Table 4-2. Summary of all settings of hyperparameter for model 1 

Technique Parameters Values 

Train_test_split test_size, train_size Option 1: 0.6 and 0.4 

Option 2: 0.8 and 0.2 

PCA n_components 0.95 

SVM kernel 

C 

gamma 

‘linear’ 

1 

‘scale’ 

SVR kernel 

C 

gamma 

epsilon 

‘linear’ 

1 

‘scale’ 

0.1 
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Figure 4-1. Block diagram of Model 1. 

4.3 Model 2 

Model 2 is an upgrade of model 1 in which pipeline and search techniques are applied. The 

datasets were also split into a training set and a testing set with ratio 8/2 respectively. In addition 

to train_test_split technique, cross-validation was also utilized. The hyperparameters of PCA 

and SVM/SVR were tuned using values in Table 3-1. For dataset C0, due to small number of 

observations, 5 fold CV was used. For dataset C1, 10 fold CV was used. Techniques of feature 

selection method were not utilized in this model. Figure 4.2 illustrates the workflow of model 2. 

The purpose of model 2 is to evaluate the effectiveness of pipeline and searching techniques as 

well as the cross-validation technique. 
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Figure 4-2. Block diagram of model 2 

4.4 Model 3 

In model 3, feature selection method was applied in addition to other methods in model 2. 

However, only SFFS technique of wrapper method was utilized. Additionally, model 3 utilized 

nested cross-validation technique to validate the hyperparameters. The hyperparameter tuning 

process used values summarized in Table 3-1. A tuple of (1, 158) was passed into the k_features 

parameter which means that the technique would try to find the best combination of features with 

the number of features in the range of 1 and 158. The smallest subset consists of 1 feature and 

the largest subset consists of 158 features. The output of the SFFS is the reduced number of 
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wavelengths. The whole procedure is repeated 30 times. The final evaluation score is averaged. 

Model 3 is illustrated by Figure 4.3. 

The purpose of model 3 is to evaluate the infectiveness of the SFFS technique of wrapper 

method of feature selection in term of performance, speed as well as the ability to automatically 

select features (wavelengths). 

 

Figure 4-3. Block diagram of model 3 
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4.5 Model 4 

Model 4 is the full model that consists of all proposed techniques: StandardScaler, MI, SKB, 

SFFS, PCA, SVM, pipeline, Grid Search, and nested cross-validation. The MI and SKB 

techniques of filter method of feature selection were added before SFFS in attempt to increase 

the speed of SFFS and the whole process. The hyperparameter tuning process used values 

summarized in Table 3-1. A tuple of (1, k) was passed into the k_features hyperparameter with k 

is the number of survived features after applying MI and SKB. 

 

Figure 4-4. Block diagram of model 4  
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5  Chapter 5  Results and Discussion 

All models and their related experiments in chapter 4 were designed and conducted with the 

aim to complete each and every objective stated in section 1.4. Therefore, in chapter 5, results 

will be presented so that they can be explicitly connected to each objective and key conclusions 

can be made. Please note that objective 1 was achieved by following the development process in 

section 2.2.2 and its results will be assessed later after analyzing the outcomes of all other 

objectives. Similarly, objective 2 can only be achieved and assessed after completing all other 

objectives. Therefore, this chapter will start by presenting results opted for objective 3. 

5.1 Results of Experiments for Objective 3 

In order to complete objective 3 which is the investigation on the effectiveness of SVM 

techniques, model 1 was analyzed using both classification and regression approaches. 

5.1.1 Results of Classification Approach for Model 1 

Table 5-1 shows the testing accuracy and f1 score of model 1 using two datasets C0 and C1. 

The values in this table were obtained using classification approach. For each of the dataset, the 

training and testing sets were split using two ratios 6/4 and 8/2, i.e. the majority of the data were 

used for training. 
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Table 5-1. Evaluation results of model 1 using classification approach 

Dataset Model Note 

Average 

non-nested 

CV 

Accuracy 

(%) 

Average 

nested CV 

Accuracy 

(%) 

Testing 

Accuracy 

(%) 

Testing 

F1_score 

(%) 

C0 
1 train_test_split=6/4 N/A N/A 71.41 71.23 

1 train_test_split=8/2 N/A N/A 78.67 78.01 

C1 
1 train_test_split=6/4 N/A N/A 84.71 84.77 

1 train_test_split=8/2 N/A N/A 85.17 85.22 

 

5.1.2 Results of Regression Approach for Model 1 

Table 5-1 shows the testing accuracy and f1 score of model 1 using two datasets C0 and C1. 

The values in this table were obtained using classification approach. For each of the dataset, the 

training and testing sets were split using two ratios 6/4 and 8/2, i.e. the majority of the data were 

used for training. 

Table 5-2. Evaluation results of model 1 using regression approach 

Dataset Model Note 

Non-nested 

SECV 

(mg/dl) 

Nested 

SECV 

(mg/dl) 

SEP 

(mg/dl) 

C0 
1 train_test_split=6/4 N/A N/A 94.12 

1 train_test_split=8/2 N/A N/A 93.03 

C1 
1 train_test_split=6/4 N/A N/A 79.18 

1 train_test_split=8/2 N/A N/A 78.68 
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5.1.3 Discussion on Objective 3 and Model 1 

As stated in section 4.2, model 1 is a very simple model consists of only SVM technique and 

other necessary initial processing steps. Therefore, the effectiveness of model 1 can be used to 

assess the effectiveness of SVM technique. By comparing the values of testing accuracy, testing 

f1 score in Table 5-1 and SEP in Table 5-2 with values of the same metrics in Table 1-2, it can 

be seen that SVM technique produced worst results than PLSR technique in most of other 

papers. This is expected because, as stated in section 2.1, SVM often requires prior variable 

reduction step(s) and hyperparameters tuning process to be effective. 

The fact that increasing the number of observations while keeping the same number of 

feature increased the accuracy, f1 score, and decrease SEP further implies that adding 

dimensionality reduction steps may play a crucial role in enhancing the performance of the 

system. In addition, simply changing the ratio of training and testing sets also increased the 

scores slightly. This can be inferred that more advanced techniques to control the use of 

information would be highly useful for improving the system too. 

It can be concluded by now that using SVM technique alone would not produce adequate 

results. The results were the same for both classification and regression approaches. This might 

indicate that there is a consistency in both approaches. However, there are hints that adding extra 

steps or techniques into the system might lead to better results. This will be confirmed by 

completing other objectives and reviewing their results in later sections. 
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5.2 Results of Experiments for Objective 4 

Objective 4 is to investigate the effectiveness and limit of the proposed techniques for 

dimensionality reduction to improve performance and extract informative wavelengths which 

was conducted by analyzing model 3 and 4. Firstly, the ability of reducing dimensionality or 

extracting informative wavelengths of each wrapper methods, filter methods, or the combination 

of both will be presented and reviewed. Note that each method type was conducted using both 

classification and regression approaches. Next, the actual end-performance of each model will be 

assessed and discussed. 

5.2.1 Results of the Dimensionality Reduction Methods 

5.2.1.1 Wrapper Methods 

Table 5-3 and Table 5-4 show the top 3 optimal subsets together with their number of 

features and validation score as outputs of SFFS technique for each of the dataset. For 

classification approach (shown in Table 5-3), the SFFS technique used accuracy as the scoring 

metric. For regression approach (shown in Table 5-4), the SFFS technique used root mean square 

error (RMSE) as the scoring metric. 
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Table 5-3. The top 3 optimal subsets as output of SFFS technique for both datasets C0 and C1 

for classification approach 

Dataset 
Feature subset 

ranking 
Number of features 

Selected subset average 

CV accuracy (%) 

C0 

Top 1 55 93 

Top 2 99 93 

Top 3 56 92 

C1 

Top 1 66 90.1 

Top 2 54 90 

Top 3 65 90 

 

Table 5-4. The top 3 optimal subsets as output of SFFS technique for both datasets C0 and C1 

for regression approach 

Dataset 
Feature subset 

ranking 
Number of features 

Selected subset average 

CV RMSE (mg/dl) 

C0 

Top 1 10 94.97 

Top 2 15 95.87 

Top 3 21 95.96 

C1 

Top 1 20 105.63 

Top 2 11 105.67 

Top 3 12 105.92 

 

5.2.1.2  Filter Methods 

For filter methods, the independent variable (wavelengths or features) was considered to be 

either discrete or continuous; the target variable (glucose concentration) was also considered to 

be either different classes (classification) or continuous values (regression). 
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Filter methods from both Table 5-5 and Table 5-6 followed classification approach. Table 5-

5 and Table 5-6 shows the performance assessments of each subset created from dataset C1 by 

filter methods when the hyperparameter n_neighbors set to 3, 7, 15, 21, 27, and 31. In Table 5-5, 

the features (wavelengths) were considered to be continuous (discrete_features=False) and 

setting the threshold to be MI>1. In Table 5-6, the features (wavelengths) were considered to be 

discrete (discrete_features=True). When the features are considered discrete, the MI of each 

feature is very high (>2) and is similar to each other. They can only be divided into 3 groups as 

shown in Table 5-6. The value k in these cases represents the reduce number of features. 

Filter methods from Table 5-7 followed regression approach. Table 5-7 also shows the 

performance assessments of each subset created from dataset C1 when the hyperparameter 

n_neighbors set to 3, 7, 15, 21, 27, and 31 with the threshold MI>1. Note that the filter 

algorithms raise errors when considering the target variable (glucose concentration) to be 

continuous but the independent variable (wavelengths or features) to be discrete. Therefore, only 

experiments those consider both the target and independent variables to be continuous were 

conducted and reported. The value k in these cases represents the reduce number of features. 

Table 5-5. Evaluation results of filter methods (Classification, discrete_features=False, MI>1) 

n_neighbor k 
Average non-nested 

CV accuracy (%) 

Average nested CV 

accuracy (%) 

Testing 

Accuracy (%) 

Testing 

F1_Score 

(%) 

3 49 88 87.25 87.5 87.44 

7 52 88.62 88.12 87.5 87.49 

15 52 89 88.37 88.5 88.47 

21 54 88.38 87.38 86.5 86.6 

27 55 88.44 87.75 89 89.05 

31 55 88.44 87.75 89 89.05 
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Table 5-6. Evaluation results of filter methods (Classification, discrete_features=True) 

MI k 
Average non-nested 

CV Accuracy (%) 

Average nested CV 

Accuracy (%) 

Testing 

Accuracy (%) 

Testing 

F1_Score 

(%) 

>2 158 88.13 87.56 85.5 85.4 

>2.301 133 87.81 87.31 86.5 86.63 

>2.302 87 88.25 87.87 89.5 89.47 

 

Table 5-7. Evaluation results of filter methods (Regression, discrete Feature=False, MI>1) 

n_neighbor k 
Average non-nested SECV 

(mg/dl) 

Average nested SECV 

(mg/dl) 

SEP 

(mg/dl) 

3 49 61.37 61.57 55.21 

7 50 61.55 61.97 56.34 

15 47 62.73 63.02 57.27 

21 45 62.92 62.99 56.94 

27 42 65.60 65.77 60.67 

31 39 69.65 69.66 66.27 

 

5.2.1.3 Combination of filter and wrapper methods 

Table 5-8 and Table 5-9 show the top 3 optimal subsets together with their number of 

features and validation score as outputs of the combination of all proposed wrapper and filter 

methods for dataset C1. Because these experiments applied the combination of all proposed 

dimensionality reduction methods, the features were also considered to be either discrete or 

continuous. Methods from Table 5-8 used classification approach while methods from Table 5-9 

used regression approach. 
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Table 5-8. The top 3 optimal subsets as output of the combination of both filter and wrapper 

methods for dataset C1 for classification approach 

Discrete Feature 
Feature subset 

ranking 
Number of features 

Selected subset average 

CV accuracy (%) 

False 

Top 1 27 86.1 

Top 2 38 86 

Top 3 23 85.7 

True 

Top 1 43 89.2 

Top 2 45 89.2 

Top 3 44 89.2 

 

Table 5-9. The top 3 optimal subsets as output of the combination of both filter and wrapper 

method for both datasets C1 for regression approach 

Discrete Feature 
Feature subset 

ranking 
Number of features 

Selected subset average 

CV RMSE (mg/dl) 

False 

Top 1 20 105.62 

Top 2 11 105.67 

Top 3 12 105.92 

 

5.2.1.4 Discussion on the effectiveness and reliability of dimensionality 

reduction methods 

By reviewing the results of Table 5-3, it can be seen that wrapper method (SFFS) alone did a 

good job to reduce the number of features from 158 features to 55 (down by ~65%) for dataset 

C0 and to 66 (down by ~58%) for dataset C1 when using classification approach. These numbers 

came with a high CV accuracy of 93% and 90.1% for dataset C0 and C1 respectively. The high 
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accuracy score indicates that the results are reliable and should be utilized further for the 

assessment of SVM techniques. 

Table 5-4 shows that wrapper method alone managed to reduce the number of features even 

more when used regression approach. For dataset C0, the number of features was reduced from 

158 features to 10 features (down by ~93%). For dataset C1, the number of features was reduced 

from 158 features to 20 features (down by ~87%). However, their RMSE(s) were relatively high, 

94.97 mg/dl and 105.63 mg/dl. This means there is a risk of decreasing the final testing scores 

when utilizing this top subset for latter processes. Nevertheless, the ability to greatly reduce the 

dimensionality implies that it might be worth to trade-off some of the accurate performance to 

extract informative wavelengths for future applications. 

By reviewing the three Table 5-5, 5-6, and 5-7, it can be seen that filter methods can be used 

alone and be able to produce acceptable results with both classification and regression 

approaches and both assumptions on the continuity of features. However, with the use of 

classification approach and the assumption of continuous features, filter methods can only reduce 

a smaller number of features compared to other options, from 158 features to 88 features 

compared to 55 features and 49 features of the others’. The advantage of using only filter 

methods is that they are very fast comparing to wrapper methods or to the combination of both 

filter and wrapper methods while still being able to produced fairly good accurate performance. 

Details on the processing time of all proposed methods and steps can be found later in section 

5.4. 

Table 5-8 shows that the combination of wrapper and filter methods produced better results 

when using classification approach with the assumption of discrete features. When using those 

conditions, the combination method also produced better CV accuracy than that produced by 
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using only filter methods, i.e. 89.2% compared to 89.05%. The combination method also 

managed to reduce more features, from 158 features to 43 features. When using regression 

approach with the assumption of continuous features, the combination method can also create a 

smaller subset of features than filter methods. However, the combination method produced a 

higher RMSE than filter methods. This might be because the wrapper methods alone already 

produce a relatively high RMSE. 

5.2.2 Results of Model 3 and 4 

5.2.2.1 Results of Classification Approach for Model 3 and 4 

Table 5-10 shows summary of the performance evaluation of all proposed models on the two 

datasets C0 and C1 using classification approach. The metrics are average non-nested CV 

accuracy and average nested CV accuracy (use for assessing the training phase); testing accuracy 

and testing f1 score (use for assessing the testing phase). Note that the closer the values of nested 

and non-nested accuracy to each other, the more stable, robust the model is. The “Note” column 

shows the selected subset that was used for training, its number of features, the table that subset 

can be found, its utilized method, and its approach. 
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Table 5-10. Summary of the performance evaluation of all proposed models on the two datasets 

C0 and C1 using classification approach 

Dataset Model Note 

Average 

non-nested 

CV 

Accuracy 

(%) 

Average 

nested CV 

Accuracy 

(%) 

Testing 

Accuracy 

(%) 

Testing 

F1_score 

(%) 

C0 

1 train_test_split=6/4 N/A N/A 71.41 71.23 

1 train_test_split=8/2 N/A N/A 78.67 78.01 

2  77.75 N/A 74.83 74.53 

3 

# Feature =55 

(Table 5-3  

Wrapper-Classification) 

71.99 67.5 85 84.67 

3 

# Feature =10 

(Table 5-4 

Wrapper-Regression) 

37.41 32.92 35 35.83 
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Table 5-10. Summary of the performance evaluation of all proposed models on the two 

datasets C0 and C1 using classification approach (cont.) 

Dataset Model Note 

Average 

non-nested 

CV 

Accuracy 

(%) 

Average 

nested CV 

Accuracy 

(%) 

Testing 

Accuracy 

(%) 

Testing 

F1_score 

(%) 

C1 

1 train_test_split=6/4 N/A N/A 84.71 84.77 

1 train_test_split=8/2 N/A N/A 85.17 85.22 

2  87.37 N/A 87.17 87.21 

3 

# Feature =66 

(Table 5-3  

Wrapper-Classification) 

91.53 90.16 91 90.97 

3 

# Feature =20 

(Table 5-4 

Wrapper-Regression) 

43.33 39 30 33.79 

4 

# Feature =27 

(Table 5-8  

Combination-

Classification) 

87.07 86.4 86 85.83 

4 

# Feature =43 

(Table 5-8  

Combination-

Classification) 

87.64 86.88 88 88.02 

4 

# Feature =20 

(Table 5-8  

Combination-

Regression) 

43.33 39 30 33.79 
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5.2.2.2  Results of Regression Approach for Model 3 and 4 

Table 5-11 shows summary of the performance evaluation of all proposed models on the two 

datasets C0 and C1 using regression approach. The metrics are average non-nested CV accuracy 

and average nested CV accuracy (use for assessing the training phase); SEP (use for assessing 

the testing phase). Note that the closer the values of nested and non-nested accuracy to each 

other, the more stable, robust the model is; the lower the value of SEP, the better result obtained. 

The “Note” column shows the selected subset that was used for training, its number of features, 

the table that subset can be found, its utilized method, and its approach. 

Table 5-11. Summary of the performance evaluation of all proposed models on the two datasets 

C0 and C1 using regression approach  

Dataset Model Note 

Non-nested 

SECV 

(mg/dl) 

Nested 

SECV 

(mg/dl) 

SEP 

(mg/dl) 

C0 

1 train_test_split=6/4 N/A N/A 94.12 

1 train_test_split=8/2 N/A N/A 93.03 

2  67.51 N/A 68.91 

3 

# Feature =55 

(Table 5-3  

Wrapper-Classification) 

74.1 75.86 62.14 

3 

# Feature =10 

(Table 5-4 

Wrapper-Regression) 

80.84 83.43 83.86 
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Table 5-11. Summary of the performance evaluation of all proposed models on the two 

datasets C0 and C1 using regression approach (cont.) 

Dataset Model Note 

Non-nested 

SECV 

(mg/dl) 

Nested 

SECV 

(mg/dl) 

SEP 

(mg/dl) 

C1 

1 train_test_split=6/4 N/A N/A 79.18 

1 train_test_split=8/2 N/A N/A 78.68 

2  61.42 N/A 60.82 

3 

# Feature =66 

(Table 5-3  

Wrapper-Classification) 

45.12 45.40 39.08 

3 

# Feature =20 

(Table 5-4 

Wrapper-Regression) 

79.09 79.3 82.93 

4 

# Feature =27 

(Table 5-8  

Combination-

Classification) 

49.84 50.62 46.53 

4 

# Feature =43 

(Table 5-8  

Combination-

Classification) 

47.56 48.96 44.15 

4 

# Feature =20 

(Table 5-8  

Combination-Regression) 

79.09 79.3 82.93 

 



87 

 

5.2.3 Discussion on Objective 4 and Model 2, 3, and 4 

As described in section 4.4 and 4.5, model 3 utilized only wrapper method and model 4 

utilized both filter methods and wrapper methods. In general, it can be seen from Table 5-10 and 

Table 5-11 that the scoring metrics, which represent the performance of the model, increase 

significantly with the use of the SFFS technique. Model 3 actually achieves the best performance 

results for both classification and regression approaches. For example, considering dataset C1, 

the average non-nested accuracy is 91.53%, average nested CV is 90.16%, testing accuracy is 

91%, f1 score is 90.97% for classification approach and average non-nested SECV is 

45.12mg/dl, average nested SECV is 45.40mg/dl, and SEP is 39.08mg/dl for regression. The 

accuracy values are much higher than those of model 1 and 2 and the error values are also much 

smaller than those of model 1 and 2. 

However, it is not always the truth. Even though the assumption whether features are discrete 

or continuous does not have much influence, choosing the approach of either classification or 

regression (i.e. assuming whether glucose concentrations are discrete classes or continuous 

values) when performing SFFS technique of wrapper methods has a great effect on the accurate 

performance of the system. It can be seen from Table 5-10 and 5-11 that results of model using 

subsets created by utilizing regression approach, i.e. subsets with numbers of features 20, 10, 

have significantly lower testing accuracy, f1 score, or significantly higher SEP. However, it 

should also be noted that these subsets have very few features. It is not guaranteed that the 

similar scores can be achieved using a randomly picked features. In other words, despite its low 

scores, the features might be the informative wavelengths and might help to improve the accurate 

performance when being added to other subset of features. This should be investigated further in 

future work. 
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It can also be seen that model 4, which combines filter and wrapper methods, produce good 

scores but not as good as model 3’s. However, model 4 significantly increases the speed of the 

training pipeline. By using filter method prior to wrapper methods, a number of features had 

been already screened out which then relieve the burden for wrapper methods. The processing 

time details will be presented later when discussing about objective 2, which is about the 

development of a framework that allow optimal performance. 

After the evaluation of model 3 and 4 by comparing their results to the results of the simpler 

models, which demonstrates improvement in term of accurate performance and shows the 

effectiveness of the added proposed techniques, we need to examine how well the models 

perform compared to other works in the literature. Let us have a look at the table of summary of 

results from other studies in the literature, Table 1.2, in Chapter 1 again. 

For classification approach, it can be seen that the best result, which was obtained using 

model 3, shows significant improvement compared to the result in reference [27] with higher 

values of both accuracy and f1 score. On the other hand, the accuracy of model 3 is comparable 

to the accuracy of the work in reference [28]. However, one advantage of our study is the 

automation of the whole operation and that any random ranges of wavelength should be possible 

inputs. Informative wavelengths can be extracted automatically instead of being manually 

calculated by first the obtaining transmittance light through water then computing optical density 

like in reference [28]. In addition, the model in reference [28] does not have an evaluation 

system to achieve the accuracy but needs to be calculated manually by comparing the obtained 

values with value measured by another traditional equipment to check whether they match or 

not. Despite the aforementioned points, it is still difficult to fully compare and evaluation the two 

works because the difference in samples and data used. Therefore, besides other references, we 
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also utilize the EN ISO 15197:2015 [65] from the International Standardization Organization as 

a base to validate the model performance. It is stated that for clinical usage, the accuracy of the 

instrumentation should be at least 95%. Nevertheless, we can still conclude the accuracy below 

95% but above 90% to be acceptable and can be used as an initial screening result before any 

further examinations. 

Similar to classification approach, it is still difficult to directly compare the results due to 

differences in used samples and data even though, at first glance, it is obvious that the obtained 

results have reasonable standards error that much lower than some studies’ but higher than 

others’. The EN ISO 15197:2015 [65] can also be applied in this situation to assess the 

performance of model 3 and 4 following regression approach. It is stated that for samples with 

glucose concentration < 100mg/dl then the error should be ±15mg/dl; for samples with glucose 

concentration ≥100mg/dl then the error should be ±15% of the actual value. Therefore, for 

samples numbered 1 to 5, the obtained errors are higher than the acceptable standard; however, 

for samples numbered 6 to 10, the obtained errors are within the acceptable standard. This is 

considered to be a drawback in experimental design that complicates the assessment of the 

models performance. This drawback is also applied to other studies in the literature. Therefore, 

this conclusion might imply that a different range of concentration should be prepared for the 

samples in future works.  
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Table 1.2. Literature Summary (First occurrence in Chapter 1) 

Ref. 

Sample 

Concentration 

Range 

Spectral Range 

Model Type Metric 

Regression Classification 

Regression Classification 

SECV/SEC/r SEP Accuracy 
F1 

Score 

Malin et 

al., 1999 

[21] 

1st: 91-446mg/dl,  

2nd
: 82-294mg/dl, 

3rd: 97-171mg/dl 

1100-1380nm,  

1450-1850nm,  

2050-2375nm 

PLSR  

28.82mg/dl 

30.63mg/dl 

17.1mg/dl 

138mg/dl 

44mg/dl 

41mg/dl 

  

Jeon et 

al., 2006 

[24] 

0-1000mg/dl 

1100-1850nm,  

2200-2500nm,  

1100-2500nm 

PLSR  

33.51mg/dl 

108.04mg/dl 

69.58mg/dl 

437.54mg/dl   

Amerov 

et al., 

2004 [23] 

54-540mg/dl 
1111-1851nm,  

2000-2500nm 
PLSR  

*20.5mg/dl 

*10.09mg/dl 

21.62mg/dl 

17.3mg/dl 
  

Jun Chen 

et al., 

2004 [25] 

 
1658-1769nm,  

2192-2439nm 
PLSR  

*22.34mg/dl 

*5.58mg/dl 

20.18mg/dl 

8.11mg/dl 
  

Al-

Mbaideen 

et al., 

2010 [26] 

20-500mg/dl 2100-2400nm PCR  N/A 40mg/dl   
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Table 1.2. Literature Summary (cont.) (First occurrence in Chapter 1) 

Ref. 

Sample 

Concentration 

Range 

Spectral Range 

Model Type Metric 

Regression Classification 

Regression Classification 

SECV/SEC/r SEP Accuracy 
F1 

Score 

Habibullah 

et al., 2019 

[27] 

72-360mg/dl 1300-2600nm  SVM   77.5% 76% 

Haider et 

al., 2017 

[28] 

0-450mg/dl 500-1200nm ***CEG    
*** 

90-92% 
N/A 

Kasahara 

et al., 2018 

[29]  

 8333-10204nm  MLR  **0.36    
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By now, there are several key points that can be concluded. Firstly, both wrapper methods 

and filter methods can be used alone to extract informative wavelengths and improve the 

accurate performance of the system. Secondly, using only wrapper methods produces the best 

accuracy, f1 score or the smallest SEP. Using a combination of filter and wrapper methods 

together with classification approach and an assumption of discrete features would produce 

better accuracy, f1 score or smaller SEP than using only filter methods. Thirdly, using a 

combination of wrapper and filter methods would reduce the number of features to a smaller 

value and might create a trade-off between accurate performance and processing time. The next 

point is that the assumption whether features are discrete or continuous does not have much 

influence and it is recommended to choose classification rather than regression approach when 

performing SFFS technique of wrapper methods as it has great effect on the accurate 

performance of the system. Other point is that, even though choosing regression approach when 

performing SFFS technique lowers the scores, it can significantly reduce the number of features, 

up to 87% smaller. These features might contain much more information compared to other 

features. It can be seen that compared to certain reference, the proposed models did shown 

potential in improve the accurate performance though a complete analysis might not be possible 

to due complication in difference data. For classification, even though the accuracy is below 

critical threshold for important clinical usage, the proposed model can still be used to conduct 

initial screening. For regression, the obtained results did show improvement compared to some 

other works. When being compared to the standard, the error is acceptable for half of the datasets 

but not for the other half. 
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5.3 Results of Experiments for Objective 5 

Objective 5 is to utilize feature selection techniques for extracting informative wavelengths 

for noninvasive glucose monitoring. This objective was completed by using the dimensional 

reduction step of model 3 and model 4. This section will first present the extracted wavelengths 

using only wrapper methods and using a combination of filter and wrapper methods. For each 

scenario, both classification approach and regression approach were tested. Then it will analyze 

the obtained results and draw conclusion. 

5.3.1 Extracted Wavelengths Using Dimensional Reduction Step of Model 3 

and Model  

Table 5-12. Selected wavelengths of the top 3 optimal subsets in Table 5-3 

Dataset 

Feature 

subset 

ranking 

Selected wavelengths (nm) 

C0 

Top1 

1480, 1507, 1518, 1530, 1669, 1696, 1704, 1763, 1794, 1802, 1810, 

1835, 1843, 1869, 1877, 1886, 1895, 1904, 1913, 1950, 1959, 1978, 

1988, 1998, 2007, 2017, 2028, 2058, 2069, 2080, 2090, 2101, 2112, 

2157, 2169, 2192, 2228, 2253, 2291, 2304, 2358, 2372, 2386, 2400, 

2414, 2429, 2443, 2458, 2473, 2488, 2504, 2519, 2535, 2551, 2600 

Top 2 

1308, 1365, 1374, 1379, 1403, 1408, 1413, 1427, 1433, 1438, 1480, 

1524, 1530, 1559, 1603, 1609, 1615, 1622, 1628, 1635, 1641, 1648, 

1675, 1696, 1748, 1755, 1763, 1778, 1786, 1794, 1802, 1810, 1818, 

1826, 1835, 1843, 1860, 1869, 1877, 1886, 1895, 1904, 1913, 1922, 

1931, 1940, 1950, 1959, 1968, 1978,  1988, 1998, 2007, 2017, 2028, 

2038, 2048, 2058, 2069, 2080, 2090, 2101, 2112, 2123, 2134, 2146, 

2157, 2169, 2180, 2192, 2204, 2216, 2228, 2241, 2253, 2266, 2278, 

2291, 2304, 2318, 2331, 2344, 2372, 2386, 2400, 2414, 2429, 2443, 

2458, 2473, 2488, 2504, 2519, 2535, 2551, 2567, 2583, 2600, 2617 

Top 3 

1480, 1507, 1518, 1530, 1669, 1696, 1704, 1763, 1794, 1802, 1810, 

1835, 1843, 1869, 1877, 1886, 1895, 1904, 1913, 1950, 1959, 1978, 

1988, 1998, 2007, 2017, 2028, 2048, 2058, 2069, 2080, 2090, 2101, 

2112, 2157, 2169, 2080, 2090, 2101, 2112, 2157, 2169, 2192, 2228, 

2253, 2291, 2304, 2358, 2372, 2386, 2400, 2414, 2429, 2443, 2458, 

2473, 24888, 2504, 2519, 2535, 2551, 2600 
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Table 5-12. Selected wavelengths of the top 3 optimal subsets in Table 5-3 (cont.) 

Dataset 

Feature 

subset 

ranking 

Selected wavelengths (nm) 

C1 

Top1 

1635, 1682, 1689, 1733, 1755, 1778, 1802, 1818, 1826, 1835, 1852, 

1860, 1869, 1877, 1895, 1904, 1913, 1931, 1950, 1959, 1978, 1988, 

1998, 2017, 2028, 2038, 2048, 2058, 2069, 2080, 2090, 2101, 2112, 

2123, 2134, 2146, 2157, 2169, 2192, 2216, 2228, 2241, 2253, 2266, 

2278, 2304, 2318, 2331, 2344, 2358, 2372, 2386, 2400, 2414, 2429, 

2443, 2458, 2473, 2488, 2504, 2519, 2535, 2551, 2567, 2583, 2600, 

2617 

Top 2 

1682, 1689, 1755, 1802, 1843, 1852, 1860, 1877, 1895, 1904, 1922, 

1931, 1950, 1959, 1978, 1988, 1998, 2028, 2038, 2058, 2096, 2090, 

2112, 2123, 2134, 2146, 2157, 2192, 2216, 2241, 2253, 2266, 2278, 

2318, 2331, 2344, 2372, 2386, 2400, 2414, 2429, 2443, 2458, 2473, 

2488, 2504, 2519, 2535, 2551, 2583, 2600, 2617 

Top 3 

1635, 1682, 1689, 1733, 1755, 1778, 1802, 1818, 1826, 1835, 1852, 

1860, 1869, 1877, 1895, 1904, 1913, 1931, 1950, 1959, 1968, 1978, 

1988, 1998, 2017, 2028, 2038, 2048, 2058, 2069, 2080, 2090, 2101, 

2112, 2123, 2134, 2146, 2157, 2169, 2192, 2216, 2228, 2241, 2253, 

2266, 2291, 2304, 2318, 2331, 2344, 2358, 2372, 2386, 2400, 2414, 

2429, 2443, 2458, 2473, 2488, 2504, 2519, 2535, 2551, 2567, 2583, 

2600, 2617 

 

Table 5-13. Selected wavelengths of the top 3 optimal subsets in Table 5-4 

Dataset 
Feature subset 

ranking 
Selected wavelengths (nm) 

C0 

Top1 1365, 1427, 1433, 1474, 1502, 1524, 1530, 1536, 1553, 2600 

Top 2 
1347, 1365, 1427, 1433, 1474, 1502, 1524, 1530, 1536, 1553, 1704, 

1904, 1913, 2583, 2600 

Top 3 1347, 1365, 1615, 1704, 1711, 1978, 2519, 2551, 2567, 2583 

C1 

Top1 
1299, 1303, 1329, 1333, 1351, 1360, 1365, 1370, 1384, 1388, 1393, 

1417, 1458, 1464, 1469, 1474, 1513, 1542, 1584, 1590 

Top 2 1299, 1303, 1329, 1333, 1365, 1384, 1388, 1393, 1458, 1469, 1590 

Top 3 1299, 1303, 1329, 1333, 1365, 1370, 1384, 1388, 1393, 1458, 1469 
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Table 5-14. Selected wavelengths of the top 3 optimal subsets in Table 5-8 

Discrete 

Feature 

Feature 

subset 

ranking 

Selected wavelengths (nm) 

False 

Top1 

1968, 1998, 2017, 2038, 2069, 2101, 2146, 2228, 2241, 2253, 2278, 

2291, 2304, 2358, 2372, 2386, 2400, 2414, 2429, 2443, 2458, 2473, 

2504, 2519, 2567, 2583, 2617 

Top 2 

1968, 1978, 1998, 2007, 2028, 2048, 2069, 2090, 2101, 2134, 2146, 

2169, 2180, 2192, 2216, 2228, 2241, 2253, 2278, 2304, 2318, 2344, 

2358, 2372, 2386, 2400, 2414, 2429, 2443, 2458, 2473, 2488, 2504, 

2519, 2535, 2567, 2583, 2617 

Top 3 

1968 , 1998, 2038, 2069, 2101, 2146, 2241, 2253, 2266, 2278, 2304, 

2358, 2372, 2400, 2414, 2429, 2443, 2458, 2473, 2504, 2519, 2567, 

2583 

True 

Top1 

1895, 1950, 1968, 1978, 1998, 2007, 2017, 2028, 2038, 2048, 2069, 

2101, 2112, 2134, 2146, 2157, 2169, 2180, 2192, 2204, 2253, 2266, 

2278, 2291, 2318, 2331, 2344, 2358, 2372, 2386, 2400, 2414, 2429, 

2443, 2473, 2488, 2504, 2535, 2551, 2567, 2583, 2600, 2617 

Top 2 

1895, 1922, 1950, 1968, 1978, 1998, 2017, 2028, 2038, 2048, 2058, 

2069, 2101, 2112, 2123, 2134, 2146, 2157, 2169, 2180, 2192, 2204, 

2253, 2266, 2278, 2291, 2318, 2331, 2358, 2372, 2386, 2400, 2414, 

2429, 2443, 2458, 2473, 2488, 2504, 2519, 2551, 2567, 2583, 2600, 

2617 

Top 3 

1895, 1950, 1968, 1978, 1998, 2007, 2017, 2028, 2038, 2048, 2069, 

2101, 2112, 2134, 2146, 2157, 2169, 2180, 2192, 2204, 2241, 2253, 

2266, 2278, 2291, 2318, 2331, 2344, 2358, 2372, 2386, 2400, 2414, 

2429, 2443, 2473, 2488, 2504, 2535, 2551, 2567, 2583, 2600, 2617 

 

Table 5-15. Selected wavelengths of the top 3 optimal subsets in Table 5-9 

Discrete 

Feature 

Feature subset 

ranking 
Selected wavelengths (nm) 

False 

Top1 
1299, 2303, 1329, 1333, 1351, 1360, 1365, 1370, 1384, 1388, 

1393, 1417, 1458, 1464, 1469, 1474, 1513, 1542, 1584, 1590 

Top 2 
1299, 1303, 1329, 1333, 1365, 1384, 1388, 1393, 1458, 1469, 

1590 

Top 3 
1299, 1303, 1329, 1333, 1365, 1370, 1384, 1388, 1393,1458, 

1469, 1584 
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5.3.2 Discussion on Objective 5 

Table 5-12 shows the features, in term of wavelengths (nm), of each of the top 3 optimal 

subsets of Table 5-3. It can be seen that most of the selected wavelengths fell in the range 

between 1800-2400nm. In other words, it can be inferred that the informative wavelengths would 

belong to the range between 1800-2400nm. 

Table 5-13 shows the features, in term of wavelengths (nm), of each of the top 3 optimal 

subsets of Table 5-4. It can be seen that most of the selected wavelengths fell in the range 

between 1300-1600nm. 

Table 5-14 shows the features, in term of wavelengths (nm), of each of the top 3 optimal 

subsets of Table 5-8. It can be seen that most of the selected wavelengths fell in the range 

between 2000-2600nm. 

Table 5-15 shows the features, in term of wavelengths (nm), of each of the top 3 optimal 

subsets of Table 5-9. It can be seen that most of the selected wavelengths fell in the range 

between 1300-1600nm. 

These wavelengths include the wavelengths, as mentioned in section 5.2, which do not 

produce high result but might contain relevant information. These ranges also agree with some of 

the finding in the literature. Therefore, it might be concluded that the proposed system model is 

competent in finding the informative wavelengths for glucose concentration monitoring. 

5.4 Results of Experiments for Objective 2 

After completing all other objectives and reviewing their results, it is now possible to present 

relevant results to objective 2 and analyze them. Section 5.1 shows that using only SVM 
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technique is inadequate and would produce results with low accuracy. By analyzing the results of 

model 2 in Table 5-9 and Table 5-10 in section 5.2, it can be seen that adding pipeline and search 

technique to simplify the flow of the program and tune the hyperparameters as well as adding 

cross-validation techniques to control and prevent the leakage of information can increase the 

performance of the system. The testing accuracy and testing f1 score increase ~2-3% and the 

SEP decrease up to ~18-19mg/dl. Discussion of the dimensionality reduction methods shows that 

SFFS technique of wrapper methods and filter methods can extract informative wavelengths and 

significantly improve the accuracy, f1 score or decrease the errors. The best results can be 

obtained by using only wrapper methods. Filter methods can be used alone and be able to 

produce acceptable results. The combination of both filter and wrapper method actually produces 

good results but not as good as using solely wrapper method. By examining Table 5.16, which 

show in details the processing time needed to complete a specific step or phase, it can be seen 

that the addition of filter methods speeds up the dimensionality reduction step and training step 

by roughly 17 times and 9 times respectively. Therefore, there is a trade-off between speed and 

performance by utilizing filter methods together prior to wrapper methods.  

In conclusion, a framework for optimal results with the most accurate performance should 

include every steps in model 3 which consists of SFFS, train_test_split, Standard Scaler, PCA, 

SVM/SVR, Hyperparameter Grid Search tuning, pipeline, and nested-cross validation 

techniques. However, if time is an important constraint, then techniques of filter method should 

be added to the system, prior to the SFFS technique.  
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Table 5-16. The average processing time of all proposed models 

Dataset Model Step Technique Time (s) 

C0 

1 

 

Feature 

selection 

Filter method n/a 

Wrapper Method n/a 

Training StandardScaler + PCA + SVM/SVR 0.011 

Testing n/a 0.070 

2 

Feature 

Selection 

Filter method n/a 

Wrapper Method n/a 

Training 
StandardScaler + PCA + SVM/SVR +  

GridSearchCV + Cross-validation 
16.608 

Testing n/a 0.006 

3 

Feature 

Selection 

Filter method n/a 

Wrapper Method 23980.882 

Training 
StandardScaler + PCA + SVM/SVR +  

GridSearchCV + Nested cross-validation 
558.586 

Testing n/a 0.060 

4 

Feature 

Selection 

Filter method n/a 

Wrapper Method n/a 

Training 
StandardScaler + PCA + SVM/SVR +  

GridSearchCV + Nested cross-validation 
n/a 

Testing n/a n/a 
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Table 5-16. The average processing time of all proposed models (cont.) 

Dataset Model Step Technique Time (s) 

C1 

1 

Feature 

selection 

Filter method n/a 

Wrapper Method n/a 

Training StandardScaler + PCA + SVM/SVR 0.042 

Testing n/a 0.018 

2 

Feature 

Selection 

Filter method n/a 

Wrapper Method n/a 

Training 
StandardScaler + PCA + SVM/SVR +  

GridSearchCV + Cross-validation 
248.696 

Testing n/a 0.023 

3 

Feature 

Selection 

Filter method n/a 

Wrapper Method 262434.207 

Training 
StandardScaler + PCA + SVM/SVR + 

GridSearchCV + Nested cross-validation 
36188.023 

Testing n/a 0.056 

4 

Feature 

Selection 
Filter method 2.216 

 Wrapper Method 15374 

Training 
StandardScaler + PCA + SVM/SVR + 

GridSearchCV + Nested cross-validation 
4153.703 

Testing n/a 0.046 
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6 Chapter 6  Conclusion 

6.1 Research Summary 

In this study, SVM is adapted to calibrate the relationship between wavelengths and glucose 

concentration and predict a glucose concentration based on provided wavelength signal. SVM is 

proved to provide good results when used in combination with other machine learning 

techniques. A list of contributions has been presented earlier in Sec. 1.7. In this section, the key 

findings will be summarized. 

Firstly, both wrapper methods and filter methods can be used alone to extract informative 

wavelengths and improve the accurate performance of the system. However, it was found that 

wrapper methods of feature selection are essential for glucose monitoring using an SVM-based 

modeling approach as it produces the best accuracy, f1 score or the smallest SEP. The SFFS 

technique is a good candidate for wrapper methods algorithm. Model 3, which utilized the subset 

created by the SFFS technique as input, produced the best results in terms of performance with 

average non-nested CV accuracy of 91.53%, testing accuracy of 91%, f1 score of 90.97% for 

classification and average non-nested SECV of 45.12mg/dl, SEP of 39.08mg/dl for regression. 

For classification approach, these values shown improvement, or at least comparable results, 

when being compared to other works the literature. Even though these results are lower than 

critical standard for clinical applications, they can still be used for initial screening process that 

might assist in diagnosing. For regression approach, the obtained error values are within 

acceptable standard range with certain condition. This implies that future works need to change 

the experimental design especially in the sample preparation and data acquisition steps. 



101 

 

In addition, filter methods of feature selection were found to offer a trade-off between speed 

and performance when used in combination with wrapper methods. Model 4, which utilized 

subsets created by both filter and wrapper methods as input, performed with slightly inferior 

scoring metrics while being significantly faster, up to 17 times for feature selection and 9 times 

for training. Therefore, for optimal results, it is recommended to utilize only the SFFS technique. 

However, if time is an important constraint, then techniques of filter method should be added to 

the system.  

 Both filter and wrapper methods of feature selection techniques are shown to exhibit 

promising potentials to extract the most informative wavelengths for noninvasive glucose 

monitoring. When conducting the feature selection process, metrics of classification approach 

appears to lead to subsets that can create better performances. However, metrics of regression 

approach can reduce the feature spaces; hence isolate informative wavelengths, more efficiently. 

Even though they might not provide immediate results, further investigation on the isolated 

wavelengths by this approach with other supporting wavelengths might provide enhanced 

performance. 

It is found that the assumption whether features are discrete or continuous does not have 

much influence while choosing the approach of either classification or regression (i.e. assuming 

whether glucose concentrations are discrete classes or continuous values) when performing SFFS 

technique of wrapper methods has a great effect on the accurate performance of the system. 

In conclusion, the proposed system model which consists of 3 phases and 4 main steps 

appears to be efficient enough in optimizing the prediction of glucose concentration while 

minimizing bias due to information leakage and can be utilized further in future work. It also 

seems that the proposed system model can extract relevant information of any random input 
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wavelength ranges. For this study, the variations of the system models suggested that the most 

informative wavelengths for noninvasive glucose monitoring might fall in the ranges: 1300-

1600nm, 1800-2400nm, and 2000-2600nm which agrees with some finding in the literature. 

6.2 Future work 

While the characteristics of glucose in distilled water solution have been investigated in 

detail and the proposed models provided promising potential, a natural extension should next 

involve investigation on other biological materials. Future samples should be prepared by mixing 

β-D-glucose together with animal hemoglobin (bovine hemoglobin), or urea, etc. respectively. 

For example, at first, the sample set could contain only three elements, i.e. β-D-glucose, distilled 

water, and one other biological material. Different sample sets would be prepared to test the 

ability of the model to detect the extra added materials and how they interfere with the results. 

After proper results and understanding have been achieved, solutions of more materials would be 

tested. For future work, we would also need to prepare samples with a narrower range of glucose 

concentration to test the sensitivity and limit of the proposed techniques. Furthermore, as having 

reviewed in Table 1-2, visible and MIR wavelengths should also be investigated and compared 

with the current results. Future work should also prioritize the classification approach when 

further investigate advanced dimensionality reduction technique. 
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