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a b s t r a c t
In this study, we propose and demonstrate a novel two-Level Partial Least Squares (2L-PLS) architecture for
non-invasive blood glucose concentration measurement. A total of 290 Near-Infrared (NIR) spectroscopy
readings from six laser diodes with discrete wavelengths of between 1500 nm and 1800 nm are obtained
together with blood glucose concentration readings collected via Oral Glucose Tolerance Test (OGTT)
experiments from a healthy volunteer over 4 days. While the conventional approach to predicting the blood
glucose concentrations is to use a single Partial Least Squares (PLS) or non-linear PLS model, these systems do
not achieve a high level of accuracy. As such, a 2L-PLS system consisting of one PLS model at the ﬁrst level and
three at the second level is proposed to enhance the prediction accuracy. A non-linear 2L-PLS system based on
the same structure is also investigated in this study. The proposed 2L-PLS systems show improvements of 10
to 12% in the number of predictions that fall below a 5% error margin as compared to single-level PLS systems.
© 2010 Elsevier B.V. All rights reserved.

1. Introduction
The regulation of the body's blood glucose concentration is
essential in maintaining a person's health. This is because glucose is
the primary energy source for the body, and unregulated blood
glucose concentrations can lead to numerous medical complications
such as hyperglycemia and hypoglycemia. Current blood glucose
monitoring systems are able to provide highly accurate readings, but
suffer from a signiﬁcant drawback in that they require a blood sample.
The constant drawing of blood can induce substantial pain to the
patient and increase the risk of infection due to the penetration of the
skin, as well as incurring signiﬁcant cost due to the number of test
strips required. As such, a non-invasive blood glucose monitoring
system that can overcome these limitations is highly desired and has
now become the primary focus of research.
Most non-invasive systems are based on optical methods such as
polarimetry [1], Raman, [2], Mid-Infrared (MIR) and Near-Infrared
(NIR) spectroscopy [3–7], with MIR and NIR spectroscopy demonstrating the highest potential for blood glucose monitoring. Initial
limitations such as low SNR levels and high frequency noise [8–12]
have been addressed to increase the accuracy of the system, and more
recently researchers have looked towards new data analysis methods
to further enhance the accuracy of the systems. The Partial Least
Squares (PLS) regression method is among the most successful in
⁎ Corresponding author.
E-mail addresses: zm_8429@yahoo.com (Z.-M. Chuah), ravee@um.edu.my
(R. Paramesran), kavintheran@gmail.com (K. Thambiratnam), pohsc@um.edu.my
(S.-C. Poh).

modelling the relationship between the predictors, X, and the
responses, Y, and is able to provide good prediction results for colinear data. However, due to the linear framework of the PLS
regression method, it does not perform well when provided with
non-linear data. To overcome this shortcoming, and to also obtain an
inner non-linear model between the principal components of
dependent variables and independent variables, S. Wold developed
the non-linear PLS model [13,14], which makes full use of the PLS
regression method's ability to project to latent projections for nonlinear relations and thus allowing for more accurate predictions.
In this paper, we propose a novel method for analyzing NIR spectral
data for blood glucose concentrations, using a linear and non-linear
two-level partial least squares (2L-PLS) model. A total of 290 NIR
spectroscopy readings are obtained via non-invasive blood glucose
assays from six laser diodes with discrete wavelengths, together with
actual blood glucose concentration measurements from a volunteer
over 4 days. The proposed 2L-PLS system consists of 4 PLS models
divided into two levels. The ﬁrst level consists of one PLS model, whilst
the second level consists of the three remaining PLS models. Both
linear and non-linear 2L-PLS are developed, where the linear model
uses the input data as predictors, while the non-linear model expands
the predictors with their powers and cross-products. The results
obtained from both 2L-PLS models are compared to determine their
accuracy and performance.
2. Experimental data
The experimental data for this research is obtained via NIR based
non-invasive blood glucose assays as shown in Fig. 1. The NIR light
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upon the commencement of the experiment the NIR spectra were
collected at intervals of every minute from the measurement site. At
the same time, a blood sample was taken from the index ﬁnger of the
subject's other hand at intervals of approximately 10 min and
measured using a traditional blood glucose meter. The experiment
was repeated for 4 days with the same subject to obtain a total of 290
NIR data points and the measured blood glucose concentration levels
were extrapolated before the calibration process. The collected blood
glucose concentration range was between 4 mmol/L and 10 mmol/L.
For the calibration, 60% of the collected data was used while the
remaining 40% was used for validation. The NIR spectral readings used
in the calibration were randomly selected.
3. Two-level partial least squares (2L-PLS) system
Fig. 1. Schematic diagram of the non-invasive blood glucose monitoring system.

source consists of a series of six laser diodes with discrete
wavelengths of between 1550 nm and 1800 nm operating at output
powers of 6 mW. Two assumptions are made; ﬁrst, the chosen
wavelengths exhibit minimal water attenuation (this is an important
consideration as more than 95% of human blood constitutes water,
which has very strong absorption in the NIR region) and second, the
reﬂected signals from these selected wavelengths contain sufﬁcient
information on the blood glucose concentration [15]. The six laser
diodes are triggered sequentially using a controlled stepping motor
scanning system [4]. A portion of the NIR signal is collected as a
reference while the rest is transmitted to the measurement site via an
optical ﬁber located at the center of the measurement probe. The
measurement site is the ﬁnger nail bed of the subject's index ﬁnger
and is chosen as its properties are relatively constant between
subjects (as opposed to the skin as it would be affected by factors such
as sweat, pigmentation, etc.). In order to minimize errors, the
positions of the test bed and ﬁber optic probe throughout this work
are ﬁxed. The temperature of the laser diodes are also measured and
used together with the reference light measurements to compensate
for variations in the NIR spectra readings arising from temperature
ﬂuctuations. The NIR light penetrates the skin to the blood vessel
where it is absorbed by the glucose in the blood and the diffused light
from the nail bed is collected by optical ﬁbers in a circular distribution
surrounding the central transmission ﬁbers and guided to the
photodiode, where the optical signal is converted into an electrical
signal. The signal is then sent to a computer via a Universal Serial Bus
(USB) connection for further analysis.
The In vivo blood glucose assay was carried out with the
participation of a healthy volunteer subject fasting for at least 8 h
before submitting to the test. The subject consumed a 35 g glucose
solution approximately 10 min after the start of the experiment, and

The PLS method is a popular multivariate data analytical method
designed to handle intercorrelated regressors [16–18]. Originally
proposed by Herman Wold as an econometric technique, it became
popular in the ﬁeld of chemometrics [19] and has been successfully
used to regress NIR data [19,20]. However, the PLS model still
produces high-error rates when used to regress non-linear data. In
this aspect, a 2L-PLS system is introduced to overcome the high-error
rates of the traditional single-level PLS model. Unlike the single PLS
system, a 2L-PLS system consists of two levels, with a single PLS model
at the ﬁrst level and three PLS models at the second level. The main
concept of the 2L-PLS system is to subdivide the overall blood glucose
concentration into several smaller ranges, hence calibrating each PLS
model in the second level with a smaller blood glucose concentration
range as compared to the single PLS system. The PLS calibration model
in the ﬁrst level however is required to calibrate the full range of blood
glucose concentrations from 4 mmol/L to 10 mmol/L. The overall
structure of the 2L-PLS system in this study is shown in Fig. 2.
The NIR spectral data form the input to the PLS model in the ﬁrst
level and its output selects either one (or two) of the PLS models in the
second level. Subsequently, the corresponding NIR spectra from the
ﬁrst level are used as the input of the chosen PLS model(s) in the
second level of the system for the actual prediction. Both the proposed
linear and non-linear 2L-PLS models operate in the same manner,
with the exception that the input of the non-linear 2L-PLS model is
expanded according to their powers and also by a sinusodial function,
speciﬁcally to the powers of −2, − 1, 2, 3 and also by the exponentials
of exp(x) and exp(−x). This strategy makes the non-linear models
simple to use but at the same time robust [21].
3.1. Performance evaluation
The performance of the PLS system in predicting the blood glucose
concentration level is based on the calibration and validation data sets
and can be evaluated by the Root Mean Square Error of Calibration

Fig. 2. Overall structure of the two-level partial least squares system.
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(RMSEC) and the Root Mean Square Error of Prediction (RMSEP)
respectively as per the following equations [6]:
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4. Results and discussions
The results obtained from the linear and non-linear 2L-PLS
systems are reported together with the corresponding results from
the single-level linear and non-linear PLS system in this section. The
performance of the proposed systems is given along with its clinical
accuracy using the Error Grid Analysis (EGA) method. Subsequently,
the overall prediction performance for the calibration and validation
data sets are presented and followed by the prediction performance of
individual observation.

ð2Þ
4.1. Performance of proposed system with different overlapping regions

where ym and yn are the measured blood glucose concentrations, ŷm
and ŷn are the predicted blood glucose concentrations, M and N are the
number of observations for the calibration and validation data sets
respectively and A is the number of PLS score factors used in the PLS
calibration system.
As the score factors for the PLS models in the second level differ
from each other, Eq. (1) must be slightly modiﬁed so that A will be the
mean value of the score factors of the selected PLS models. The
prediction performance of the validation data set however can be
evaluated using Eq. (2) as it is. In this study, a score factor of 6 is used
in all four PLS models of the linear 2L-PLS system. The non-linear
system uses a score factor of 29 for the PLS model in ﬁrst level and
score factors of 13, 10 and 6 for the group A, group B and group C PLS
models respectively, based on the Wold's R criterion [19].
3.2. Considerations for the 2L-PLS system
There are several considerations made in the design of the 2L-PLS
system. Firstly, it is necessary for each PLS model at the second level to
receive an adequate number of inputs to accurately model the relation
between the predictors and responses matrices. Secondly, errors
produced in the ﬁrst level of the system may result in the selection of
the wrong second level PLS model during the calibration phase. For
example, if the measured blood glucose concentration is 7.2 mmol/L
whilst the output from the ﬁrst level is 6.8 mmol/L and the boundary
value between the two groups is 7 mmol/L, then the corresponding NIR
spectra will be categorized into an undesired group. In order to reduce
the error-rate arising from erroneous groupings, the 2L-PLS system is
designed such that the input ranges for the second level PLS models
overlap with each other as shown in Fig. 3, where the values of a and b
are the boundary values among these 3 groups before being overlapped.
The percentage of overlapped data is given as h%, and subsequently the
overlapping boundary values of a1 and b1 can be determined from the
formulae of a1 = a − a * h /100 and b1 = b − b * h /100, respectively, with
the size of the overlapping regions determined by the value of h. The
grey areas in Fig. 3 indicate the overlapping regions.
In this study, the values of a and b for the linear 2L-PLS system are
6.6 mmol/L and 8.63 mmol/L, respectively and 7.3 mmol/L and
8.63 mmol/L, respectively for the non-linear 2L-PLS system. These
values are chosen based upon the aforementioned consideration.

Fig. 3. The blood glucose concentration ranges for the PLS groups in the second level of
the 2L-PLS system.

Figs. 4 and 5 show the performance of the linear 2L-PLS system and
non-linear 2L-PLS system, respectively, with overlapping percentages
from 1% to 50%, where the performance is evaluated in terms of the
RMSEC and RMSEP. The dotted lines in Figs. 4 and 5 indicate the
overlapping percentage that chosen for the linear 2L-PLS system
(27%) and the non-linear 2L-PLS system (22%). Hence, a1 and b1 for
linear 2L-PLS system corresponds to 4.818 mmol/L and 6.2999 mmol/L
respectively, whilst a1 and b1 for non-linear 2L-PLS system corresponds to 5.694 mmol/L and 6.7314 mmol/L respectively.
4.2. Error grid analysis
The Clarke EGA has been used to evaluate the clinical accuracy of
blood glucose measurements made by a meter as compared to a
standard reference value [22]. In the Clarke EGA, the grid is subdivided
into 5 regions, designated A, B, C, D and E. Values that fall into Regions
A and B are clinically acceptable, whereas values that fall into Regions
C, D, and E are potentially dangerous and constitute clinically
signiﬁcant errors.
The EGA results for the PLS and the 2L-PLS systems for the
calibration data set and testing data show that for the prediction data
set, 92 observations (79.31%) fall into region A for the linear PLS,
increasing to 98 observations (84.48%) from the linear 2L-PLS system.
Similarly, 97 observations (83.62%) fall into region A for the nonlinear PLS system and increases to 103 observations (88.79%) for the
non-linear 2L-PLS system. Figs. 6 and 7 show the EGA plot of the
validation data set for the proposed linear and non-linear systems,
respectively. The ‘+’ plots in Figs. 6 and 7 represent the EGA plot of
the PLS system, whilst the ‘*’ plots represent the EGA plot of the 2L-PLS
system. It is observed that more predictions from the 2L-PLS system

Fig. 4. The performance of the linear 2L-PLS system for overlapping percentages of 1% to
50%.
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Fig. 5. The performance of the non-linear 2L-PLS system for overlapping percentages of
1% to 50%.

lie closer to the solid diagonal line of the EGA graph as compared to
the single-level PLS system, thus demonstrating the higher accuracy
of the 2L-PLS system. Additionally, all predictions from both the singlelevel PLS and the 2L-PLS systems fall within region A and region B of
Figs. 6 and 7, indicating that all predicted results are within the clinically
acceptable range.

4.3. Overall performance
Table 1 shows the overall prediction results for the linear and nonlinear PLS and linear and non-linear 2L-PLS systems. The overall
performance of these systems is evaluated in terms of the RMSEC and
RMSEP for the calibration data set and validation data set respectively.
An RMSEC of 0.7856 mmol/L (14.14 mg/dL) is obtained in the 2L-PLS
system and is an improvement of 20.11% over the single-level PLS
system as shown in Table 1 for the calibration data set. Similarly, the
RMSEP of 0.8682 mmol/L (15.63 mg/dL) is obtained in the 2L-PLS
system, which shows an improvement of 7.88% over the single-level
PLS system for the validation data set. A similar observation is seen in
the case of the non-linear PLS and 2L-PLS systems.

Fig. 7. The EGA plot of the testing data set for non-linear PLS system and non-linear 2LPLS system.

The correlation coefﬁcient between the predicted BGL and
measured BGL for the calibration and validation data sets are
represented in terms of rC and rP respectively. For the single-level
PLS system, a correlation coefﬁcient of 0.8476 is obtained, whilst for
the 2L-PLS system, a better correlation coefﬁcient of 0.8785 is
obtained for the validation data set. A similar improvement was also
observed for the case of the non-linear PLS models, where a
correlation coefﬁcient of 0.8981 is obtained from the non-linear
single-level PLS system and improves to 0.9152 for the non-linear 2LPLS system.
4.4. Performance of individual observations
The prediction results for each observation for calibration data set
and validation data set are shown in Tables 2 and 3 respectively. The
error percentage values constitute the distribution of samples in the
calibration and validation data sets in accordance to the individual
sample percentage error. Table 3 shows that for the validation data
set, which determines the actual performance of the proposed system,
18 predictions from the linear 2L-PLS system have an error margin of
less than 2.5%, whilst only 11 predictions from the linear single-level
PLS system have a similir error margin. Table 3 also shows that 62
predictions from the non-linear 2L-PLS system have an error margin
of less than 5% as compared to only 48 predictions from the non-linear
single-level PLS system that have a similar error margin. This shows
both the linear and non-linear 2L-PLS systems perform signiﬁcantly
better than their single-level counterparts, and show improvements

Table 1
Overall prediction results for the PLS, 2L-PLS, non-linear PLS and non-linear 2L-PLS
systems.
PLS

Calibration data
set
Validation data
set
Fig. 6. The EGA plot of the testing data set for PLS system and 2L-PLS system.

RMSEC
(mmol/L)
rC
RMSEP
(mmol/L)
rP

2L-PLS

Non-linear

Non-linear

PLS

2L-PLS

0.9834

0.7856

0.7597

0.6477

0.8385
0.9425

0.9003
0.8682

0.9204
0.7778

0.9353
0.7370

0.8476

0.8785

0.8981

0.9152
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Table 2
Individual error percentage results for calibration data set.
Number of observations

N 10%
5%–10%
2.5%–5%
1%–2.5%
0%–1%

PLS

2L-PLS

101
36
16
14
7

73
41
22
22
16

Non-linear

Non-linear

PLS

2L-PLS

53
48
41
20
21

46
46
39
22
21

Table 3
Individual error percentage results for validation data set.
Number of observations

N10%
5%–10%
2.5%–5%
1%–2.5%
0%–1%

PLS

2L-PLS

62
28
15
8
3

46
32
20
11
7

5

Non-linear

Non-linear

PLS

2L-PLS

40
28
27
12
9

30
24
31
16
15

of 10% and 12% respectively for errors that fall below the 5% error
margin for the validation data set as compared to the linear and nonlinear single-level PLS systems.

5. Conclusion
In this paper, a comparative analysis on the performance of using a
single-level linear and non-linear PLS systems and a linear and nonlinear 2L-PLS systems to predict the blood glucose concentration was
studied. The PLS models use only six laser diodes operating at discrete
wavelengths between 1500 nm and 1800 nm from an NIR light source
as predictor variables. A total of 290 pairs of NIR spectra and measured
blood glucose concentration readings are collected from a healthy
volunteer subject over 4 days. The proposed 2L-PLS system consists of
two levels, with a single PLS model in the ﬁrst level and three PLS
models in the second level. Both the linear and non-linear 2L-PLS
systems show an improvement of 10% and 12% compared to their
respective single-level PLS systems for errors that fall below the 5%
error margin for the validation data set.
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