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A child in Africa dies from malaria every 43 seconds. Because of the threat that malaria
poses to human life, there have been renewed concerns recently for global elimination of
the disease, the primary tools being vector control. As such measures are scaled up in
areas with high malaria prevalence, there is a need to know the rate of transmission of the
disease and the impact of vector control schemes in such areas. Two common approaches
to attempt this are ovary dissection, which is tedious and expensive, and more recently
Near Infrared Spectroscopy (NIR), which can be a complementary method to ovary dis-
section. In this thesis, we surveyed common pre-processing techniques and demonstrated
the effect of five selected pre-processing techniques (multiplicative scatter correction, ex-
tended multiplicative scatter correction, standard normal variate, Savitzky Golay smooth-
ing and gap segment derivative) on mosquito age estimation from NIR data. The selected
pre-processing techniques were compared based on how well applying them improved
mosquito age prediction using the root mean square error of prediction (RMSEP ) and
Q2 values. Our results generally show that proper pre-processing improves mosquito



age prediction. Scatter correction methods were also observed to perform better than
techniques belonging to the spectral derivative category. Multiplicative scatter correc-
tion (MSC) gave better results compared to the other pre-processing techniques, while
extended multiplicative scatter correction (EMSC) recorded the worst performance.
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1 Introduction to Age Estimation of Malaria Mosquitoes

This chapter provides a background on malaria and mosquito age estimation from near
infrared spectroscopy, the objectives, and an outline of the study.

1.1 Malaria and Mosquito Age Estimation from NIRS

How accurately can we estimate the age of a malaria vector mosquito from its near in-
frared spectrum? Malaria is a blood disease caused by the plasmodium parasite and trans-
mitted to humans through the bite of infected Anopheles mosquitoes. When a human
is bitten by an infected mosquito, parasites multiply in the host’s liver where they infect
and destroy red blood cells [1]. According to the world malaria report for 2017, there
were about 216 million cases of malaria, and deaths reached 445,000 [2]. Because of
the threat that the disease poses to human life, there have been various contributions over
the years, both scholarly and in terms of physical interventions that have been directed
towards control and treatment. Global malaria control has been recognized as a priority
by individual nations, the World Health Organization, the G8 powers, the European com-
munity, and charitable sponsors, including the Wellcome Trust and the Bill and Melinda
Gates foundation [3].

As global efforts are intensified towards the fight against malaria, a knowledge of the rate
of transmission of the disease in an area and the mechanisms that could be used to assess
the impact of measures employed to control the disease (where such exist) are important
themes.

By estimating the ages of mosquitoes in an area of interest, entomologists can have an
idea of the rate of malaria transmission in that area. Thus, mosquito age estimation is an
indicator of the rate of malaria transmission in an area [4]. This is made possible because
of the biology of the plasmodium parasite.

The plasmodium parasite, depending on temperature, takes 10 − 14 days to develop in
a mosquito fully enough to cause malaria in humans [5]. Hence, mosquitoes which are
less than 10 days old have smaller chances of harbouring infectious parasites or transmit-
ting malaria, while those which are 10 or more days old have higher chances of carry-
ing infectious parasites [5]. Apart from its usefulness in determining the rate of malaria
transmission in an area, estimating the age of mosquitoes is useful in assessing the im-
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pact of interventions aimed at controlling the population of mosquitoes. Some of these
vector control interventions which are usually implemented in areas known to have a high
population of mosquitoes include the use of Insecticide Treated Nets (ITNs) and Indoor
Residual Spraying (IRS) [4]. These schemes are executed to mitigate the mosquito pop-
ulation and reduce their lifespan to a level that does not support the development of the
plasmodium parasite to maturity [4]. A knowledge of the age and species composition
of the mosquitoes in the area is necessary for both monitoring and evaluation of these
vector control interventions. When the population of old mosquitoes (> 10 days) in an
area where there is intervention is small, it means that the intervention is effective, and
the converse is true when the population is made of largely young mosquitoes [4].

The techniques used for estimating mosquito age currently involve dissecting their ovaries
by hand to determine whether the mosquitoes have laid eggs. Mosquitoes which have laid
eggs are considered to be older (on average) than those found not to have laid eggs [6].
The use of this method is limited because it is laborious and difficult, limiting its appli-
cation to a few technicians working with small numbers of mosquitoes [4]. Moreso, egg
laying status is not necessarily related to age. For example, Agyapong et al. [7] reported
that 3− 5 day old mosquitoes kept in a dark condition laid significantly higher number of
eggs compared to 9 − 11 day old mosquitoes kept in light conditions after feeding both
groups with a blood meal. As a result of these limitations, there is a need for a better
approach that can address the problems associated with this method [4]. Near infrared
spectroscopy (NIRS), a high output, automated technique which measures the amount of
the near infrared energy absorbed by samples, has been identified as a complementary
method to mosquito ovary dissection [4]. NIRS has been used both in species classifica-
tion and age grading. It has been applied in age grading houseflies, stored grain pests,
and biting midges [8–10]. It has also been used to differentiate between species and
sub-species of termites [11] as well as estimating the age and identifying species of mor-
phologically indistinguishable laboratory reared and semi-field raised Anopheles gambiae

and Anopheles arabiensis [12, 13]. The NIRS technique involves analysis of spectra col-
lected from mosquitoes both for age and species identification. Two popular approaches
to the problem of age grading from absorbance spectra are partial least squares and artifi-
cial neural networks.

1.2 Objective of the study

The objective of this study is to explore different pre-processing techniques for mosquito
NIR data and to compare the results.
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1.3 Outline of the study

Chapter 2 provides a review of previous research on the application of partial least squares
(PLS) regression in different fields, a description of partial least squares regression and
common methods used for the pretreatment of NIR data before model calibration.

Chapter 3 contains a description of how spectra were collected from mosquitoes using the
spectrometer. It also gives an overview of the data and a step by step description of how
the data was analyzed.

Chapter 4 contains a description of the results obtained from implementing three of the
five selected pre-processing techniques proposed in Chapter 3.

Chapter 5 discusses the results obtained from implementing the remaining two of the five
selected pre-processing techniques proposed in Chapter 3.

Chapter 6 is a comparison of the results obtained from implementing all the five selected
pre-processing techniques. It also contains conclusions and recommendation for future
work.
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2 NIR Data Pre-Processing and PLS Regression

This chapter is a survey of common pre-processing techniques applied to NIR data and
other types of spectroscopic data prior to model calibration. It discusses the intent and
advantages of pre-processing and closes with a short description of some applications of
partial least squares regression in different fields.

2.1 Pre-Processing NIR Data

Different modelling approaches are progressively finding application in many areas of sci-
ence, technology and engineering. For instance, multivariate modelling techniques such
as principal component analysis (PCA), partial least squares (PLS) and support vector
regression (SVR) are used extensively especially for spectroscopic analysis in analyti-
cal chemistry, a field which deals with the quantitative determination of the components
of samples [14, 15]. The contents of new samples are easily predicted after a model is
built [16].

Near infrared (NIR) spectroscopy has gained a lot of attention with increasing demand for
complex sample analysis in various fields because of advantages such as fast acquisition,
non-invasive and non-destructive characteristic, minimal sample preparation, and the use
of probes, that it has over other analytical techniques [17, 18]. Nevertheless, NIR spectra
are generally known to have relatively weak and highly overlapping bands, requiring the
use of multivariate calibration and analysis [17]. Overtones and combinations of hydro-
gen bond vibrations are majorly covered by the NIR spectrum, and the concentration of
chemical components or physical characteristics of samples are reflected proportionately
by the change of the specific absorbance regions [18].

To improve multivariate regression, classification modelling, or exploratory analysis in-
volving spectral data, there is a need for pre-processing, which includes outlier rejec-
tion, normalization, filtering, detrending, transformation, folding, and feature selection,
among others [19, 20]. Pre-processing methods resolve overlapping peaks, remove linear
baselines, and eliminate spectral noise [21]. Pre-processing aims to remove or minimize
physical effects which are undesirable in spectral analysis [18, 19]. Pre-processing of
near infrared spectral data gives better end models, and it has become an essential part of
spectral data analysis [19, 20].
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Near-infrared reflectance / transmittance (NIR/NIT) spectroscopy is both prone to and
significantly influenced by undesired scatter effects (baseline shift and non-linearities).
This has led to the development of many pre-processing techniques [19].

2.2 Categories of Pre-Processing Techniques

There are several undesirable physical effects that result from measuring samples using
diffuse reflectance or transmittance mode [22]. These undesirable effects are unrelated to
the chemical response, and they can be detrimental to subsequent quantitative chemical
analysis, leading to inaccurate results [22]. The goal of pre-processing is to minimize such
physical effects to be able to model the chemical effect more effectively. Pre-processing
spectroscopic data generally yields better model results, and it improves the prediction of
new samples.

The review of the categories of the most widely used pre-processing techniques described
in this section follows that of Rinnan et. al. [19], Panero et al. [23], and Wise et al. [24].

The most commonly used pre-processing techniques can be categorized into two classes:
scatter-correction methods and spectral derivatives. Examples of scatter correction meth-
ods include Multiplicative Scatter Correction (MSC), Inverse MSC, Extended MSC (EMSC),
Extended Inverse MSC, detrending, Standard Normal Variate (SNV), and normaliza-
tion. The spectral derivation category include the Norris-Williams (NW) derivatives and
Savitzky-Golay (SG) polynomial derivative filters.

2.2.1 Scatter correction methods

Scatter correction methods generally aim to reduce the (physical) variability between sam-
ples due to scatter. In other words, these techniques explicitly model the effect of multi-
plicative light scattering. Some scatter correction methods also adjust for baseline shifts
between samples. Three examples of these are MSC, SNV, and normalization.

1. Multiplicative Scatter Correction (MSC), Inverse Scatter Correction (ISC),
Extended Multiplicative Signal Correction (EMSC)

Multiplicative scatter (or signal) correction (MSC) is one of the most frequently
used pre-processing techniques for NIR reported in the literature, closely followed
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by SNV and derivation. MSC was first introduced in its basic form and later further
elaborated upon by Martens et al. in 1983 and Geladi et al. in 1985, respectively
[25, 26].

In MSC, each spectrum in a set of samples comprising the same chemical compo-
nents (related samples) is regressed on a reference spectrum (e.g., the mean spec-
trum) to estimate the intercept and slope of the estimated regression equation that
theoretically will capture the information relating to the effect of multiplicative light
scattering. Each spectrum then is corrected by subtracting the intercept and dividing
by the slope.

Suppose xorg is an original sample spectra measured by the NIR instrument, xref is a
reference spectrum used for preprocessing of the entire dataset, e is the unmodeled
part of xorg, xcorr is the corrected spectra, and b0 and bref,1 are scalar parameters,
which differ for each sample. The steps may be summarised mathematically in the
following two steps:

(i) Estimation of the correction coefficients (additive and multiplicative contribu-
tions):

xorg = b0 + bref,1 · xref + e (1)

(ii) Correcting the recorded spectrum:

xcorr =
xorg − b0

bref,1
= xref +

e

bref,1
(2)

The interpretation of the scalar parameters is given in Figure 1.
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Figure 1. The sample spectrum (blue dots) plotted against a selected reference spectrum. The
scalar correction terms are found as the intercept and the slope of the black line, which is found
from the least-squares regression fit through all points [19].

To do MSC correction, we plot the raw spectrum against the reference spectrum
and find the best fitted line according to ordinary least squares regression. The
reference spectrum is along the x-axis, and the raw spectrum is along the y-axis.
The line shown is the reference spectrum versus raw spectrum (see Figure 1) giving
the parameters (slope and intercept) later used in the actual correction of the the
spectrum.

MSC often is used in situations where there are light scattering effects, which lead
to various offsets and amplifications that do not contain any relevant chemical in-
formation. MSC removes (or at least minimizes) the light scatter effect so that
chemical effects can be modelled.

The inverted scatter correction (ISC) and the extended multiplicative scatter cor-
rection (EMSC), which are both similar to MSC, have been proposed as alternative
procedures for the correction of multiplicative light scattering.

EMSC is a modification of the standard MSC pre-processing method that allows
the separation of physical light scattering effects from chemical (vibrational) light
absorbance effects in spectra. The EMSC approach is used to estimate and separate
multiplicative physical effects from additive chemical effects and additive physical
effects. Multiplicative physical effects include path length, light scattering, sam-
ple thickness, etc., while additive chemical effects include absorbance of analytes
and interferants. Meanwhile, additive physical effects include temperature shifts,
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baseline variations, etc., EMSC makes provision for both the removal or retention
of “physical” and “chemical” interference effects in data. It also allows previous
knowledge about the system and its components to be taken into account in the cor-
rection. This merit of the EMSC is sometimes very useful, and it produces good
calibration results. That is, it yield less complex models which predict the response
better. EMSC appears to have a wide range of application to different types of
spectroscopic data, for example UV, VIS, NIR, IR, Raman, chromatography, elec-
trophoresis, and sensory data [27].

The second set of scatter correction methods discussed in this work includes stan-
dard normal variate (SNV) and Normalization.

2. Standard Normal Variate, Normalization

Scaling differences arise from general instrumental sensitivity effects such as source
or detector variations, pathlength effects, scattering effects, etc., in spectroscopic
applications [28]. Other measurement systems also exhibit similar effects due to
physical or chemical effects, for example decreased activity of a contrast reagent or
physical positioning of a sample relative to a sensor. It is important that the relative
value of variables be used in these cases when doing multivariate modelling instead
of the absolute measured value. In essence, the attempt is to correct for scaling
effects using an internal standard or any other pseudo-constant reference value.

In sample normalization, the aforementioned undesired effects are corrected for by
identifying some aspect of each sample which should be essentially constant from
one sample to the next and correcting the scaling of all variables based on this
property. Normalization methods can correct for multiplicative effects depending
on the quality of separation between scaling effects which are due to properties of
interest (e.g., concentration) from the interfering systematic effects.

Normalization ensures that all samples have equal impact on the model. In the
absence of normalization, samples tend to have so much multiplicative scaling ef-
fects that they fail to contribute to the variance and consequently are not considered
relevant by most multivariate techniques.

SNV is the second most popular scatter correction method for NIR/NIT data after
MSC [29]. SNV is similar in principle to normalization, and the form of both
methods is the same as for the traditional MSC:

xcorr =
xorg − a0

a1

. (3)

For SNV, a0 = mean (sample spectrum to be corrected); for normalization, a0 = 0.
For SNV, a1 = standard deviation of the sample spectrum.
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Different vector norms may be used for the scaling factor a1 in the case of normal-

ization. However, the most commonly used is the city-block norm
n∑

j=1

|xi,j| or the

Euclidian norm

√
n∑

j=1

x2
i,j , where i and j represent sample and variable numbers,

respectively. Sometimes normalization also is done to the maximum absorbance
variable max(xi) or towards a single selected wavelength. However, there is a
need for caution in the last two cases, because they can compromise the subse-
quent analysis where the data are noisy. Although it has been mentioned earlier
that the signal-correction concepts behind SNV and Normalization are the same as
for MSC, a common reference signal is not required for SNV or Normalization.
Each observation is processed independently from the remainder of the set. SNV
and normalization can be sensitive to noisy entries in the spectrum, as they do not
involve a least squares fitting in their parameter estimation. Thus, one might con-
sider using more robust equivalents of statistical moments such as the mean and the
standard deviation or median and median absolute deviation as correction parame-
ters instead of these parameters themselves. For example, the robust normal variate
method reported in Guo et al. [30] uses the median or the mean of the inner quartile
range and the standard deviation of the inner quartile as estimates for a0 and a1,
respectively.

The next subsubsection discusses the Norris-Williams (NW) and Savitzky-Golay (SG)
derivative techniques. These two pre-processing techniques belong to the spectral deriva-
tives category.

2.2.2 Spectral derivatives

Derivatives have been used for many years in analytical spectroscopy to remove additive
and multiplicative effects from spectra before using calibration models [19]. To demon-
strate how spectral derivatives work, consider Figure 2. The three spectra (curves) in the
uppermost plot of Figure 2 are clearly not identical (let us assume the spectra ought to
have been identical), there is obviously a baseline problem as the green spectrum is ele-
vated compared to the blue one, and the red spectrum has a drift. Taking the first derivative
(see second plot) of all the spectra makes the red and green spectra identical because we
have removed any offset in the data. Taking the second derivative removes both offset and
linear drift from the data. Therefore, all three spectra become identical. A combination of
two or more pre-processing techniques may be applied to spectra. However, the order in
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which the techniques are applied is important. Huang et al. reported that SNV followed
by second derivative was not able to remove scattering effect from Raman spectra, while
the reverse order, second derivative followed by SNV, worked successfully [22].

Both the Norris-Williams (NW) and Savitzky-Golay (SG) derivative techniques employ
smoothing in order not to overly reduce the signal-to-noise ratio in the corrected spectra
[19].

Figure 2. The effect of derivation on additive (green) and additive plus multiplicative (red) effects.
The blue spectrum is the spectra without any offsets, and the black dotted line is the zero line [19].

Derivation uses finite differences. The first derivative is estimated as the difference be-
tween two subsequent spectral measurement points; the second order derivative is then
estimated by calculating the difference between two successive points of the first-order
derivative spectra:

x′i ' xi − xi−1 (4)

x′′i ' x′i − x′i−1 ' xi−1 − 2 · xi + xi+1, (5)

where x′i denotes the first derivative and x′′i the second derivative at wavelength i. Al-
though this method is very simple, it is not feasible for most real measurements due to
noise inflation; and as such should be avoided as much as possible in practice [19].
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1. Norris-Williams derivation

The NW derivation aims to avoid the noise inflation in finite differences. It was first
suggested and later elaborated on by Norris in 1983 [31] and Norris and Williams
in 1984 [32], as a way to calculate the derivative of NIR/NIT spectra. This method
involves two steps:

(i) Smoothing of the spectra, which involves averaging over a given number of
points:

xsmooth,i =

∑m
j=−m xorg,i+j

2m+ 1
,

where m is the number of points in the smoothing window centered around
the current measurement point i.

(ii) For first-order derivation, the difference between two smoothed values with
a given gap size between them (larger then zero) is taken; for second-order
derivation, we take twice the smoothed value at point i and the smoothed
value at a gap distance on either side:

x′i ' xsmooth,i+gap − xsmooth,i-gap (6)

x′′i ' xsmooth,i-gap − 2 · xsmooth,i + xsmooth,i+gap (7)

The actual derivation mimics a finite difference as seen from Equations 6 and 7.
The problem of decreasing the signal-to-noise ratio is minimized by applying a
smoothing prior to the calculation and by introducing a gap size. NW derivation is
often followed by normalization of the smoothed spectra in literature [19].

There are different settings or combinations of gap and smoothing window that give
identical estimates for the NW derivative. Generally, an m- point smoothing with
a gap size of k equals a k − 1 point smoothing and a gap size of m [19]. The
description of gap segment derivative given here comes from Hopkins et. al [33].

Hopkins et al. identified three methods for calculating derivatives in spectroscopy-
Savitzky Golay method of convolution functions, the Norris method, and the point
difference method [33]. Gap segment derivative is closely related to the Norris
method, which we will describe shortly.

The description of Gap segment derivative given follow that of Hopkins et al. [33].

Suppose we consider absorbances y measured at wavelengths of equal increments

x. Since a derivative is defined for continuous functions as lim∆x→0
∆y

∆x
, the desired



12

first derivative is taken to be proportional to the finite difference in y values for a
selected difference in x.

Where we have x locations separated by at least 2 up to as many as 7, 15, or 21
points, the derivative often can be approximated by taking the corresponding dif-
ference in y-values. This approach is used for slowly-changing functions. By ob-
serving derivatives at several increasing separations, one can tell when selected
separations are too large. A change in the basic shape of the derivative and unre-
solved minor or superimposed bands are indicators that the separation of the points
on the x axis is too great. According to Norris, less noisy derivative curves could
be obtained by taking the difference of two averages, formed by points surrounding
the selected x locations. The division of the difference in y values, or the y aver-
ages, by the x separation, ∆x, is also excluded for further simplification. Norris
introduced the terms segment and gap. Segment is the length of the x interval over
which y values are averaged while estimating the derivative, and gap is the length
of the x interval separating the averaged segments.

The Norris method is a useful, flexible, and computationally simple technique for
analysing spectra. It is especially useful when the wavelength is oversampled. The
length of the segment and gap intervals are specified in actual x units (nanometers).
In addition, the segment and gap intervals are are always taken as an odd number
of points to ensure that the averages correspond to the midpoints of the intervals.
Even intervals if allowed result in an error of a half-interval.

2. Savitzky-Golay derivation

This method for numerical derivation of a vector which also includes a smoothing
step was made popular by Savtizky and Golay (SG) [34]. A polynomial is fit in a
symmetric window on the raw data as shown in Figure 3 to find the derivative at
centre point i. After calculating the parameters for this polynomial, the derivative
of any order of this function can be found analytically. The value obtained is used
later as the derivative estimate for this centre point as shown in Figure 4. This step is
applied to all points in the spectra. We have to decide on the number of points to use
in calculating the polynomial (window size) and the degree of the fitted polynomial.
The degree of the polynomial used during the fitting is used to decide on the highest
derivative that can be determined. A third-order polynomial can be used to estimate
up to the third-order derivative.
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Figure 3. First derivative estimation by Savitzky-Golay using a seven-point window and second-
order polynomial for smoothing [19].

The SG derivation is such that two subsequent polynomial fits give the same estimate of
the coefficients for each derivation. A first-degree polynomial and second-degree polyno-
mial gives the same answer (as will the third and fourth degrees) for the first derivative.
A second and third-degree polynomial give the same answer (as will the fourth and fifth
degrees) for the second derivative. The NW and SG techniques neglect a number of points
at each end of the spectrum during the pre-processing because the original forms of NW
and SG derivation use a symmetric window smoothing, which requires that the number
of data points on each side of the center point be the same. The number of points lost for
NW derivation equals the number of points used for smoothing plus the size of the gap
minus one. In the case of SG derivation, the number of points lost equals the number of
points used for smoothing minus one. Hence, more points are absorbed in NW deriva-
tion than in SG derivation. This is not a concern when the spectra vector has more than
500 points. However, for shorter wavelength sets, the loss of wavelengths can be impor-
tant. SG derivation, on the other hand, uses more common filtering techniques to estimate
the derivative spectra, and fits a polynomial through a number of points to maintain an
acceptable signal-to-noise ratio instead of using the finite-difference approach.
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Figure 4. Savitzky-Golay with derivatives [19].

2.3 Some Applications of Partial Least Squares Regression

The review of PLS regression described in this section follows that of Mehmood et al. [35]
and Panero et al. [23].

Partial least squares (PLS) has gained much attention as a standard multivariate data anal-
ysis tool in the last ten to fifteen years with many applications in various fields of ana-
lytical chemistry [36]. Apart from its application in analytical chemistry, PLS has been
used in other fields to address variety of problems. PLS has been used for regression,
classification, variable selection, and survival analysis problems in areas covering ge-
nomics, chemometrics, neuroinformatics, process control, computer vision, econometric,
environmental studies, and more [35].

The curse of dimensionality (large number of variables for a given sample) is a problem
that is common to many fields of science, and it results in multicollinearity and over
fitting. Because univariate approaches are unable to solve these problems, many other
approaches have been introduced, and PLS is one of them. PLS competes favourably
with the other approaches [35,37]. The development of PLS was pioneered by Wold, and
the method originally targeted problems in chemometrics and econometrics [37], although
it also became useful in other fields such as machine learning, bioinformatics, computer
vision, and so on. The technical details of PLS are described by Geladi and Kowalski [36]
and by Naes and Martens [38]. See Figure 5 for an overview of the growth of partial least



15

squares applications in some selected fields.

Figure 5. An overview of growth of PLS applications in selected fields

The graph shows a general increase in the application of PLS from 2000 to 2014 in dif-
ferent fields, with chemometrics accounting for the highest number of applications.

2.4 A description of Partial Least Squares Regression

The description of partial least squares given here closely follow that of Hill et al. [39].

Partial least squares regression may be viewed as an extension of the multiple linear re-
gression model. Consider p independent variables X1, X2, . . . Xp from which we want to
predict a dependent variable say Y . The linear regression equation is given by

Y = b0 + b1X1 + b2X2 + b3X3 + . . .+ bpXp (8)

where b0 is the regression coefficient for the intercept and the bi’s are the unknown regres-
sion coefficients for variables 1 through p from the data.

Estimates of the linear relationships between variables are adequate to describe observed
data and make reasonable predictions for new observations in many data analysis prob-
lems. There are several extensions of the multiple linear regression model which aim to
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address more sophisticated data analysis problems. It is therefore the basis for multivari-
ate methods such as discriminant analysis, canonical correlation, and principal component
regression.

The aforementioned multivariate methods impose restrictions such that firstly, the number
of prediction functions can never exceed the minimum of the number of Y and X vari-
ables. Secondly, factors underlying the Y andX variables are extracted from the Y ′Y and
X ′X matrices, respectively, and never from cross-product matrices involving both the Y
and X variables.

Partial least squares extends multiple linear regression without imposing any of the two
restrictions above. Instead, prediction functions are represented by factors extracted from
the Y ′XX ′Y matrix. Typically, the number of prediction functions that can be extracted
will exceed the maximum of the number of Y and X variables. This makes partial least
squares useful where other multivariate methods are limited. For example, partial least
squares is useful where there are fewer observations than predictor variables.

Like multiple linear regression, partial least squares aims to build a model

Y = XB + E (9)

where X is an n cases by p variables predictor matrix, Y is an n cases by m variables
response matrix , B is a p by m regression coefficient matrix and E is a noise term for the
model. X and Y variables are centered by subtracting their means and scaled by dividing
by their standard deviations [36].

Factor scores which are linear combinations of original predictor variables are produced
by both principal components regression and partial least squares regression such that
no correlation exists between the factor score variables used in the predictive regression
model. This approach is useful where we have a data set with response variables say Y
and a large number of predictor variablesX (bothX and Y are in matrix form) with some
of the variables highly correlated.

For the aforementioned data set, a regression approach which uses factor extraction com-
putes T = XW where T is the factor matrix for an appropriate weight W . It then
considers the the linear regression model Y = TQ + E, where Q represent loadings for
T , and E the noise term. The above regression model is equivalent to Y = XB + E,
where B = WQ after computing the loadings Q. B = WQ can be used as a predictive
regression model.
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Although principal component regression and partial least squares extract factor scores,
they differ in the methods employed. In principal component regression, the weight ma-
trix W produced reflects the covariance structure between predictor variables. However,
the weight matrix W produced in partial least squares regression reflects the covariance
structure between the predictor and response variables.

To establish the model, partial least squares regression involves two steps. First, it pro-
duces a p by cweight matrixW forX such that T = XW . Secondly, it performs ordinary
least squares procedures for the regression of Y on T , producing Q, the loadings for Y
such that Y = TQ+E. By computing Q, we have Y = XB+E, where B = WQ. This
completes the prediction model.

For a holistic description of partial least squares regression, we have P , the p by c factor
loading matrix which gives a factor model X = TP +F . F is the unexplained part of the
X scores. There are two common algorithms for computing partial least squares regres-
sion components: the nonlinear iterative partial least squares (NIPALS) and SIMPLS. See
Wold [40] and De Jong [41] for details.

Partial least squares regression is one of the most widely used multivariate calibration
method in chemometrics [28,42]. It is applied frequently in quantitative spectroscopy for
correlating spectroscopic data (X) with related physico-chemical data (Y). Like PCA or
PCR, PLS regression is based on latent variables. The difference is that the PLS regression
decomposition of X during regression is based on the variation in Y [42]. We maximize
the covariance between X and Y and extract the variation in X directly correlating with
Y. PLS regression can handle high collinearity, which is usual with spectroscopic data
because it is based on latent variables, in contrast to MLR [43].

This chapter has presented a survey of common pre-processing techniques used for spec-
troscopic data. It also describes partial least squares regression and reviewed some of its
applications in different fields. The next chapter describes the data, tools, and methods
employed in this study.
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3 Mosquito Spectra Data

This chapter offers a description of the data used in this study, the instrument used to
collect the data, the measurement procedure, and the source of the data. It also contains
a short summary of how the data is analyzed in line with the objectives defined for this
study.

3.1 Mosquitoes and Spectra Collection

The review of mosquito spectra collection given in this section comes from Milali [4] and
Mayagaya et al. [12]. All data analyzed in this thesis was collected by Masabho Peter
Milali at Ifakara Health Institute, Tanzania, under a project funded by Grand Challenges
Canada Stars for Global Health (Grant 0439-01) awarded to Dr Maggy Sikulu-Lord, the
University of Queensland, Australia. The data is used here by permission.

The data come from spectra obtained after scanning lab-reared mosquitoes. The mosquitoes
were reared at 27 degrees and relative humidity of 80%, and the photoperiod was 12:12
light dark cycle with a 30-minute dawn and dusk period. They were reared on a 10% glu-
cose in water and larvae were fed ground shakes. Before scanning was done, mosquitoes
were first killed. Some of the mosquitoes were frozen for 20 minutes to kill them be-
fore spectra collection, while others were preserved by drying on paper towels prior
to scanning. Dead mosquitoes were placed on a spectralon plate which takes about 20
mosquitoes per time. Each mosquito on the plate was scanned by rotating the plate until
the head and thorax of the mosquito were under the NIR probe. The data include NIR
spectra from two species of mosquitoes: Anopheles gambiae and Anopheles arabiensis.
Both groups of mosquitoes consist of spectra from mosquitoes of ages 1, 3, 5, 7, 9, 11, 15,
and 20 days. The Anopheles arabiensis group also had 25-day old mosquitoes. Individual
mosquito spectra were collected using a QualitySpec Pro spectrometer (350 − 2500 nm;
ASD Inc, Boulder, CO), shown in Figure 6.
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Figure 6. Scanning mosquitoes using a QualitySpec Near InfraRed Spectrometer. A shows a plate
with killed mosquitoes positioned for scanning, B shows spectra from the mosquitoes, and C is
the complete NIRS system (ASD Inc, Boulder, CO) [12]

Considering all mosquitoes together implies more variation which consequently may lead
to poor model performance. Most studies should be more narrowly focused. However,
we did not do that here to present a more severe challenge to pre-processing techniques.

3.2 Data Description

The original data are NIR absorbance spectra from 3149 mosquitoes (observations) with
corresponding absorbances xi at frequencies 350 − 2500 nm (index i corresponds to
frequencies). However, we used the near-infrared region of the electromagnetic spectrum
780− 2500 nm for our analysis.

Mayagaya et al. [12] removed some absorbance values at low and high frequencies. Un-
like Mayagaya et al., we removed some mosquitoes (samples) whose response variable
(age) was not available.

After removing missing values from the data, we loaded the remaining data consisting
of 2919 mosquitoes into the PLS toolbox (an Eigenvector Research software product) for
continuing analysis. See Wise et al. [24] for details of how the PLS toolbox works.

The plot of the data (see Figure 7) shows a lot of variation and some measure of noise at
some high frequencies. Using the region 780 − 2500 for our analysis automatically han-
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dled the noise in the low frequencies. In any case, noise removal is part of pre-processing,
and a good pre-processing method (properly applied) minimizes or completely removes
noise so that we can effectively model data relevant to the phenomenon of interest.

Figure 7. Graph of spectra showing some noise at high frequencies

A look at Figure 7 shows that each mosquito spectrum has two distinct jumps which are
clear from the graph. They occur between 1000nm and 1001nm and between 1800nm

and 1801nm. Although their size look like they mean something, but they are measure-
ment artefacts. The machine has three separate detectors for sets of wavelengths, and
the jumps occur as we move from one detector to the next. The first detector measures
absorbances at frequencies 350 − 1000nm, the second from 1001 − 1800nm, and the
third from 1801 − 2500nm. This accounts for the reason why frequencies at 1000nm

and 1001nm and at 1800nm and 1801nm do not quite match. We do not expect the
jumps to have any effect on the scatter correction pre-processing techniques like mul-
tiplicative scatter correction, extended multiplicative scatter correction, standard normal
variate, Normalization etc. However, we worry that the jumps will pose a problem for
spectral derivative techniques like Savitzky Golay and Gap segment derivative because
the resulting derivative estimates at the jumps will be much larger than the derivatives at
all the other points. Future work might consider removing these jumps.

Table 2 shows the number of mosquitoes of different ages from the Gambia and Arabien-

sis species.
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Table 1. Table showing the number of mosquitoes of different ages in the dataset

Mosquito age (days) Gambiae Arabiensis Total
1 102 185 287
3 181 220 401
5 178 213 391
7 159 271 430
9 155 220 375

11 156 164 320
14 0 9 9
15 181 161 342
20 90 158 248
25 0 116 116

3.3 Strategies for Comparing the Selected Pre-processing Techniques

This subsection explains how the data is split for the purpose of applying selected pre-
processing techniques. It also describes how the performance of the selected pre-processing
techniques applied to the data is measured. Lastly, it states how the performance of the
selected pre-processing techniques is compared. The selected pre-processing techniques
are multiplicative scatter correction, extended multiplicative scatter correction, normal-
ization, derivative (SavGol), and Gap Segment Derivative.

Firstly, the data is split into a training and a test set such that the different mosquito ages
and species are well represented in each set. The training and test sets each contain 1487
mosquitoes.

Secondly, a PLS model is built using the training data, and how well the model performs
is determined using the test set. Next, a selected pre-processing technique is applied
to the training data, and a PLS model is built using the pre-processed data. How well
the new model performs is ascertained using the test set. The results obtained in both
cases are compared to see the effect of the particular pre-processing technique. This
process is repeated for each of the five selected pre-processing techniques. The models
before and after applying each pre-processing technique are also compared on the basis
of the variance explained in the response variable (mosquito age) by a given number of
components.

The selected pre-processing techniques are then compared using the RMSEP and Q2

(or predicted R2 ) values obtained for the model after applying each technique. A pre-
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processing technique which results in a higher Q2 value and lower RMSEP is considered
better than one that results in a comparatively lower Q2 and higher RMSEP value.

This chapter has discussed the data used in this study, mentioned the selected pre-processing
techniques applied to the data, and described the strategies used to compare the perfor-
mance of the selected pre-processing techniques. The next chapter gives additional in-
formation about three of the selected pre-processing techniques, describes how each is
applied to the data, and discusses the results obtained.



23

4 Influence of Multiplicative Scatter Correction, Extended
Multiplicative Scatter Correction, and Standard Nor-
mal Variate on Mosquito Age Prediction

This chapter contains additional information about three of the selected pre-processing
techniques: Multiplicative scatter (MSC), Extended multiplicative scatter correction (EMSC),
and standard normal variate (SNV). These three techniques are examples of scatter cor-
rection techniques, which generally aim to minimize variability between samples due to
light scatter. The chapter also describes how each of these techniques was applied to the
data, how it worked, and the observations made in each case.

4.1 Multiplicative Scatter Correction (MSC)

MSC correction involves regressing the raw spectrum against a reference spectrum and
correcting the raw spectrum using the slope and intercept of the line of best fit [28]. MSC
is useful in curtailing baseline offsets and multiplicative effects [22]. In many cases, the
outcome of MSC is similar to that of SNV, although the later is preferred in spectroscopic
analysis because it corrects each spectrum individually and does not need the entire data
set [44].

Like many other pre-processing techniques, MSC is performed prior to centering and/or
scaling [24]. Thus, we performed MSC on the data followed by mean centering. Fig-
ure 8 and Figure 9 shows a plot of the spectra after mean centering and after applying
MSC, respectively. Figure 10 is a plot of the spectra after MSC and mean centering were
consecutively applied to the spectra.
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Figure 8. Spectra before any pre-processing

Figure 9. Spectra after multiplicative scatter correction
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Figure 10. Spectra after multiplicative scatter correction followed by mean centering

A closer look at the plot of the spectra after MSC correction (see Figure 9) shows some
measure of separation between individual spectra, especially towards the high wave-
lengths. This is due to light scatter, which is typical of the diffuse absorbance instrument.

The plot of the original spectral (see Figure 8) shows more variation compared to the plot
of the spectra after correction by MSC (see Figure 9). Although the huge variation in
the original spectra as seen from Figure 8 looks quite trivial from a Near Infrared point
of view, applying MSC removes a part of it [45]. The corrected spectra are often more
precise (lesser variation) and contain more useful information about the response variable
(age) we seek to model [19, 45].
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Table 2. Percent variance captured by PLS model before multiplicative scatter correction

Number of
Components

Var. expl.
in X

Cum. var
expl. in X

Var. expl.
in Y

Cum. var.
expl. in Y

1 89.96 89.96 0.25 0.25
2 2.31 92.27 4.19 4.44
3 7.06 99.53 0.56 4.99
4 0.19 99.72 6.99 11.99
5 0.19 99.77 1.49 13.47
6 0.05 99.82 2.24 15.71
7 0.05 99.90 1.10 16.82
8 0.08 99.91 0.56 17.37
9 0.01 99.94 2.49 19.87
10 0.03 99.95 0.78 20.65

Table 3. Percent variance captured by the PLS model after multiplicative scatter
correction

Number of
Components

Var. expl.
in X

Cum. var
expl. in X

Var. expl.
in Y

Cum. var.
expl. in Y

1 76.53 76.53 1.99 1.99
2 8.4 84.98 0.18 5.70
3 5.13 90.12 2.38 8.08
4 3.00 93.12 2.49 10.58
5 1.89 95.01 1.86 12.43
6 1.70 96.71 1.01 13.44
7 0.8 97.51 1.74 15.18
8 0.54 98.05 2.77 17.95
9 0.58 98.63 1.02 18.96
10 0.11 98.74 3.40 22.36

The PLS model built on the data after applying MSC generally captures more variability
in mosquito age with the first three components (or latent variables) than the one built on
the original spectra (see Table 2) as seen from Table 3. However, applying MSC did not
make much difference in terms of variability captured by the model.

To further ascertain the impact of MSC correction on the data, we validated the models
built before and after applying MSC on the test set. Table 4 shows some of the results
obtained.
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Table 4. PLS model (seven components) results before and after applying multiplicative scatter
correction

Model RMSEC RMSEP R2 Q2

Before MSC 5.70 7.00 0.17 0.008
After MSC 5.76 6.02 0.15 0.105

The results presented in Table 4 show that applying MSC on the data helped improve the
predictive power of the model on test data. From Table 4, we see a statistically significant
increase in theQ2 value from 0.008 to 0.105. The value of the coefficient of determination
(R2 ) and root mean square error of calibration (RMSEC ) before and after applying MSC
were approximately equal, while the root mean square error of prediction decreased after
applying MSC as seen from Table 4.

It can be observed from the Q2 values both for the model before and after applying MSC
that both models predicted mosquito age poorly. This is because of the huge variation
in the data. Recall that the data is made up of mosquitoes of different species and ages
which were also preserved differently prior to scanning. There is also a likely variation
due to the aging of the instrument used to scan the mosquitoes. These differences account
for the variation in the data, and such variation is generally common with NIR data [19].

Table 5 shows PLS model (fitted with three components) results for spectra from both
Gambia and Arabiensis species together and Gambia and Arabiensis species separately.

Table 5. PLS model(three components) results for both species and single species

Model RMSEP Q2

Both species 6.75 3.563× 10−5

Gambia only 5.07 0.110
Arabiensis only 7.15 0.171

The results from Table 5 generally show that the model built with spectra from Gambia

or Arabiensis mosquito species only performed better than the model with both species
together. The Q2 values recorded for single species is significantly higher than that ob-
tained for both species together. The RMSEP values recorded is lower for model built
on spectra from Arabiensis than that built with both species. Although the RMSEP value
is higher for the model built with both species than the model with spectra from Gambia

species only, both values are approximately equal. This further supports our assertion that
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there is much more variation to deal with when we build a model based on spectra from
the two mosquito species than from one. We deliberately fitted a model with three compo-
nents for a better comparison since more variation is captured generally by a PLS model
with an increasing number of components. Mayagaya et al. used six components [12].

Having said that, model prediction accuracy can be improved significantly through vari-
able selection. This is more so when dealing with NIR data because it is generally prone
to undesirable effects [19]. However, that is not the focus of this work.

4.2 Extended Multiplicative Scatter Correction (EMSC)

The EMSC pre-processing technique is suitable for minimizing wavelength-dependent
light scattering variation [22]. This makes it possible for chemical effects to be mod-
elled more easily. For example, the technique is used to seperate physical light-scattering
effects from chemical absorbance effects in spectra from powders or turbid solutions
[46, 47]. The technique which was proposed by Martens et al. [22] as an extension of
the popular multiplicative Scatter/Signal Correction technique. EMSC is more flexible
than MSC in terms of background selection for subtraction of known interferences, scal-
ing targets, and known analyte spectra [47].

We applied EMSC with polynomial order one and EMSC with polynomial order two to
the spectra. We observed that the later performed better than the former in improving
mosquito age prediction. Thus, we settled for EMSC with polynomial order two. Like
MSC, EMSC correction is applied, followed by mean centering. The plot of the spectra
after applying EMSC correction is shown in Figure 11. Figure 12 is the plot of the spectra
after EMSC correction followed by mean centering. Comparing Figure 11 with Figure 9
after applying MSC shows that the EMSC technique further removes variation from the
spectra, narrowing the distance between individual spectra. The MSC and EMSC cor-
rected spectra both show some noise in the high wavelength regions. Comparing Figure
11 and Figure 8 shows that EMSC removes much more variation from the spectra than
MSC. Like MSC, it reveals more clearly the peaks in the spectra and appears to exagger-
ate jumps at 1000nm and 1800nm. However, it did not remove the noise associated with
the high frequencies.
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Figure 11. Spectra after applying extended multiplicative scatter correction

Figure 12. Spectra after applying extended multiplicative scatter correction followed by mean
centering
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To avoid repetition, Table 2 is considered as the table showing the variability captured by
the PLS model built on the data before EMSC. Table 6 shows the variability captured by
the PLS model built on the data after applying EMSC correction.

Table 6. Percent variance captured by the PLS model after extended multiplicative scatter correc-
tion

Number of
Components

Var. expl.
in X

Cum. var
expl. in X

Var. expl.
in Y

Cum. var.
expl. in Y

1 39.89 39.89 4.30 4.30
2 23.57 63.47 2.46 6.76
3 6.30 69.77 3.66 10.42
4 9.86 79.63 0.96 11.39
5 2.29 81.92 3.46 14.84
6 5.67 87.60 0.84 15.68
7 2.27 89.87 1.91 17.59
8 2.08 91.96 1.61 19.20
9 0.64 92.60 4.25 23.45
10 2.86 95.46 1.22 24.67

By comparing Tables 2 and 6, we see that the variability captured by the model for
mosquito age after applying EMSC correction is higher than that of the model before
applying EMSC. The results obtained for MSC and EMSC corrections are compared in
Chapter 6.

We now proceed to obtain some model results to help determine how well EMSC correc-
tion performed.

Table 7. PLS model (seven components) results before and after applying extended multiplicative
scatter correction

Model RMSEC RMSEP R2 Q2

Before EMSC 5.70 7.00 0.17 0.008
After EMSC 5.68 7.24 0.18 0.021

Table 7 shows a decrease in the root mean square error of calibration (RMSEC ) and a
small increase in the value of the coefficient of determination (R2 ). EMSC correction
improved the predictive power of the model (Q2 ) from 0.008 to 0.021. However, we are
worried about the validity of our assertion seeing that the RMSEP value is higher after
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EMSC correction, unlike what we ordinarily expected, since EMSC correction gave a
higher Q2 value and lower RMSEC value as seen from Table 7. We therefore proceeded
to compare the models before and after EMSC correction using the root mean square
error of cross validation (RMSECV ) and the cross validated (R2CV ). The RMSECV

values obtained for the PLS model built before and after EMSC correction are 5.75 and
5.85, respectively, while the R2CV values are 0.15 and 0.13, respectively. Hence, our
initial assertion was wrong. We therefore conclude that applying EMSC correction to
the data did not improve mosquito age prediction. According to Rinnan et al., there is
sometimes the danger of applying the wrong type of pre-processing or too severe prepro-
cessing leading to the removal of useful information relevant to the feature we seek to
model from the data. We therefore presume that EMSC correction must have removed
relevant information related to mosquito age from the spectra.

4.3 Standard Normal Variate (SNV)

The description of SNV given in this subsection comes from Wise et. al [24] and Lasch [20].

SNV is a weighted normalization method commonly used in near infrared spectroscopy.
By weighted, it implies that not all points contribute equally to the normalization. SNV
first calculates the standard deviation over all the variables for a given sample and then
divides (normalizes) the sample by this value. The result is a sample with unit standard
deviation. Values which deviate from the individual mean are weighted more heavily than
those near the mean [24]. Like MSC and EMSC, SNV corrects spectra for light scattering
effects and its outcome is similar to that of MSC [20]. See Chapter two for details.

Figure 13 shows a plot of the spectra after SNV correction. The plot of the spectra after
SNV correction looks similar to the plots obtained after MSC and EMSC correction (see
Figures 9 and 11. Recall that the three techniques belong to the scatter correction cate-
gory. Like MSC and EMSC, SNV correction removes part of the variation in the original
spectra.

Like the two previous processing techniques discussed, SNV is applied prior to mean
centering. Table 8 shows the variability captured by the PLS model after applying SNV
on the spectra. To avoid repetition, reference will be made to Table 2 as the table showing
the variability captured by the PLS model built on the original spectra before applying
SNV.
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Figure 13. Spectra after applying standard normal variate

Comparing the values in Tables 2 and 8, we observe that the PLS model built after ap-
plying SNV to the spectra generally captures more variability in mosquito age than the
one built on the original spectra. This is especially true when we consider the first three
latent variables (or components). Thus, applying SNV gives a more robust model. Next,
we proceed to check how well the models built before and after applying SNV performed
on the test set. The results are shown on Table 9.
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Table 8. Percent variance captured by the PLS model after applying standard normal variate

Number of
Components

Var. expl.
in X

Cum. var
expl. in X

Var. expl.
in Y

Cum. var.
expl. in Y

1 74.15 74.15 2.12 2.12
2 8.79 82.95 4.04 6.16
3 5.34 88.28 2.66 8.81
4 3.30 91.58 2.36 11.18
5 1.81 93.39 1.85 13.03
6 1.97 95.37 0.92 13.95
7 0.93 96.29 1.42 15.37
8 0.58 96.87 2.77 18.14
9 0.50 97.37 1.56 19.70
10 0.16 97.53 3.71 23.41

Table 9. PLS model (seven components) results before and after applying standard normal variate

Model RMSEC RMSEP R2 Q2

Before SNV 5.70 7.00 0.17 0.008
After SNV 5.75 5.99 0.15 0.103

Applying SNV to the spectra generally improved model performance on the test set as
seen from the drop in the RMSEP value from 7.00 to 5.99 and an increase in Q2 value
from 0.008 to 0.103.

This chapter has given additional information on multiplicative scatter correction, ex-
tended multiplicative scatter correction and standard normal variate. It also describes how
each of these techniques were applied to the data and the results obtained. While MSC
and standard normal variate improved model performance on test data, EMSC performed
poorly. We therefore recommend that EMSC is not a suitable pre-processing technique
for the data. Details of comparing the results are given in Chapter six. The next chapter
describes Savitzky Golay and Gap segment derivative techniques, how they are applied
to the data, and the results obtained. The chapter closes with a comparison of results
obtained from all five pre-processing techniques considered in this study.



34

5 Influence of Savitzky-Golay and Gap segment Deriva-
tive on Mosquito Age Prediction

The three pre-processing techniques discuseed in the previous chapter belong to the scat-
ter correction methods. This chapter provides more detail on two techniques belonging to
the spectral derivatives category: Savitzky Golay and Gap segment. It contains descrip-
tions on how each technique was applied to the data, how each technique worked and
the observations made in each case. The chapter closes with a comparison of the results
obtained from each of the five selected pre-processing techniques applied to the data.

5.1 Savitzky-Golay Smoothing and Derivatives

The description of derivatives given in this section comes from Wise et al. [24] and Huang
et al. [22].

Savitzky-Golay is a method used for both smoothing and derivation. Smoothing is com-
monly applied on spectra to eliminate high-frequency noise from samples. Derivatives
are used mostly to resolve peak overlap and remove baseline drift between spectra. The
technique involves taking the derivative of measured responses with respect to a variable
index, wavelength, or wave number. Most applications make use of first and second order
derivatives, rather than higher-order ones. Two disadvantages of applying derivatives are
noise amplification and the difficulty associated with spectral interpretation. The noise
amplification is a result of derivatives de-emphasizing low frequencies and emphasizing
high frequencies. Because of this, the Savitzky-Golay algorithm often performs smooth-
ing and derivation at the same time. This makes the transformed data more useful. See
Chapter two for more details.

The Savitzky-Golay algorithm requires selection of the window (filter width) size, the
order of the polynomial, and the order of the derivative both for smoothing and derivative.
Smoothing proceeds better with larger window size and lower polynomial order.

We applied Savitzky-Golay smoothing to the spectra using a derivative order 1, poly-
nomial order 1, and a filter width of 31. The filter width is chosen by trying different
filter widths and checking how the model results improve. The plot of the spectra after
smoothing is shown in Figure 14. Figure 15 is a plot of the smoothed data followed by
mean centering. Artefact peaks are present near 1000nm and 1800nm in both figures, but
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they are smaller than other valid peaks.

Figure 14. Spectra after Savitzky-Golay smoothing using derivative order 1, polynomial order 1,
and a filter width of 31
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Figure 15. Spectra after smoothing followed by mean centering using a derivative order 1, poly-
nomial order 1, and a filter width of 31

Figure 14 shows smoother spectra with less noise than the original spectra. The noise
associated with the high frequency region of the spectra after correction by MSC, EMSC,
and SNV (see Figures 10, 11 and 13) are also removed by applying smoothing. The
observed distortion in the smoothed spectra is an indication that the original spectra is
not smooth. When the true underlying signal is smooth, the true signal will not be much
distorted by smoothing, although the high frequency noise will be minimized [48]. Hence,
Savitzky-Golay smoothing is suitable for our data since we can deduce from Figure 14
that the raw spectra (data) is not smooth because it was distorted after smoothing.

The plot of the smoothed spectra (Figure 14) shows the peaks in the spectra compared to
the plot of the original spectra (see Figure 8). Comparing Figures 8 and 14 also shows that
smoothing preserves the position of the peaks in the x-axis and the areas under them. This
is very important especially for analytical and spectroscopic applications. The reason is
that determining peak positions are often important measurement objectives [48].

Table 10 shows the percentage variability captured by the PLS model built based on the
smoothed and mean-centered spectra.
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Table 10. Percent variance captured by the PLS model after Savitzky-Golay smoothing and mean
centering

Number of
Components

Var. expl.
in X

Cum. var
expl. in X

Var. expl.
in Y

Cum. var.
expl. in Y

1 84.83 84.83 0.82 0.82
2 2.05 86.89 9.54 10.36
3 1.78 88.67 3.29 13.65
4 4.54 93.21 0.98 14.63
5 1.49 94.69 2.72 17.34
6 1.45 96.14 1.62 18.97
7 0.36 96.51 4.14 23.10
8 0.53 97.03 1.43 24.54
9 0.45 97.48 2.19 26.73
10 0.30 97.78 3.63 30.36

From Table 10, we observe that the PLS model built on the smoothed spectra generally
captures more variability in mosquito age compared to the one built on the original spectra
(see Figure 2).

To further determine the effect of smoothing on the spectra, we determined how well the
model based on the smoothed spectra performs on the test set. The results are shown in
Table 11.

Table 11. PLS model (fitted with seven components) results before and after applying Savitzky-
Golay smoothing

Model RMSEC RMSEP R2 Q2

Before Smoothing 5.70 7.00 0.17 0.008
After Smoothing 5.49 7.61 0.23 0.0184

Although the Q2 value obtained in the case of the model built on the smoothed data is sig-
nificantly higher than that of the model built on the original spectra, we are surprised that
the RMSEP value is also higher. We therefore compared the model results for both cases
using additional metrics like the root mean square error of cross-validation (RMSECV )
and cross-validated R2 . RMSECV values for the model built on the original spectra
and that built on the smoothed spectra are 5.76 and 5.62, respectively, while the corre-
sponding R2CV values are 0.153 and 0.196, respectively. Together, the results show that
smoothing improved mosquito age prediction significantly.
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The Eigenvector PLS toolbox used for this work treats Savitzky-Golay smoothing and
Savitzky-Golay derivative as two different methods. However, both methods involve
smoothing and derivatives, and the settings in both cases can be adjusted to give the same
Q2 value.

5.2 Gap Segment Derivative

The gap segment derivative is closely related to the Norris gap derivative [33]. Norris
Gap derivatives can be viewed as a special case of gap segment derivative with segment
size s = 1. The gap segment derivative enables one to compute first, second, third, and
fourth order derivatives. The algorithm has two parameters-a gap factor and a smoothing
factor [49]. These are determined by the segment size and gap size that a user chooses.
The gap derivatives are used to improve the rejection of interfering absorbers.

Figure 16. Spectra after applying the gap segment derivative

Figure 16 is a plot of the spectra after applying the gap segment derivative with a gap
and segment size of 11 and 9, respectively. The plot generally shows little noise. The
peaks in the data are clearly visible, and their position unchanged from where they are
in the original spectra (see Figure 8). Artefact peaks are also present near 1000nm and
1800nm, but smaller than other valid peaks. Like the case of Savitzky-Golay smoothing,
we chose the gap and segment size based on the option that gave the best Q2 value.
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The gap segment derivative technique also involves derivative and smoothing just like
Savitzky-Golay.

Table 12 shows the percentage variability captured by the PLS model built after applying
Gap segment derivative to the spectra.

Table 12. Percent variance captured by the PLS model after applying gap segment derivative

Number of
Components

Var. expl.
in X

Cum. var
expl. in X

Var. expl.
in Y

Cum. var.
expl. in Y

1 83.58 83.58 0.72 0.72
2 1.54 85.11 9.96 10.68
3 1.62 86.73 2.37 13.05
4 4.36 91.10 0.75 13.80
5 2.36 93.45 2.86 16.66
6 3.45 96.91 1.62 18.28
7 0.31 97.21 3.92 22.20
8 0.26 97.48 12.95 25.15
9 0.37 97.85 2.19 27.34
10 0.30 98.15 2.26 29.60

Table 12 clearly shows that the variability in mosquito age captured by the PLS model
improved significantly after applying gap segment derivative. To further strengthen our
assertion, we compared model results before and after applying gap segment derivative.
We particularly compared how well the models performed on the test set. Table 13 shows
some of the model results we compared.

Table 13. PLS model (fitted with seven components) results before and after applying gap seg-
ment derivative

Model RMSEC RMSEP R2 Q2

Before gap segment derivative 5.70 7.00 0.17 0.008
After gap segment derivative 5.52 6.75 0.22 0.046

Table 13 shows a significant increase in Q2 value from 0.008 to 0.046 and a decrease
in RMSEP from 7.00 to 6.75. There was also a decrease in RMSEC and R2 values
after applying the derivative. We therefore conclude that applying gap segment derivative
improved mosquito age prediction significantly. We recommend the use of gap segment
derivative for our NIR data.
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This chapter provided additional information on Savitzky Golay and gap segment deriva-
tive. It also described how each of them was applied to the data, how each technique
worked and the observations made in each case. The next chapter compares the results
obtained from each of the five selected pre-processing techniques applied to the data and
the conclusions.
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6 Comparing Results from All Five Selected Pre-processing
Techniques

This chapter opens with a brief note on comparing results of pre-processing techniques. It
compares the results obtained from applying the five selected pre-processing techniques.
It closes with general conclusions based on the results obtained in this work and recom-
mendations for future work.

6.1 A Brief Note on Comparing Pre-processing Techniques

There are several pre-processing techniques that may be applied to spectral data. Some-
times a combination of more than one pre-processing technique properly applied has been
shown to improve the end model. It is difficult to decide the best choice of pre-processing
option prior to model validation [19]. Therefore, the decision as to which pre-processing
or combination of pre-processing techniques best fits a given spectral data is determined
based on metrics such as the root mean square error of prediction (RMSEP ) or root mean
square error of cross validation (RMSECV ). However, prior knowledge of the data is
important. Such background knowledge of samples and spectra under consideration and
one’s expectation of how the data should behave makes it easier to decide which process-
ing method(s) [50]. It also makes it easier to decide on the values of specific parameters
to use while exploring a given pre-processing option, consequently preventing a slavish
dependence on computer results [50].

6.2 Comparing Results from Selected Pre-processing Techniques

Table 14 is a summary of the RMSEP and Q2 values obtained for the PLS models built
based on the original spectra and all five selected pre-processing technique. Each of the
PLS models was fit using seven components. This is to make model result comparison
easier, not because seven is the optimal number of latent components for all the models.
Results are generally similar for other numbers of components.
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Table 14. Table showing RMSEP and Q2 for selected Pre-processing Techniques

Pretreatment RMSEP Q2

Original Spectra 7.00 0.008
Multiplicative Scatter Correction 6.02 0.105
Extended Multiplicative Scatter Correction 7.24 0.021
Standard Normal Variate 5.99 0.103
Savitzky-Golay Smoothing 7.61 0.018
Gap Segment derivative 6.75 0.046

From Table 14, we observe that all the pre-processing techniques improved mosquito
age prediction judging from the RMSEP and Q2 values (in addition to RMSECV and
R2CV in the case of EMSC and Savitzky-Golay smoothing) except EMSC. The scatter
correction techniques among the five selected pre-processing techniques, that is MSC,
EMSC, and SNV generally performed better than those techniques belonging to the scat-
ter correction category (Savitzky-Golay and gap Segment derivative). Thus, there is a
likelihood that there is more of the variation in the data due to light scatter than baseline
drift or offset.

Huang et al. [22] opined that many times the outcome of multiplicative scatter correction
is similar to that of standard normal variate. This assertion is supported by the RMSEP

and Q2 obtained after applying multiplicative scatter correction and standard normal vari-
ate to our data as seen from Table 14. The RMSEP and Q2 values for the two techniques
are clearly very close. Comparing the RMSECV and R2 values for the standard normal
variate and multiplicative scatter correction show that the former performed slightly better
than the later. The RMSECV values for standard normal variate and multiplicative scatter
correction are 5.84 and 5.86, respectively, while the R2CV values are 0.129 and 0.124,
respectively. Thus, we conclude that standard normal variate performed better than all the
other selected pre-processing technique, and is therefore the best choice of pre-processing
for the data. However, our result is not conclusive, since we did not do variable selection.
This is clearly seen in the low R2 and Q2 recorded throughout this work. Having said
that, we are confident that the pre-processing techniques discussed in this study and other
related issues will be very useful in mosquito spectra modelling.

6.3 Conclusion and Future Work

This study explored five pre-processing techniques that are commonly applied to spec-
troscopic data. We demonstrated the effect of multiplicative scatter correction, extended
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multiplicative scatter correction, standard normal variate, Savitzky Golay smoothing, and
gap segment derivative on mosquito age estimation from NIR data. Our results show
that the scatter correction methods (multiplicative scatter correction, extended multiplica-
tive scatter correction, and standard normal variate) from our list of five selected pre-
processing techniques generally performed better than the techniques belonging to the
spectral derivative category (Savitzky-Golay smoothing and gap segment derivative). We
therefore concluded that there is a likelihood that there is more variation owing to light
scattering effect than baseline drift or offset in the data.

Multiplicative scatter correction was observed to improve model prediction better than all
the other techniques. The Q2 and RMSEP values obtained after multiplicative scatter
correction were very similar to those obtained for standard normal variate as expected.
Multiplicative scatter correction is known to give results similar to those of standard nor-
mal variate. Extended multiplicative scatter correction on the other hand was observed to
perform poorly on the data. It did not improve model prediction. We concluded that the
technique is too severe, as it must have removed useful information relevant to mosquito
age. Therefore, we conclude that it is not appropriate for our data.

The results from this work generally show that pre-processing when properly applied can
improve the robustness and accuracy of subsequent quantitative analysis. Pre-processing
can also help our interpretation of the raw data, as it transforms the data into a form that
both humans and machines can easily understand. Proper pre-processing also aids the
detection and removal of outliers and trends, and it has proved useful in dimensionality
reduction.

The need for variable selection when dealing with spectroscopic data cannot be over-
emphasized. Variable selection is useful in removing irrelevant or noisy variables. It im-
proves the predictive power, interpretability, and statistical properties of models. Variable
selection can also save time and cost where it is expensive and time consuming to measure
all the original variables. We therefore recommend that future work incorporates variable
selection to improve mosquito age prediction. For example, we could deliberately build
PLS models using specific wavelength ranges, especially the regions with peaks as they
are the most informative depending on the chemical compounds associated with them.
We recommend a genetic algorithm technique for variable selection (see Wise et al. [24]).
Complementary insights into important wavelength ranges are offered by PLS weights
by frequency similar to Figure 3 in Mayagaya et al. [12]. Potentially informative wave-
length regions often appear as peaks in a variable/loadings plot in the PLS toolbox [24].
While some peaks correspond to water absorption, others may correspond to C-H over-
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tones. Mayagaya et al. reported that peaks coresponding to C-H groups are significant
age-grading regression peaks [12].

The samples in our training and test sets were made up of mosquitoes from the Arabiensis

and Gambiae species. We suspect that this affected the model predictions, as spectra from
mosquitoes of the same species probably are more similar than those from mosquitoes
of different species. Future work can consider treating spectra from different mosquito
species separately. The analysis may also focus on specific range of mosquito ages to see
if mosquito age prediction improves.

The mosquito NIR spectra used in this study come from lab-reared mosquitoes. However,
it is wild mosquitoes that transmit malaria and not lab-reared mosquitoes. Therefore
estimating the age of wild mosquitoes is the end goal. We can train a model on spectra
from lab-reared mosquitoes to estimate the age of wild mosquitoes premised on the fact
that spectra collected from lab-reared mosquitoes are equivalent to those collected from
wild mosquitoes [51]. Masabho et al. in their work used cluster analysis to show that
there is no significant difference between spectra collected from lab-reared and wild An.

arabiensis [51]. Thus, their work strengthened the idea of training a model on spectra
from lab-reared mosquitoes to estimate the age of wild mosquitoes. We recommend that
future study employ the pre-processing techniques discussed in this study to improve the
performance of such models.
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