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ABSTRACT

Feed represents the major cost of poultry production accounting for up to 70% of the total.
Accurate estimation of the chemical composition and nutritive value of the feed ingredients
and diets is essential to reduce costs and optimise diets. Undersupply of nutrients will have a
strong negative impact on the performance of birds and oversupply will have a negative impact
on the environment as well as cost of production. Traditional methods of feed evaluation are
time-consuming and costly. Both in vivo and in vitro techniques have several limitations.
Therefore, there is a need for rapid and accurate analysis of feed samples for their chemical

composition and nutritive value in real-time for optimal formulation of diets.

Prediction equations and Attenuated Total Reflectance Fourier Transform Mid-Infrared
Spectroscopy (ATR-FT MIRS), however, could offer a much faster approach to predict the
chemical composition and nutritive value of broiler diets. Therefore, this thesis aimed to
develop and validate prediction equations to be applied in practical conditions and to
investigate the potential of ATR-FT MIRS in predicting chemical composition and nutritive
value of broiler diets. The first study (Chapter 3) was designed to develop prediction equations
using stepwise regressions. Bootstrap was used to select the variables as well as to confirm the
stability of the models. The results indicated that prediction models for coefficient of apparent
ileal digestibility (CAID) and ileal digestible content (IDC) of nutrients could be developed

using the stepwise regression and bootstrapping approach.

To ensure the practical application of each equation with greater confidence and to alert users
to potential risks, Chapter 4 was designed to validate the proposed prediction models developed
in Chapter 3. The validation revealed that some equations could not be used in all situations
(CAID of nitrogen (N), fat, starch, and calcium (Ca) and IDC of Ca), and some could be used

as a general guide (CAID and IDC of phosphorus (P)). The equations developed for CAID of



energy and dry matter (DM), and IDC of N, starch, energy, and DM could be used with good

results in terms of R? and CCC in the validation study.

The 5, 6, and 7" Chapters investigated the potential use of ATR-FT MIRS in predicting the
chemical composition and nutritive value of broiler diets using various approaches. Many of
the wet chemical compounds in broiler diets, ileal digesta, and excreta were predicted well.
The results also revealed that the nutritive value of broiler diets can be predicted from the diets
itself, ileal digesta, and excreta spectra as well as the combination of diet and ileal digesta

spectra or diet and excreta spectra.

Overall, the results of this thesis indicated that prediction equations and ATR-FT MIRS can be
used as a rapid real-time technique to evaluate the nutritive value of broiler diets. The findings
of this thesis regarding ATR- FT MIRS are novel and can be used for further update and
development of MIRS calibration models, which could substantially reduce the cost of wet

chemical analysis in future.
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CHAPTER 1

General Introduction

Currently, poultry meat is the most consumed meat worldwide and it is expected to increase by
16% in 2031, by then poultry meat will constitute 47% of the protein consumed from meat
sources (OECD/FAOQ, 2022). To meet this demand, the poultry industry is likely to undergo a
transformation towards precision feeding and management with the primary goal of matching
nutrient intake with the nutrient requirement of birds (Zuidhof et al., 2023). This requires both
mathematical characterisation of growth responses to nutrient intake and precise knowledge of
available nutrients in feedstuffs. This will reduce the amount of feed and minimise the wastage
of nutrients (Misiura et al., 2023; Zuidhof et al., 2023). Feed constitutes the major variable
production cost, representing 70% of the total expenses in a broiler farm. Therefore, efficient
management of feed formulation is essential to maximise profitability (Leeson and Summers,

2005; Mallick et al., 2020; Moss et al., 2021; Zampiga et al., 2021).

Least-cost diet formulation has been practiced for many years. Thus, knowledge of the nutrient
compositions of feed ingredients is essential for optimum diet formulation. The classical
method uses tables with nutrient values of different feedstuff for poultry (WPSA, NRC, INRA,
Evonik, and Feedipedia etc.). These nutrient values are global averages of published values of
nutritional information from various sources (Mateos et al., 2019; Zaefarian et al., 2021).
Therefore, the nutritional value varies widely between and within ingredients. Factors such as
cultivar, agronomic practices, harvest, storage, and processing parameters will influence the
nutritive value of an ingredient (Knudsen et al., 2023). Therefore, it is essential to determine
the specific chemical composition and nutritive value of ingredients that are being used when

formulating a feed.



In recent years, feed formulation has been based on the available nutrient content, where the
nutrients digested and metabolised by the animal are considered instead of the total nutrient
content in the feeds (Van Barneveld et al., 2018; Cruz-Conesa, 2023). The in vivo assays for
digestibilities, where excreta is collected for energy, and ileal content for protein and amino
acids, have become the most preferred technique for measuring the availability of nutrients

(Ravindran and Bryden, 1999).

In vivo method is the gold standard method to measure the direct animal response to a specific
feedstuft (Zaefarian et al., 2021). The important steps in conducting a digestibility assay are
formulation and mixing of diets, ad libitum feeding of birds for a pre-determined period,
collection of ileal digesta or excreta, processing of digesta or excreta, and wet chemical analysis
of digesta, excreta, and diet (Ravindran et al., 2017). Careful execution of these steps is
essential and requires facilities for bird rearing and feed preparation, labour, and well-equipped
laboratory facilities to analyse the diet, digesta, and excreta. Moreover, the welfare of the birds
is questioned (Zaefarian et al., 2021). Another issue with those in vivo assays is that they are

time-consuming, expensive, and the values are not readily available.

These limitations pave the way for the development of in vitro evaluation techniques. The in
vitro method mimics the reactions along the digestion process in broilers. This technique is
faster than the in vivo assays nevertheless requires enzymes and chemical reagents as well as
expensive equipment. Moreover, a single in vifro method might not provide accurate
predictions for all ingredients; hence, it is essential to focus on developing specific in vitro

digestibility methods for each feedstuft and diet (Yegani et al., 2013).

The classical wet chemistry method is well-known for its accuracy and reliability in analysing
the excreta, ileal digesta, and diet to calculate the nutritive value, but it requires significant

investments in time and financial support for processing the samples. Moreover, the feed,



excreta, and ileal samples should be analysed with many replicates to minimise external effects.
In addition to that, waiting for the results from the laboratory takes up valuable time and
delayed results, making the data to be outdated for timely managerial decisions (Yakubu et al.,
2022; Xu et al., 2023). Moreover, it also causes environmental pollution due to the use of
solvents and the generation of chemical waste (Bastianelli et al., 2010). Due to these
drawbacks, there is a need for reliable, faster, easier, and cheaper ways to determine the
nutritive value of broiler diets. Predictive regression modelling and infrared (IR) spectroscopy
are emerging as alternative faster and cheaper techniques, but they still require in vivo, or in
vitro data for the initial development of prediction equations or the development of calibrations
for IR spectroscopy. Once established with sufficient accuracy, both these methods could be

used at no additional cost (Bastianelli, 2013).

Predictive models are widely known as informational tools to support rapid and economical
assessment of feed (Baiz et al., 2020). It allows the use of simple chemical analysis of the diets
to determine the nutritive values (Alvarenga et al., 2013b). These mathematical models are an
integral part of smart poultry nutrition. Several researchers have proposed equations to predict
energy and nutrient digestibility from chemical composition of feedstuffs for broilers
(Nascimento et al., 2009; Mariano et al., 2013; Cerrate et al., 2019; Sheikhhasan et al., 2020b;
Pedersen et al., 2021). Model validation is performed to determine whether predicted values
from the model are likely to accurately predict responses on future subjects or subjects not used
to develop the model. This could be done by internal and external validation strategies (Harrell

et al., 2015; Steyerberg and Harrell, 2016).

One of the best ways for internal validation and variable selection is the use of bootstrap
resampling (Harrell, 2015). The theory behind bootstrapping is that it replicates the process of
sample generation from an underlying population by drawing samples with replacements from
the original dataset (Steyerberg et al., 2001). However, to our knowledge, using bootstrapping
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as an internal validation technique and for selection of variables to predict the nutritive value
of poultry diets has not been reported in any studies. Even though internal validation could give
valuable insight into the accuracy of regression models, external validation is essential to
ensure the practical application of each equation with greater confidence and to alert users to
risks, if any (Meloche et al., 2014). There were some validation studies carried out to ensure
the accuracy of the proposed equations related to digestibility studies in broilers (Alvarenga et
al., 2013b; Meloche et al., 2014; Alvarenga et al., 2015; Pedersen et al., 2021). Besides, many
published reports relating to prediction equations presented limited information on how those
equations were validated (Batal and Dale, 2006; Wu et al., 2019). Finding properly validated
prediction equations to predict the nutrient digestibility of complex broiler diets based on the

feed gross chemical composition needs to be further studied.

Infrared spectroscopy is a rapid, chemical-free, and non-destructive technique for the analysis
of animal feeds. It does not need complicated sample preparation and requires only a small
amount of sample for the analysis (Shi et al., 2019; Campbell et al., 2022; Kho et al., 2023).
Thus, IR methods have been acknowledged as the most promising substitution for traditional
analytical techniques (Kho et al., 2023). The IR spectrum is divided into the far-infrared, mid-
infrared, and near-infrared ranges defined by wavelength, and hence the energy of the photons
which in turn can induce different transitions between quantized vibrational energy states
(Griffiths, 2006). Rapid vibrational spectroscopic methods combined with mathematical
modelling are used in IR analysis of feed to extract chemo-structural data on feed components

(Campbell et al., 2022).

Near-infrared spectroscopy (NIRS) has been used widely to predict gross chemical
composition and digestibility of the feed and feedstuffs over recent years (Bastianelli et al.,
2005; Bastianelli et al., 2010; Bastianelli, 2013; Bastianelli et al., 2013; Hell et al., 2016; Shi
et al., 2019; Cruz-Conesa et al., 2022; Cruz-Conesa, 2023; Ramos Cruz et al., 2023; Zuidhof
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et al., 2023). However, the potential use of mid-infrared spectroscopy (MIRS) in feed analysis
is still at the research level and needs further investigation. The MIRS scans a wider spectral
range than NIRS and yields information about fundamental vibrations, thus giving better
insights into the molecular bands present in the sample and is not so convoluted by water
signals. The samples could be directly related to their chemical composition (Belanche et al.,
2013). Using MIRS, even a more complex and very similar structure could be differentiated

(Hell et al., 2016).

The Attenuated Total Reflectance Fourier Transform (ATR-FT) technique has enabled the
acquisition of MIR spectra of samples in reflectance mode (Cleland et al., 2018), while early
MIRS depended on the dispersive technique (Abbas et al., 2020). This has significantly
expanded the capabilities and applications of mid-infrared spectrometers, thus MIRS has now
gained a significant advantage over NIRS (Cleland et al., 2018). In addition to that, this makes
it possible to observe all frequencies simultaneously and to obtain a complete spectrum in a
single scan. Moreover, it is highly reliable due to its simple design and allows increased optical
throughput (Belanche et al., 2013; Abbas et al., 2020). The ATR-FT MIRS is anticipated to
have sufficient quantitative accuracy and has the benefit of being able to identify specific
nutrients (Wang, 2014). It has been successfully used to predict forage composition for
ruminants (Cleland et al., 2018) and to predict chemical composition of feedstuffs for
monogastrics (Qiao and Van Kempen, 2004; Ferreira et al., 2014; Hell et al., 2016; Ferreira et

al., 2018; Shi et al., 2019).

Recently, accessing the nutritive value of diets using the faecal spectra of birds (digesta and
excreta) or combining feed and faeces spectra has been gaining interest. Owing to the fact that
digestion is an interactive process between feed and animal, integrating information about the
feed and faeces will provide more insights into the digestion process (Bastianelli et al., 2013).
However, no study has examined the potential of ATR-FT MIRS faecal spectra and the
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combination of feed and faecal spectra to predict nutrient digestibility. Thus, integrating ATR-
FT MIRS in real-time could reduce the massive workload in estimating the chemical
composition and nutritive value of feeds and feedstuffs in laboratories using wet chemistry

methods and guarantee the accuracy of diet formulation.

Research presented in this thesis was aligned with the need to develop a low-cost method to
replace expensive wet chemical analysis involved in in vivo assays to predict the chemical
composition and nutritive value of broiler feeds. Thus, the overall aim of this study is to
examine prediction equations and ATR-FT MIRS as potential techniques to determine the
nutritive value of broiler diets. To achieve this main aim, this thesis addressed the following

specific objectives:

1. To develop and validate prediction equations to determine the nutritive value of broiler
diets.

2. To explore the potential of ATR-FT MIRS in predicting the chemical composition and
nutritive value of broiler diets.

3. To evaluate the usefulness and accuracy of ATR-FT MIRS calibrations based on spectra
from ileal digesta or excreta to predict their chemical composition and nutritive value
of broiler diets.

4. To study the different approaches based on ATR-FT MIRS predicted values for the

determination of nutritive value of broiler diets.

The findings of this research will advance the understanding of the development of prediction
equations using stepwise regression and bootstrapping and emphasize the need for external
validation of the developed equations. Furthermore, the results of ATR-FT MIRS in the
prediction of the nutritive value of broiler diets will provide a foundation for future research

studies on developing real-time ATR-FT MIRS technology for rapid in-field screening.



Thesis structure

This thesis consists of eight Chapters including the general introduction (Chapter 1) providing
an overview of the main research idea and objectives of the thesis, and a review of the literature
(Chapter 2) highlighting the research gaps. Chapters 3-7 are research Chapters formatted as
papers for publication. Therefore, there might be repetitions in concepts, analytical and
statistical procedures, and references. Chapter 8 includes the general findings and limitations
of this work and outline future research that could be designed based on the findings of this

thesis. The overall outcome of this thesis is outlined in Figure 1.1.
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Figure 1.1. Schematic explanation of the methods for estimation of nutritive value of broiler diets in this study.




CHAPTER 2

Literature review

Feed evaluation is essential to produce reliable data on the chemical composition and nutritive

value of various feed ingredients and diets (Zaefarian et al., 2021). Low nutrient content, as

well as high nutrient content in the diet, may result in an increase in the intake of feed, decrease

the animal performance, and increase the excretion of nutrients, thus impacting the profitability

of the farm (Garnsworthy et al., 2000; Van der Klis and Fledderus, 2007). This literature review

will cover the different methods used to determine the nutritive value of feed ingredients and

diets as illustrated in Figure 2.1.

In vivo assays

Table values

Chemical analysis

In vitro assays

Prediction equations

Physical methods

Nutritive value

Infrared spectroscopy

Figure 2.1. Methods of determination of nutritive value of feed ingredients and diets in

broilers.



2.1. Measurement of nutritive value

The nutritive value represents how nutrients contained in an ingredient are utilised by the
animal and it is the result of interaction between the ingredient and the animal consuming it.
The most commonly used measurement of the nutritive value of feed ingredients is the
digestibility of nutrients or energy (Choct, 2016). Digestibility data can offer an insight into
the proper feeding of animals (Khan et al., 2003). Measuring digestibility of nutrients is crucial
in monogastric animals as feed accounts for 70% of the total cost of production, indeed any
gain in nutrient digestibility has the potential to lower these costs (Mallick et al., 2020; Zampiga
et al., 2021). Different methods have been developed over the past decades to evaluate the
nutrient content and digestibilities of raw material and complex diets. The gold standard

method for determination of digestibility is the in vivo method.

2.2. Types of in vivo experiments

2.2.1. Total collection method

This method is carried out by measurement of feed intake and quantitative collation of excreta
over a period of time. This procedure involves a 3 to 4 day adaptation period and a 3 to 4 day
excreta collection period, this may sometimes differ between the institutions (Sales and
Janssens, 2003). With these measurements, the digestibility of the component could be

calculated as follows,

Digestibility (%) total collection (2.1)

(nutrientfeeqx feed intake )—(nutrientexcretqa X €xcreta output)

= ] x 100

(nutrient feeqxfeed intake)
Digestibility of amino acids (AA) is not often measured using total collection method because
of the microbial activity and endogenous secretions in the hindgut. Moreover, excreta

collection may not be accurate as there is contamination of faeces by urine and feathers etc.
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and this measures metabolisability rather than digestibility since urine and faeces are excreted

together in birds (Ravindran and Bryden, 1999; Sales and Janssens, 2003).

The metabolisable energy system is widely used for evaluating the energy requirements of
birds, available energy of feed ingredients, and formulating complete poultry feeds. The
available energy is calculated as the difference between dietary gross energy (GE) ingested and
GE excreted in the faeces and urine and referred to as apparent metabolisable energy (AME)

(Abdollahi et al., 2021).

(GEgjet % feed intake )—(GEegxcreta X €xcreta output) (2.2)
(Feed intake)

AME (MJ/kg diet) =

2.2.2. lleal digestibility assays

This requires the inclusion of indicator or marker in the feed and collection of representative
digesta samples from the ileum. Ileal digestibility of nutrients may show a more accurate view
of nutrient utilisation of broiler diets than the total tract utilisation due to the effect of microbial
action in the large intestine and the void of urine and excreta in total tract measurements
(Babatunde et al., 2020). Digesta are recovered from the distal part of the ileum and analysed
in this method. According to the digesta collection techniques, ileal digestibility could be
determined in two ways. The commonly used method is to slaughter the bird and direct
collection of digesta, and the other method is to use a cannula inserted into the distal ileum

(Ravindran and Bryden, 1999).

2.2.3. The indicator or marker method

The marker method is preferred when determining the ileal digestibility of nutrients as the total
collection of ileal digesta is more complex than the excreta collection. The use of inert markers
prevents the need for quantitative collection of excreta and eliminates the errors related to

inaccurate feed intake and excreta output measurements (Smeets et al., 2015). The ratio of the
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marker in the diet to the amount of marker in excreta or ileal digesta is used to calculate the
digestibility (Scott and Boldaji, 1997). However, the precision relies on the accurate chemical
analysis of the marker in the feed and excreta or ileal digesta assuming the marker is totally
recovered (Kong and Adeola, 2014).

Digestibility (%) marker (2.3)

(Nutrient /marker) gjet — (Nutrient/marker)jeqi/excreta

= ] x 100

(Nutrient/marker) ;¢
where,
(Nutrient/marker) giet = ratio of diet component to the marker in the diet

(Nutrient/marker) jiearexcreta = ratio of the diet component to the marker in the ileal digesta or

excreta

Titanium dioxide (TiO2), chromic oxide (Cr203), and acid-insoluble ash (AlA) are the widely
used markers in poultry experiments. The assumption is that the markers are completely
indigestible, distributed evenly in the feed and faeces, which could be measured precisely at
even lower concentrations and totally recovered (Kong and Adeola, 2014).

Excreta or ileal digesta sample collection processes can be used based on the components of
interest. lleal digesta samples are preferred for the AA digestibility measurements to avoid the
interference of fermentation in the hindgut (Ravindran and Bryden, 1999). Normally, excreta
samples will be collected to determine the total tract digestibility for energy, calcium (Ca), and
phosphorus (P) (Zhang and Adeola, 2017). However, before conducting in vivo experiments,
the methodology to determine the digestibility of nutrients and energy should be carefully
chosen. Three different approaches are available for digestibility measurements such as direct,
difference, and regression methods. The direct and difference methods are commonly used to

measure the digestibility of nutrients and energy (Zhang and Adeola, 2017).
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Direct method

This method is relatively easy and simple where test feed ingredient is formulated as the sole
source of the component in the test diet. Only one diet is needed, and the determined dietary
digestibility of the component is that of the test ingredient (Zhang and Adeola, 2017). It is
impossible to apply the direct method for all of the ingredients if the test ingredients cannot be

formulated to supply the component of interest alone in the diet.

Difference (Substitution) method

In this method a basal and a test diet are formulated, in which the basal diet is fed to a group
of birds to determine the digestibility of the components, and another group is fed a test/assay
diet with a known proportion of the basal diet replaced by the test ingredient (Zhang and
Adeola, 2017). The test diets comprises of mixture (usually 50:50) of the basal and the test
ingredient. It is assumed that there is no interaction between the basal diet and the test
ingredient (Lemme et al., 2004). The digestibility of the nutrient in the test ingredient is then
determined based on the difference in digestibility between the two assay diets and the
concentration of the specific nutrient in the diet (David et al., 2023). The difference method is
used to evaluate the test ingredients with poor palatability, high protein content, or high level

of anti-nutritional factors (Khalil et al., 2021).

Regression method

The regression method is based on feeding a basal diet and assay diet with at least two levels
of the basal diet replaced by the test ingredient (Khalil et al., 2021). It involves establishing a
linear relationship between nutrient output and dietary nutrient input by formulating diets with

graded concentrations of the nutrient from the test ingredient (David et al., 2023).
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Even though in vivo methods measure the direct animal response to the variation in the feeds
and evolved to be the best methods for determining the nutritional value of feed ingredients
and diets, they also have obvious limitations (Zaefarian et al., 2021). When it comes to
measuring the nutritional value of feedstuffs using animal experiments, there have been a lot
of differences reported by different researchers. Furthermore, logistical constraints, the need
for specialized expertise, ethical concerns related to the use of birds as well as the longer time
and higher expenses associated with conducting animal research, are all factors that limit the
use of animal studies in routine feed evaluation programs (Garnsworthy et al., 2000; Jha and
Tiwari, 2016). In addition to that, in vivo assays involve feeding a large amount of feed to the
birds and analysing multiple samples of feed, ileal digesta, and excreta. These analyses are
traditionally carried out using slow and expensive wet chemistry methods. Moreover, wet
chemical analysis produces a huge amount of chemical waste due to the use of solvents
(Bastianelli et al., 2010). These constraints led to a strong thrust in developing alternative

methods to determine the nutritive value of feeds.

2.3. Physical methods

The physical differences among the grains used for feeding livestock and poultry such as kernel
density, hardness, and grinding resistance have an impact on performance (Moore et al., 2008).
However, they are not thought to be reliable predictors of nutritional quality. Nevertheless,
grain test weights have been used until now to test the grain quality as high-test weight grains

have more starch-rich endosperm thus giving more calories (Zaefarian et al., 2021).

2.4. Table values

Poultry industries use different tables containing nutritive values of feedstuffs to formulate
feeds. It is the easiest method of feed analysis used commonly under most practical situations

where real time analyzing feed samples is not possible. However, the applicability of table
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values is under question as there is a large difference among the institutions on the nutritive
value of ingredients and most are average values from published resources worldwide (Mateos
et al., 2019; Zaefarian et al., 2021). In accordance with this, Wiseman (2006) stated that the
table values can be affected by many factors such as chemical composition of feedstuffs, the
stage of the bird as well as the method by which the nutritive values are determined. Awareness
of the procedures used is essential when using tables from various institutions for evaluation
of feeds (Mateos et al., 2019). For e.g. discrepancies among the energy values among tables of

different sources are shown in Table 2.1.

Table 2.1. Variability in energy content of high protein soybean meal and full fat soybeans

from different institutions (as-fed basis).

High protein soybean meal Full fat soybeans

Institution Year Country Species  CP NDF EE AMEN CP NDF EE AMEN

% % % Mcal/kg % % % Mcal/kg
WPSA 1989 Europe Rooster  47.0 9.9 1.3 2.26 36.1 11.0 18.0 3.42
NRC 1994 USA Poultry ~ 47.0 9.0 0.9 2.37 370 103 180 3.30
INRA 2002 France Broiler 47.2 8.9 15 2.32 34.8 11.0 17.9 3.35
NARO 2009 Japan Poultry 47.0 111 1.6 2.47 36.9 7.9 18.9 341
Premier Atlas 2014 UK Broiler 47.0 7.5 1.7 242 355 110 185 3.36
RPRI 2014 Russia Poultry 47.0 121 14 2.55 355 116 17.6 3.38
CvB 2016 Netherland Broiler 46.8 8.6 1.6 2.16 36.3 121 19.7 3.13
Evonik 2016 Germany Poultry 475 10.7 2.1 2.34 35.6 126 196 3.28
Feedipedia 2017 France Broiler 47.1 9.7 1.6 2.32 35.2 11.7 184 3.64
Fedna 2017 Spain Poultry 47.0 8.8 1.7 2.32 37.0 11.3 19.2 3.42

Source: Mateos et al. (2019).

AMERn, nitrogen-corrected apparent metabolisable energy; CP, crude protein; CVB, Centraal VVeevoeder Bureau;
EE, ether extract; INRA, Institut National de la Recherche Agronomique; NARO, National Agriculture and Food
Research Organization; NDF, neutral detergent fibre; NRS, National Research Council; RPRI, Russian Poultry

Research Institute; WPSA, World’s Poultry Science Association.
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Other methods have been developed to overcome the drawbacks of the above mentioned
methods. Such methods include in vitro evaluation techniques, predictive regression models,

and the use of infrared (IR) spectroscopy.

2.5. In vitro assays

In vitro digestion models mimic the digestion process along the gastrointestinal tract of birds
and could be an alternative to in vivo assays to evaluate feed quality (Jha and Mishra, 2021).
The enzymes utilized should have similar specificities to those found in the digestive tract of
poultry (Boisen and Eggum, 1991). Most current in vitro models for monogastrics are based
on pigs and used to generate in vitro data for poultry as their digestive characteristics are similar
to a great extent. However, there are noticeable differences in anatomy, with poultry having a
crop and gizzard and pigs having a longer, well-developed hindgut. These variances cause
variations in digesta transit time and pH along the digestive tract, affecting foregut digestion in
chickens and hindgut fermentation in pigs (Zaefarian et al., 2021). It is essential to consider
these differences to develop appropriate in vitro assays for poultry.

Problems exist in published in vitro digestion results for poultry such as the use of digestive
enzymes of porcine, manual conduction of in vitro digestion procedures such as pH regulation,
digestive enzyme injection, and separation of digested and undigested substance. Those may
introduce errors and lead to non-repeatable procedures and imprecise results (Zhao et al.,
2014). A single in vitro method might not provide accurate predictions for all ingredients;
hence, it is essential to focus on developing specific in vitro digestibility methods for each

feedstuff and diet (Yegani et al., 2013).

The major advantages of doing in vitro analyses are its rapid process, low cost, and lack of
ethical issues (Bryan et al., 2018; Zaefarian et al., 2021; Sharma et al., 2022; Michels et al.,

2023). Moreover, other influential factors are excluded in in vitro studies such as environment,
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management, disease, and genotype (Zaefarian et al., 2021). Nevertheless, the in vivo
conditions can never be completely reproduced under in vitro conditions, they can be set up to
access the initial rate of hydrolysis or to give maximal digestibility values using the specific
enzymes (Boisen and Eggum, 1991). Therefore, in vitro models should be developed to closely
mimic the digestive process in the gastrointestinal tract of the birds as much as possible and
the data should be validated by comparing the corresponding data obtained from the in vivo
studies using the same samples (Zaefarian et al., 2021). Validated in vitro techniques may play

a major role in providing data infrared spectroscopy calibrations (Yegani et al., 2013).

Enzyme specificity, enzyme activity, sample and particle size, and end-product separation
technique are the major factors influencing in vitro digestibility (Boisen and Eggum, 1991).
An effective in vitro method will exhibit a high degree of correlation with the in vivo
estimations (Sakamoto et al., 1980; Clunies and Leeson, 1984; Boisen and Fernandez, 1995),
hence, suitable statistical analysis ought to be employed to ascertain the precision and accuracy

of prediction equations of in vitro data relative to in vivo results (Zaefarian et al., 2021).

The commonly used in vitro systems are 1-, 2- or 3-step digestion systems where different
phases during digestion are stimulated as shown in Figure 2.2. The 1-step and 2-step models

are commonly used in poultry while the 3-step model is more applicable to pigs.

Gastric phase © J l
(7 ?  Small intestinal phase ®l

Large intestinal phase @

Figure 2.2. lllustration of 1-, 2-, and 3-step digestion systems.

Apart from the above-mentioned methods, several other in vitro assays are available such as
pH-drop and pH-stat method, dialysis cell method, immobilized digestive enzyme assays
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(IDEA), and computer-controlled methods (Thresher et al., 1989; Boisen and Eggum, 1991,
Minekus et al., 1995; Butts et al., 2012). Even though the use of birds and laborious procedures
as in in vivo assays are avoided in the in vitro system, it suffers from inadequacies and may
require ingredient-specific techniques (Zaefarian et al., 2021). Furthermore, chemicals,
equipment, and skilled technicians are necessary to conduct assays, thus increasing cost.
Therefore, it cannot be used in routine feed evaluation. A detailed review of the in vitro
procedures is available in previous publications (Boisen and Eggum, 1991; Farrell, 1999;

Moughan, 1999; Zaefarian et al., 2021; Sharma et al., 2022).

2.6. Chemical analysis or wet chemistry methods

Chemical analysis of gross content of nutrients and energy is a very simple and direct method
that is still widely used for feed evaluation (Zaefarian et al., 2021). However, this only provides
details about the gross chemical composition of feedstuffs and diets and can’t directly provide
digestibility values. Wet chemistry methods are not only expensive requiring specialised
equipment but also it takes a long time for the results to be available. Moreover, the use of
hazardous chemicals for different analysis questions environmental safety (Jha and Tiwari,
2016). However, wet chemical analysis is crucial to develop prediction equations and to

calibrate IR models.

2.7. Predictive regression models

In recent years, the use of prediction equations has been gaining more interest and is now used
by most industries related to animal feed manufacture (Alvarenga et al., 2013a). Regression
analysis is a statistical technique for modelling the relationship between variables. Prediction
models in poultry nutrition relate the digestibility of the nutrients and energy values determined
by the in vivo assays with the nutrient composition of the feed obtained by the wet chemistry

analysis or in vitro digestibility values (Cruz-Conesa, 2023). The number of variables that form
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the prediction equations and the methods by which the equations are obtained are responsible
for the accuracy and reliability when comparing different equations. It is important to note that
the selection of representative samples with a wide range of nutrient content is necessary to
produce a model that is not only reliable and accurate but also useful to apply in commercial

poultry settings (Meloche et al., 2013).

y=Po+pix+e (2.4)
Equation 2.4 represents a simple linear regression model where x is referred to as the predictor
or regressor variable, B1 is the regression coefficient, and y is the response variable. The error
term ¢ represents the variability that can’t be explained by the model. If more than one regressor
or predictor is involved, it is called a multiple linear regression model (Equation 2.5)

(Montgomery et al., 2021).

y =Po + PBiX1 + BaXo +..... BiXjt € (2.5)
Several studies have shown that the application of appropriate mathematical models may
release more precise information on the system output along with accurate prediction of

performance (Mehri, 2013). The regression model-building process is described in Figure 2.3.

No No
Data
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Figure 2.3. Regression model-building process adapted from Montgomery et al. (2021).

The most common problems encountered when fitting regression models are the correlation of
the error terms, outliers, collinearity, high leverage points, and non-constant variance of error

terms which were clearly explained by James et al. (2013).
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2.7.1. Stepwise regression

Evaluation of all possible regressors or predictors can be a problem. Variable selection is the
process of determining which predictors are related to the response to fit a single model
involving only those predictors (James et al., 2013). VVarious methods have been developed for
evaluating only a small number of subset regression models by either adding or deleting
regressors one at a time. These methods are generally referred to as stepwise procedures
(Montgomery et al., 2021). They are categorised into three broad divisions such as forward
selection, backward elimination, and stepwise regression. Stepwise regression is a popular

combination of forward selection and backward elimination.

The regressor variable with the highest simple correlation to the dependent variable is included
first in the stepwise selection process. As each regressor is entered into the model, the partial
correlation coefficients of the remaining candidate regressors are calculated to adjust for the
effect of each selected variable on the dependent variable. Then a candidate regressor with the
largest partial regression correlation coefficient enters the model. At each step, the regressors
in the model are reevaluated for significance and may be removed if they exceed the criteria
for entry. The process is repeated until no further candidate regressors meet the criteria for

entry or elimination (Meloche et al., 2013; Wang et al., 2021a).

2.7.2. Evaluation of model fit

2.7.2.1. Coefficient of determination (R?)

It was introduced by Wright (1921) and commonly indicated by R?. Its original formulation
quantifies how much the dependent variable is determined by the independent variables in
terms of proportion of variables (Chicco et al., 2021). It is the most common method to evaluate
the accuracy of the fit in multiple linear regression. Despite not being advised as the final model

selection tool, it indicates how well the selected explanatory variables predict the response
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(Renaud and Victoria-Feser, 2010). This qualitative measure lies between 0 and 1, where R? =

1 represents a perfect model fit and R? = 0 represents no fit (Harel, 2009).

The R? estimates the percentage of variance of the response variable explained with the

explanatory variables and it can be calculated as,
R2 =1- RS (2.6)
TSS

where, TSS is the total sum of squares and RSS is the residual sum of squares (Renaud and

Victoria-Feser, 2010).

2.3.2.2. Adjusted coefficient of determination (adj. R?)
The adj. R? estimates the amount of variance explained in the population (Miles, 2005; Karch,
2020). Since R? increases as variables are added to the model, the adj. R? will take the number

of predictors in the regression model into consideration (Harel, 2009).

2.7.2.3. Root mean square error (RMSE)

Root mean square error is used for evaluating model fitting, model validation, model selection,
model comparisons, and forecasting evaluations (Karunasingha, 2022). The RMSE is the
square root of the mean square error (MSE). When presenting the RMSE, the underlying
presumption is that the errors are unbiased and have a normal distribution. An important aspect
of the error metrics used for model evaluation is their capability to discriminate among model
results and RMSE usually is better at revealing model performance differences (Chai and
Draxler, 2014). The RMSE is defined as the square root of the average square differences

between predicted and measured values and can be calculated by the following equation.

— J Ly @)
n
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where, ¥, is the predicted value, y; is the observed value, and n is the number of observations

(Faber, 1999).

2.7.2.4. Akaike Information Criterion (AIC)

The Akaike Information Criterion is one of the data-driven methods to aid in the selection of
good models. The criterion was introduced by Akaike (1973) in his seminal paper “Information
Theory and an Extension of the Maximum Likelihood Principle.” The traditional maximum
likelihood framework, as applied to statistical modelling, provides a cogent paradigm for
estimating the unknown parameters of a model having a specified dimension and structure.
Akaike extended this paradigm by considering a setting in which the model size and structure
are also unknown and must therefore be determined from the data. Thus, Akaike proposed and
developed a framework wherein both model estimation and selection could be simultaneously
achieved (Cavanaugh and Neath, 2019). It is used to compare models based on different
probability distribution for outcome variable (Chakrabarti and Ghosh, 2011). The minimum

AIC criterion chooses the candidate model with the smallest value of AIC.

2.7.3. Model validation

Many prediction equations appear to yield precise and accurate estimates, but this can be
misleading unless the equations are tested with independent data (Sibbald, 1982). Therefore,
it’s very important to assess a model’s validity before releasing any model to the end user.
Model validation is performed to determine whether predicted values from the model are likely
to accurately predict the responses on future subjects or subjects not used to develop the model
(Harrell, 2015). The primary methods of validation are by using either internal or external

techniques.
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External validation using a new data set generated by an independent research team is the best
strategy to validate prediction models. The user will have greater confidence in both the model
and the model building process if the model gives an accurate prediction of the new data set
(Montgomery et al., 2021). However, internal validation techniques can be performed when it
is not practical to collect fresh test data to validate the model. The simplest internal validation
technique is data-splitting, which keeps some of the original data and uses these observations
to investigate the model’s predictive performance. The data set is split into training and test
data which corresponds to model development and model validation, respectively. This
technique greatly reduces the sample size and when the process is repeated different predictive
accuracy may be obtained. Therefore, different improvements in the data-splitting method are
available to get more unbiased estimates of model performance without sacrificing the sample
size (Harrell, 2015). Resampling is such a technique that repeatedly draws samples from a
training dataset and refits a model of interest on each sample. The most commonly used

resampling methods are the cross-validation and the bootstrap (James et al., 2013).

Each internal model validation strategy has pros and cons, and no one technique is consistently
superior to another. Different researchers have different ideas on what approach is best for
internal model validation. Before reaching a decision, several criteria need to be considered,
including sample size, best indicators of a model's performance, and choice of models

(Chowdhury and Turin, 2021).

2.7.4. The bootstrap

Bootstrap resampling which was first presented by Efron (1979), which is an unbiased way to
validate models as it has an iterative resampling component. It is an efficient technique when
only a few samples are available, and samples the data several times which makes it a more

robust method for validation (Ramoelo et al., 2012; Rombach et al., 2019). The theory behind
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bootstrapping is that it replicates the process of sample generation from an underlying
population by drawing samples with replacements from the original dataset (Steyerberg et al.,

2001).

It could be used as a variable selection technique to identify and remove unwanted variables
from a larger number of initial candidate variables. When the same selection procedure as for
the original data is used in an ideal validation study, then the same variables should be selected

which is called ‘replication stability” (Sauerbrei, 1999).

Recently, bootstrap resampling techniques have been promoted to evaluate the degree of
stability of models resulting from stepwise procedures (Nunez et al., 2011). In stepwise
regression, after a variable has been added to the model at each step of the variable selection
process, it is possible to remove variables from the model. For instance, if the significance of
a given predictor is above a specific threshold, it will be eliminated from the model. When a
prespecified stopping rule has been satisfied, the iterative process will end (Austin and Tu,
2004a). If applied to regression analysis, bootstrapping provides variables that have a high

degree of reliability (Brunelli, 2014).

Methods based on statistical models have been continually proposed for prediction of nutrient
digestibility and digestible content of nutrients for broilers. However, only a few published
reports are available that use bootstrap resampling for variable selection and validation of

regression models in pigs (Castilho et al., 2015; Smith et al., 2015; Oliveira et al., 2019).

2.7.5. Prediction equations in poultry nutrition

To create the least expensive feed formulations, assess the potential inclusion of feed elements
in diets, and lessen the environmental impact of animal production, reliable data on nutrient

digestibility is crucial. Regression equations can be used as an alternate way of predicting the
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digestibility of feedstuffs and diets for poultry because in vivo trials are time-consuming and
expensive (Son et al., 2017). Regression studies showed that significant relationships existed

between the chemical analysis and the digestion coefficients of the different nutrients.

Using prediction equations to determine the nutritive value of the feed has the advantage of
eliminating the requirement for sacrificing birds and laboratory testing. However, for accurate
prediction based on chemical composition, precise analytical methods must be used, although
their validity may be limited by the presence of factors or processes that hinder nutrient

digestion (Swiech, 2017).

The main drawback usually faced with the use of prediction equations is the lack of information
on the wet chemical techniques used to analyse the major dietary components. Another
problem is that the equations are derived from a lower number of samples and the values are
generally applicable only within a specific range (Mateos et al., 2019). Indeed, a clear
understanding and verification of prediction equations with the number of samples, confidence
intervals, range of valid values, and the residual standard deviation of the equations before
applying them in practical conditions is crucial to avoid over-prediction and underestimation

of digestibility values.

Numerous studies have been published to predict digestibility in feedstuffs and diets for poultry
by regression equations using the wet chemical composition of the feedstuffs and diets (NRC,
1994; Cerrate et al., 2019; Pedersen et al., 2021). Specifically, there are many studies available
for the prediction of energy values in poultry feedstuffs (Alvarenga et al., 2011; Alvarenga et
al., 2013a; Alvarenga et al., 2013b; Carré et al., 2013; Meloche et al., 2013; Yegani et al., 2013;
Carre et al., 2014; Meloche et al., 2014; Alvarenga et al., 2015; Barzegar et al., 2019; Wu et

al., 2019; Noblet et al., 2022). Some authors have published equations for the prediction of
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ileal digestible content of AA in soybean (Sheikhhasan et al., 2020b) and in corn (Sheikhhasan

et al., 2020a).

The best prediction equations for various digestibility parameters and AME for poultry from
some of the previous studies are presented in Table 2.2. The fitness of the models could be
accessed from the R?, RMSE, and residual standard deviation (RSD) of prediction and
validation statistics. Overall, the negative impact of different fibre fractions such as crude fibre
(CF), hemicellulose (HC), and neutral detergent fibre (NDF), could be seen throughout Table
2.2 for prediction of energy as well as digestibility of nutrients. The most included variables
for the prediction of nitrogen-corrected apparent metabolisable energy (AMEnN) were fibre
fractions, ether extract (EE), starch, ash, and crude protein contents. Moreover, a clear positive
impact of EE, crude protein (CP), and GE on the prediction of AMEn could be evidenced (Batal
and Dale, 2006; Losada et al., 2009; Silva et al., 2010; Meloche et al., 2013). A positive effect
of starch and a negative effect of CF and NDF could be seen for the prediction of protein

digestibility in broiler diets (Cerrate et al., 2019; Pedersen et al., 2021).

Even though there are many equations for predicting the energy values of feed ingredients
available in many previous publications, there is a lack of equations for predicting the nutritive
value of complex broiler diets. In addition to that, there is inadequate information about the
validation strategies used, which questions the practical application of the equations under all

conditions.
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Table 2.2. Prediction equations for ileal digestibility of nutrients, digestible nutrient contents, and energy values using chemical composition data.

Regression Validation
Feedstuff/diet Parameter Equation n R? RMSE RSD R?>v  RMSEv Reference
technique method
Wheat by-
AMEn 3086 -165CF 15 0.77 (Dale, 1996)!
products
Sunflower seed (Villamide and San
TMEn 2,816.8 -109.5HC 11 0.80 70.2 Stepwise
meal Juan, 1998)!
2732.7 +36.4fat-76.3fibre +14.5protein
DDGS TMEn 17 0.45 GLM procedure (Batal and Dale, 2006)!
-26.2ash
Starchy grains
3,697 (£52.9) -11.7 (+4.63) NDF +57.1
and cereal by- AMEn 94 0.79 198 Stepwise (Losada et al., 2009)"
(£6.58) EE -177 (£29.7) ash
products
Poultry offal -2315.69 + 31.44CP + 29.77MM + 0.77GE Backward
AMEn 27 0.72 (Silva et al., 2010)!
meal -49.36Ca elimination
Protein and Method by (Nascimento et al.,
4101.33 +5.63EE -23.30ash
energetic AMEn 574 0.84 0.41 Stepwise Mayer et al. 2009)?
-2.49aNDFom +1.04ADFom
concentrates (1994) (Alvarenga et al., 2011)
Corn co- AMEn 3,517 +46.02EE -82.7ash -33.27HC 15 0.89 191 0.74 335
(Rochell et al., 2011)!
products AMEn -30.19NDF +0.81GE (kcal/kg) -12.26CP 15 0.87 96 0.78 380
-12,282 +2.60GE+89.75CP +125.80starch
AMEn 15 0.90 99 Stepwise External 0.80 488
Reduced oil -40.67TDF
(Meloche et al., 2013)!
corn DDGS -14,322+2.69GE+117.08CP +149.41starch
AMEn 15 0.92 90 Stepwise External 0.71 502
-18.30NDF
Wheat and 21.57-0.35NDF +1.52EE -0.13starch
o AMEn 8 0.99 0.05*  GLM procedure (Yegani et al., 2013)?
triticale +0.10CP
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LASSO

Corn DDGS AMEn 3,673 -121.35CF +51.29EE -121.08 ash 30 0.70 270 ) 0.62 (Meloche et al., 2014)!
selection
Method by
Feedstuffs & 4164.19 +51.01EE -197.663ash -35.69CF (Alvarenga et al.,
AMEn 293 0.75 Mayer et al.
diets -20.59NDF 2015)?
(1994)
AME 3033 +396EE +5.6starch -27.1ash 16 67
Layer diets Stepwise (Barzegar et al., 2019)!
NE 0.781AME -11CP +16.4EE 16 93
IDC CP -3.35+0.782CP -0.121[CP-28.9] 45 0.59 2.2
CAID CP 0.92CP +1.66EE -0.81NDF +1.10starch 45 0.99 7.3
IDC fat -0.641+0.889EE 45 0.99 0.4
) ) CAID fat 2.019CP+0.524EE+0.994NDF 45 0.99 0.7 Stepwise
Broiler diets (Cerrate et al., 2019)*
CAID starch  85.6 ~0.48NDF 45 010 37 BIC, FS
ME 54.3dCP +97.0dEE +46.1dCHO 40 0.99 60
0.43ME +9.5CP +28.2EE +14.1starch
NE 80 0.99 140
-6.0NDF
External (Pedersen et al.,
IDE 0.73 +0.002starch —0.02CF -0.04phytate 56 0.77 0.05 0.34 0.03 S
Broiler diets PCA and PLS (n=34) 2021))
IDP 0.690 +0.001starch —0.011CF +0.003fat 56 0.42 0.06 0.31 0.03

ADFom, acid detergent fibre exclusive of residual ash; AME, apparent metabolizable energy; AMEn, nitrogen-corrected apparent metabolisable energy; aNDFom, neutral
detergent fibre assayed with heat stable amylase exclusive of residual ash; BIC, Bayesian information criteria; Ca, calcium; CAID, coefficient of apparent ileal digestibility;
CF, crude fibre; CP, crude protein; dCP, digestible protein; dEE, digestible fat; dCHO, digestible dietary carbohydrate; DDGS, dried distiller grains with solubles; EE, ether
extract; FS, forward selection; GE, gross energy; HC, hemicellulose; IDC, ileal digestible content; IDE, ileal digestibility of energy; IDP, ileal digestibility of protein; ME,
metabolisable energy; MM, mineral matter; n, number of samples; NDF, neutral detergent fibre; NE, net energy; PCA, principal component analysis; PLS, partial least square
regression; R2, coefficient of determination; R2v, coefficient of determination of validation; RMSE, root mean square error; RMSEyv, root mean square error of validation; RSD,

residual standard deviation; TMEn- nitrogen corrected total metabolisable energy; TDF, total dietary fibre.

' AMEn/TMEn (kcal/kg DM) and variable % DM; 2 AMEn = MJ/kg DM and variables % DM; > AMEn MJ/kg DM and variables g/kg DM; * all values expressed as % DM,
ME/NE = kcal/kg DM, * independent variables unit % DM; * SEP, standard error of prediction.
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2.8. Infrared spectroscopy

Infrared (IR) spectroscopy is an analytical technique that serves both quantitative and
qualitative purposes. The infrared spectrum (12,500-10 cm™) is divided into far-infrared (400-
10 cm™), mid-infrared (4000-400 cm™), and near-infrared (12,500-4000 cm™). It is not possible
to use spectroscopy in the entire region as a single spectroscopy, therefore, far-infrared
spectroscopy (FIRS), mid-infrared spectroscopy (MIRS), and near-infrared spectroscopy
(NIRS) have been developed over the years (Ozaki, 2021). Infrared spectroscopy is based on
the principle that the chemical bonds in organic molecules absorb or emit infrared light when
their vibrational state changes (Van Kempen, 2001). Thus, it can provide a more rapid non-
invasive and chemical-free technique for animal feed analysis (Campbell et al., 2022). Each

type of spectroscopy has its own advantages and disadvantages (Griffiths, 2006).

The NIRS spectroscopy has been widely used in the animal nutrition field (Givens and
Deaville, 1999) compared to MIRS. However, during the last decades it has become
increasingly evident that MIRS has considerable potential for industries applications in the
food, feed, and related industries (Ellis et al., 2012). The principles and use of NIRS could be
referred by many previous publications which are not discussed in this Chapter (Cruz-Conesa,
2023). Further information on the uses of MIRS in other applications except animal nutrition
studies could be referred to other publications (Karoui et al., 2010; Ellis et al., 2012; Bresolin

and Dorea, 2020; Adiamo et al., 2021; Ozaki, 2021).

2.9. Mid-Infrared Spectroscopy (MIRS)

2.9.1. Principles of MIRS

Mid-infrared spectroscopy is one type of vibrational spectroscopy in the wavenumber range of

400-4000 cm™'. Mid-infrared (MIR) region contains information about the fundamental
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Absorbance

vibrations of molecules, and it is a highly sensitive method (Ozaki, 2021). This region contains
information on chemical functional groups, thus allowing organic molecules to be identified
and the structure and confirmation of molecules such as proteins, polysaccharides, and lipids
to be characterised (Sun, 2009). Detailed study of the band assignments to MIR region are

reported in previous publications (Sun, 2009; Karoui et al., 2010).
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Figure 2.4. Typical mid-infrared absorption for various types of bonds adapted from Johnson

et al. (2023b).

The MIR region can be divided into four broad regions (Figure 2.4): the X-H stretching region
(4000-2500 cm™), the triple bond region (2500-200 cm!), the double bond region (200-1500
cm™), and the fingerprint region (1500-400 cm™) (Karoui et al., 2010). It could be further

broken down to C-Hy stretching vibrations from fatty acids (3050-2800 cm™); C=0, N-H, and
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C-N from proteins and peptides (1750-1500 cm™); C-O and C-O-C from polysaccharides
(1200-900 cm™); and P-O vibrations from nucleic acids (1245-1220 and 1090-1085 cm™") (Ellis
et al., 2012). The MIR spectral regime not only provides molecular sensitivity but benefits in
cost, sample volume, and compactness from considerably decreasing system dimensions (Haas
and Mizaikoff, 2016).

2.9.2. Major steps involved in the development of MIRS calibration models

The major steps involved in the calibration of MIRS models are shown in Figure 2.5 which

will be discussed in detail.

Spectral pre- Multivariate

processing

Data acquisition Model evaluation

analysis

Figure 2.5. Schematic representation of mid-infrared spectral modelling.

2.9.2.1. Data acquisition

Attenuated total reflectance fourier transform infrared spectroscopy (ATR-FTIR)

Fourier transform infrared spectroscopy (FTIR) is an efficient, rapid, and non-destructive way
of obtaining an infrared spectrum (Petit and Madejova, 2013; Dutta, 2017). It has replaced the
conventional dispersive spectrometers given that modern computer technology allows the
execution of fast Fourier transform algorithms in real-time (Haas and Mizaikoff, 2016). There
are a variety of sample presentation methods available in IR spectroscopy to analyse a wide
range of sample types (Johnson et al., 2023b). The traditional method is by transmittance which
allows the IR light to enter one side of the sample while some wavelengths are absorbed, and
the remaining light is measured as it exits the other side of the sample. In addition to this, there
is a range of technologies available for analysing samples in various states and forms. These
include attenuated total reflectance (ATR), infrared reflection absorption, and diffuse

reflectance infrared fourier transform spectroscopy (DRIFTS) (Karoui et al., 2010; Haas and
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Mizaikoff, 2016). In reflection mode, the IR light enters one side of the sample and interacts
with the sample matrix by penetrating the sample (Johnson et al., 2023b). Reflection mode
induces less heat compared to transmission mode (Agelet and Hurburgh, 2010) and offers

flexibility for easy handling of solid samples and better repeatability (Johnson et al., 2023b).

ATR is one of the simpler non-invasive MIR techniques in which a solid or liquid sample is
placed in intimate contact with the top horizontal surface of a crystal of high refractive index
(made with germanium, diamond, zinc selenide etc.). It measures changes in intensity that
occur in a totally internally reflected infrared beam when the beam comes into contact with the
sample (Karoui et al., 2010) (Figure 2.6). ATR-FTIR probes the sample using an evanescent
wave established at the sample-crystal interface. The evanescent wave propagates along the
interface, but decays exponentially in the non-crystal side. The choice of crystal affects the
penetration of the evanescent wave (Cleland, 2018). FTIR coupled with ATR offers the rapid
and easy extraction of information on a small amount of samples and has been preferred across
a wide range of applications (Sun, 2009; Haas and Mizaikoft, 2016; Cleland et al., 2018; Shi
et al., 2019; Wang et al., 2021b). In recent times, the ATR-FTIR in the MIR region has been

widely applied in routine chemical analysis.

Evanescent wave

Detector

Internal reflection element ATR

radiation

Incident radiation

Figure 2.6. The ATR-FTIR technique adapted from Karoui et al. (2010).
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2.9.2.2. Mid-infrared spectral pre-processing

The analysis of mid-infrared spectra usually requires pre-processing to minimise the effects of
sources of spectral variability such as baseline shift, trend, noise, scattering etc. This may be
introduced by many factors such as the particle size of the sample, chemical interference, data
collection method, etc. Pre-treatments remove unwanted signals from high-dimensionality data
before modelling. The main aim of pre-processing is to transform data in a way that the signals

will better adhere to Beer’s law as follows,

A=¢lc (2.8)
where, A is the absorbance, ¢ is the molar absorptivity, / is the path length, and ¢ is the
concentration of the constituent of interest stating that absorbance and concentration are

linearly correlated (Sun, 2009). Different pre-processing techniques are shown in Figure 2.7.

Pre-processing techniques

Reference-dependent Reference-independent
(Directly use available (do not use available
reference values for pre- reference values)

processing operation)

l /N

e Orthogonalisation Scatter correction methods Derivation methods
e Optimised scaling l
e Net analyte pre-
processing e Multiplicative e Finite difference
Scatter correction e Savitzky-Golay
(MSC) e Norris-Williams
e Standard Normal
Variate (SNV)
scaling
e Normalisation
e Baseline correction

Figure 2.7. Spectral pre-processing methods adapted from Sun (2009).
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Scatter correction methods are usually employed to minimise light scattering and derivations
methods are used to minimise baseline variations. The derivative methods use a smoothing of
spectra before calculating derivative to decrease the negative impact on signal-to-noise ratio.
The first derivative removes the baseline, while the second eliminates the linear trend. The
multiplicative scatter correction (MSC) removes the undesirable scatter effect by estimating
the correction coefficients and correcting the recorded spectrum (Rinnan et al., 2009). The
standard normal variate scaling (SNV) consists of mean centering and standard deviation

scaling to give mean equal to 0 and a standard deviation equal to 1 (Cleland et al., 2018).

Savitzky-Golay (SG) (Savitzky and Golay, 1964) is a popular method for numerical derivation
of a vector that includes a smoothing step. The SG uses a polynomial function of a specific
degree to smooth a window of spectral points. Once the parameters of this polynomial are
calculated, the derivative of any order of this function is applied to the central point of the
window. The first derivative improves the resolution of spectra, and the second derivative gives
a negative peak for each band and shoulder (De Marchi et al., 2014). This process is carried
out for each point in the spectrum. The number of points used to calculate the polynomial
window size and degree of the fitted polynomial need to be carefully selected (Rinnan et al.,

2009). The SG filter could be used in combination with other scatter correction methods.

Reference-dependent methods comprise primarily those techniques that orthogonalise the data
with respect to a reference of interest. Such methods are generally not applicable and will
require special attention as the response variables are actively used in the modelling (Sun,
2009). The selection of pre-processing methods is not a straightforward task. The pre-
processing methods are often combined and the optimum chemometric data pre-processing
technique may vary depending on the sample matrix or analyte used. Apart from the above-
mentioned methods, wavelet transform techniques are also utilised, including discrete wavelet
transform (DWT) and wavelet packet transform algorithms, which involve smoothing,
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dimension reduction, and noise removal. Detailed information about the data pre-processing
techniques for IR spectroscopy is available in many previous works (Rinnan et al., 2009; Sun,

2009; Lee et al., 2017; Morais et al., 2020).

2.9.2.3. Data analysis methods

Spectral pre-processing is followed by the implementation of multivariate analysis. The well-
known multivariate techniques used in IR analysis are principal component analysis (PCA) and
partial least square regression (PLSR). The PCA is a technique for reducing the amount of data
when there is a correlation present, by the projection of highly correlated variables into a small
set of uncorrelated variables called the principal components. The PCA results are usually
presented as scores and loading plots (Miller and Miller, 2005). It is carried out before

multivariate analysis to find groups of samples and to detect outliers.

Multivariate calibration refers to the process of relating the analyte concentration or measured
value of the physical or chemical property to a measured response (Lavine and Workman,
2010). The PLSR is employed to build the calibration model thereby correlating the pre-
processed spectral data with the reference data. It is a variant of multiple linear regression
method suited for high multicollinearity data such as IR spectra. The PLSR uses linear
combinations of predictor variables called components (nc) or latent variab