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Abstract:

This study aimed to use near-infrared reflectance spectroscopy (NIRS) to estimate the
chemical composition of ingredients for pigs. Samples (n=118) of grains (corn and sorghum)
and meals (soybeans and rapeseed) were collected. Samples were analyzed for dry matter
(DM), organic matter (OM), crude protein (CP), ethereal extract (EE), neutral detergent fiber
(NDF) or acid detergent fiber (ADF), total starch (starch), and gross energy (GE), and were
scanned with an FTIR spectrophotometer. This information was used to develop calibration
equations (CES) by employing a program package (TQ Analyst; Thermo Fisher Scientific).
The selection of the CE was based on the minimization of standard errors of calibration
(SEC), cross-validation (SECV) and prediction (SEP), and the maximization of
determination coefficients of calibration (R?cal) and validation (R?val). The predictive power
of the CE was assessed using the RPD (ratio of prediction to deviation) statistic. Except for
DM, the statistics for OM (0.99, 0.21, 0.39, 0.999, 0.34, and 7.3), CP (0.99, 0.62, 0.95, 0.998,
0.99, and 28.2), EE (0.98, 0.15, 0.31, 0.963, 0.22, and 3.7), NDF (0.98, 0.60, 1.82, 0.962,
1.38, and 3.6), ADF (0.99, 0.70, 1.43, 0.979, 1.04, and 4.6), starch (0.99, 2.31, 3.34, 0.994,
3.03, and 9.7), and GE (0.98, 22.8, 34.9, 0.976, 36.0, and 4.2), R%cal, SEC, SECV, R?val,
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SEP, and RPD, respectively, support the conclusion that CES have an acceptable predictive
capacity of the chemical composition of pig feed ingredients.
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The tables of the National Research Council and the Institut Nationtal de la Recherche
Agronomique report the average chemical composition of the ingredients commonly used in
the formulation of rations; however, due to different agronomic, environmental or climate
factors under which the plants are grown, the composition of the local ingredients may differ
substantially from what the nutritional tables show. Although using tabular values allows for
quick estimates of chemical composition, their use would be limited to common ingredients
and ingredients of known composition®™. This makes it imperative to use the laboratory to
know the actual chemical composition of local ingredients in order to know the quality of the
inputs that are acquired, and to formulate rations that precisely meet the nutritional
requirements of the animals. This will undoubtedly have an impact on improving feed
efficiency and reducing feed costs.

Nonetheless, the costs of chemical analysis and the need to frequently use the laboratory with
the entry of each new batch of ingredients can substantially increase production costs. A
viable option is the analysis of ingredients using NIRS technology, which has several
advantages since, if there is a large collection of samples, it is possible to generate a
calibration equation that accurately predicts the chemical composition of the ingredients
expeditiously and at a lower cost®. Thus, NIRS technology has predicted the moisture, crude
protein, and EE contents of ground or whole soybeans® or the chemical composition (ash,
crude protein, EE, fiber fractions, lignin, and starch) of sorghum grains® with excellent
accuracy. In addition, with NIRS technology, it is possible to preselect intact sorghum grains
for the starch, amylose, or amylopectin contents of grains®. NIRS technology has usually
been used to determine the composition of specific ingredients, e.g., sorghum®%8 or
soybeans®; nevertheless, even though the set of ingredients is broad with respect to the
matrix, i.e., several ingredients are included, robust calibrations that predict the chemical
contents accurately have been obtained®?). These capabilities of NIRS technology have been
widely exploited in the feed processing industry as spectroscopy allows various constituents
from a large number of samples to be rapidly evaluated. Finally, there are few studies aimed
at the analysis of ingredients for use in the pig industry.
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The objective was to develop calibrations by using near-infrared reflectance spectroscopy
(NIRS) based on FT-IR technology to estimate the chemical composition of ingredients
intended for pig feeding. From various states of Mexico, 118 samples of ingredients used for
pig feed were collected, of which 28, 30, 30, and 30 samples corresponded to corn grain,
sorghum grain, rapeseed meal, and soybean meal, respectively. The samples were taken to
the Animal Nutrition Laboratory of the National Center for Research in Animal Physiology
and Improvement for processing.

Each ground sample was placed in a cup (4 inches in diameter) with a quartz window. Thus,
the samples were exposed to a Nicolet 6700 FT-IR spectrophotometer (Thermo
FisherScientific, 2000-2007®) equipped with an integrating sphere to generate the
absorbance spectra in the electromagnetic region between 4,000 and 10,000 waves cm™ at a
resolution of 4 nm and with 72 scans. With the OMNIC™ 8.0 Software (Thermo Fisher
Scientific, 2000-2007®), the absorbance values were transformed to log(1/Reflectance) and
then the spectra were stored in the computer.

The individual calibrations for each analytical component were obtained through the use of
the TQ Analyst program (v8.0; Thermo Fisher Scientific, 2000-2007®) and a multivariate
partial least squares (PLS) model. The mathematical pretreatment of the spectra was based
on the degree of the derivative (first or second) and on the Savitzky-Golay filter, which aims
to reduce (smooth) the spectral noise. This filter is based on the number of points in the
segment (NP) and the order of the polynomial (OP) to be smoothed. Likewise, the samples
were divided into two groups: one set was used for the development of the model, calibration
group (CG), and the second set to validate the model, validation group (VG). To ensure
uniformity of the dispersion of the chemical composition between the sets, the samples were
ordered in ascending order within ingredients. Two samples were selected for the CG, and

the next sample was integrated into the VG, repeating this procedure until the end of the
list®10),

The selection of the calibration equation or model for each component was based on
maximizing the determination coefficient of the calibration (R?cal) and minimizing the
standard error of the calibration (SEC), which evaluates the accuracy of the model )

2
_::\Vl] — VY1
CEC = Y=ijFY — yij)
Ncal

Where: §i is the predicted value of the i-th sample of the CG, yi is the actual or laboratory
value of the i-th sample of the CG, and Ncal is the number of observations of the CG.
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In a similar approach to evaluate the prediction power of the model?, the maximization of
the coefficient of determination of the validation (R?val), and the minimization of the
standard error of prediction (SEP) were considered, which was calculated as follows:

IU( ._,.,.2
iz (yi — §i)
SEp = | 2= 77
\/ N val

Where: §i is the predicted value of the i-th sample of the CG, vyi is the actual or laboratory
value of the i-th sample of the VG, and N val is the number of observations of the VG.

In addition, a second approximation of the internal validation of the model®314 was
performed, which consists of determining the standard error of cross-validation (SECV) and
removes some of the bias when the program calculates the number of recommended factors
(Thermo Fisher Scientifc Inc, 2000-2007®). To calculate SECV, the calibration procedure
is performed without one of the samples in the set and the statistics are estimated; the process
is repeated as many times as the number of samples in the calibration set. At the end, the
average of the squared deviations is calculated and the square root is applied. The equation
of the SECV™? is the following:

1 Ic 2
ECV = |— fo
SECV o1 Z(yl yi)
i=

Where: §i is the value predicted with the i-th observation removed, yi is the actual or
laboratory value of the i-th observation, and Ic is the number of observations in the
calibration set.

The TQ Analyst v8.0 program (Thermo Fisher Scientific Inc.) limits the maximum number
(10) of factors or components in the equation. In addition, the program selects the model with
the lowest SECV value.

To assess the robustness and accuracy of calibration equations, RPD [ratio of (standard error)
prediction to (standard) deviation], specifically the relationship between the standard error of
prediction (SEP) and the standard deviation of VG (SD val)©1516.17):

SD val
SEP

RPD =
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Where, SD val= standard deviation of laboratory values for VG, and SEP= standard error of
prediction (SEP).

Thus, if RPD < 2.3, the model is unreliable and not recommended for use; if RPD > 2.4 and
< 3.0, it indicates that the model has poor predictive power and is only useful for a very rough
selection; if RPD >3.0 and >4.9, it means that the calibration has a good predictive capacity
and can be used for an acceptable selection; if RPD is between 5.0 and 6.4, it suggests that
calibration has good predictive power and can be used for quality control processes; if RPD
is >6.5 and > 8.0, it indicates that the calibration equation has a very good predictive capacity
and can be used for analytical purposes or control processes®.

With the procedures and functions of the SAS statistical package™®, the slope between the
actual and the predicted values of the VG was evaluated, under the null hypothesis that the
slope is equal to one, using the REG procedure and the PROBT function. In addition, as a
measure of the bias of the NIRS prediction, it was assessed whether the expected difference
between the actual and predicted values of the VG differs from zero with the use of the
TTEST procedure and the PAIRED function. Finally, the normality (Shapiro-Wilk) of the
distribution of prediction errors was evaluated with the UNIVARIATE procedure.

In the laboratory, the samples were ground with a Wiley mill (Thomas Scientific,
Swedesboro, NJ) through a 1 mm @ screen for storage, and then analyzed for dry matter at
100 °C (DM; method 967.03, AOAC™), ash (ASH, method 942.05, AOAC®; 600°C x 4
h); organic matter (OM; calculated as OM=100-ASH), crude protein (CP; method 976.05,
AOAC™), ethereal extract (EE; AOAC method 920.85, AOCS®@), fiber fractions (Van
Soest et al®V): neutral (NDF) and acid detergent fiber (ADF), reported on an organic matter
basis. The total starch content was determined with the KTSTA Megazyme-L kit (AOAC®?,
method 996.11). The determination of the gross energy content (GE, kcal/kg) was performed
using an adiabatic bomb calorimeter (model 1281; Parr, Moline, IL, USA).

Table 1 shows the descriptive statistics of the study variables of the total samples collected
(T). Several databases were consulted: National Animal Nutrition Program®?, NRC@),
Tejada®”, Ramirez et al®, and Feedipedia®, which report the number of samples analyzed,
the mean, and the standard deviation for DM, OM, CP, EE, fiber fractions, starch, and GE of
the ingredients analyzed in the present study. Most of the means of components of the
ingredients of the present study were different (P<0.05) from the means of Feedipedia®,
except for the means for OM, EE, and starch of corn grain and OM of rapeseed meal. Ramirez
et al® analyzed 216 samples of sorghum grain for CP (mean= 8.2 % and a standard deviation
of 1.09 %); the mean of this group of samples was 0.88 % percentage units lower (P<0.05)
than the mean CP contents of the sorghum grains in the present study. These comparisons
could suggest that tabular values should be used with caution since several factors can explain
the differences, such as different analysis techniques between laboratories, differences in the
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varieties available over time, and progress in the genetic improvement of the varieties and
agronomic management, among others.

Table 1: Descriptive statistics for the chemical composition of grains (corn and sorghum)
and protein meals (soybeans and rapeseed) used for the development of the NIRS equations
Chemical analysis

Variable
Number Mean Range SD

DM 117 90.11 8.24 1.75
oM 115 95.90 8.59 2.86
CP 114 24.21 41.78 17.20
EE 111 2.04 4.44 1.15
NDF 117 12.00 20.16 6.60
ADF 117 8.34 22.86 6.61
Starch 117 31.40 75.66 31.52

GE 115 4115 601 148

SD= standard deviation; DM= dry matter (%); OM= organic matter (%); CP= crude protein (%); EE= ethereal
extract (%); NDF= neutral detergent fiber (% OM); ADF= acid detergent fiber (% OM); total starch (% DM);
GE= gross energy (kcal/kg).

The DM, OM, CP, EE, NDF, ADF, starch, and GE components of corn and sorghum grains
and rapeseed and soybean meals for CG and VG groups are shown in Table 2. There were
no differences (P>0.05) in the mean value and the variance between the sets; this suggests
that the selection method allowed to get two sets, CG and VG, statistically similar.
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Table 2: Descriptive statistics for the actual chemical composition of grains (corn and
sorghum) and protein meals (soybeans and rapeseed) by calibration group (CG) or
validation group (VG) used in the development of the NIRS equations
Chemical analysis

Variable Group Number Mean Range SD
DM CG 79 90.21 8.24 1.76
VG 38 89.92 7.02 1.72
oM CG 77 95.81 8.53 2.90
VG 38 96.08 7.42 2.83
CP CG 78 24.04 41.78 17.16
VG 36 24.58 41.45 17.53
EE CG 75 2.06 412 1.15
VG 36 1.99 4.35 1.16
NDF CG 79 12.04 20.16 6.68
VG 38 11.91 18.63 6.52
ADF CG 79 8.34 22.30 6.63
VG 38 8.35 19.71 6.64
Starch CG 78 31.17 75.66 31.34
VG 38 30.75 70.95 31.97
GE CG 79 4,114 601 148
VG 36 4,116 456 148

SD= standard deviation; DM= dry matter (%); OM= organic matter (%); CP=crude protein (%); EE= ethereal
extract (%); NDF= neutral detergent fiber (% OM); ADF= acid detergent fiber (% OM); total starch (% DM);
GE= gross energy (kcal/kg).

The statistics of the calibration equations developed are shown in Table 3. Except for the
model for the dry matter variable, it is noteworthy that the calibration models explained more
than 96 % of the variation. The calibration model for dry matter explained only 79 % of the
variation in the samples.
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Table 3: Statistics of NIRS calibration and validation equations for estimating the chemical
composition of ingredients used in pig nutrition

Calibration equation Int_ernal_ Validation
calibration
Component N R?cal SEC SECV N R?val SEP RPD
DM 79 0.98 0.26 1.15 38 0.791 099 1.74
oM 77  0.99 0.21 0.39 38 0.999 0.34 7.26
CP 78  0.99 0.62 0.95 36 0.998 099 28.24
EE 75 0.98 0.15 0.31 36 0.963 022 3.74
NDF 79  0.99 0.60 1.82 38 0.962 1.38 3.58
ADF 79  0.99 0.70 1.43 38 0.979 1.04 4.64
Starch 78  0.99 2.31 3.34 39 0.994 3.03 9.67
GE 79 098 22.80 34.9 36 0.976 36 4.24

IN= number of samples; ?R%cal= coefficient of determination of the calibration equation; SEC= standard error
of calibration; SECV= standard error of cross-validation; R?val=coefficient of determination of the validation
equation; SEP= standard error of prediction; RPD= ratio of prediction error to deviation; DM= dry matter
(%); OM= organic matter (%); CP= crude protein (%); EE= ethereal extract (%); NDF= neutral detergent
fiber (% OM); ADF= acid detergent fiber (% OM); total starch (% DM); GE= gross energy (kcal/kg).

The statistic of the cross-validation (SECV) is shown in Table 3. According to Williams®,
SECYV is useful for detecting atypical samples or outliers during the calibration process. If
SEP is large but smaller than SEC, this indicates the existence of atypical samples that should
be identified and removed before recalibration. In the present study, the SECVs® were
higher than the SEC of each of the calibrations. Likewise, the SECV® indicates that it is
useful to optimize the mathematical pretreatment of the spectra by determining the best
model of the calibration models evaluated, the best model being the one with the highest
value of R%cal, SEP, and RPD.

Table 4 shows the factors and algorithms that were used in the mathematical pretreatment of
the spectra of the selected models, and which were considered to be the best in the present
study. The analysis of the variation contained in the spectra determines the orthogonal factors
or independent sources of variation® that explain the largest proportion of the variation. In
addition, it was established that the number of factors in the model should not be greater than
10 to avoid overparameterization of the model®®. The SEP expresses the difference between
the predicted values and the actual values of the validation samples, so low values are related
to models of greater precision®”). Before generating the calibration models, several
mathematical procedures were used to process the spectra to correct the dispersion, baseline
intensity, and peak overlap to improve the accuracy of the calibration models®®),

In the present study, the Saviztky-Golay filter and the multiplicative scatter correction and
standard normal vary procedures were used. The selection of methods for spectra correction
was carried out empirically with trial and error, evaluating the accuracy of the calibration and
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the number of factors in the calibration*”?®, Table 4 shows the values of the filters and
methods used for the calibration of each component and the values of the predicted residual
errors sum of squares (PRESS).

Table 4: Factors and mathematical pretreatment of spectra in the development of NIRS
calibration equations and PRESS statistics

Component Derivative!  Filter? NP3 opP* Factors® PRESS®
DM’ 1 SG 7 5 7 101.00
(o] Y/ 1 SG 5 1 6 13.72
CP® 1 SG 35 5 8 71.89
EEL 1 SG 9 2 9 6.98
NDF!! 1 SG 7 3 7 268.58
ADF*? 1 SG 11 3 7 154.62
Starch'? 1 SG 21 3 7 818.06
GE 1 SG 13 3 10 84.60

!Derivative=1 first derivative; 2= Savitzky-Golay (mathematical filter);3NP= number of points in the
segment; “OP= order of the polynomial; Factors= independent components of the equation; SPRESS=
predicted residual errors sum of squares; ‘DM= dry matter (%); 8OM= organic matter (%); °CP= crude protein
(%); °EE= ethereal extract (%); **INDF= neutral detergent fiber (% OM); *2ADF= acid detergent fiber (%
OM); 3total starch (% DM); **GE= gross energy (kcal/kg).

Ideally, the predicted value should vary by one unit when the actual value in the samples
changes by one unit, i.e., the slope of the model would be equal to one. Therefore, the slope
of linear regression between the actual or laboratory and the predicted values for each
component was evaluated through a t-test with a confidence level of 95 % (Table 5). If the
slope is statistically different from one, it suggests that the calibration model has a bias in the
estimation®®3%, In the actual test, the regression slopes between the actual and predicted
values for DM and NDF were detected to be different from one, indicating that there is a
bias, specifically in these cases, the underestimation of DM and NDF.
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Table 5: 95 % confidence limits of the slope between actual (XX_ag!) and predicted values
(XXnirs?) and the t-test to determine whether the slope (p) differs statistically from one

Component p® SEM* tcal® LCL® UCL' ;/Balor Opn?®
DMyag - DM %rs 066 0.077 436 051 082 0001 Ha p#l
OM_ag - OMyrs 096 0.019 199 0.92 1.00 0.055 Ho!
CPLag - CP¥NiRs 101 0.010 0.79 0.99 1.03 0.434 Ho
EELas - EEY®NRs 094 0.031 181 0.88 1.01 0.079 Ho

NDF_ag - NDF*irs 091 0.032 288 0.84 097 0.007 Ha p#l
ADFLas —ADF®Rrs 095 0.025 190 090 100 0.065 Ho
Starchiag - Starch®yrs  0.98  0.015 130 095 101 0202 Ho
GELag - GEY'Nirs 0.92 0.040 1.97 0.84 1.00 0.056 Ho
IXXLas= actual value of the sample; 2XXnirs= value estimated by NIRS; ®p= slope; *SEM= standard error of
the mean, 5t cal= value of the t-statistic; SLCL= lower confidence limit; 7UCL= upper confidence limit; P8=

value of a at which Ho: p=1 is rejected; *Opn= opinion: Ho= insufficient evidence to reject the null hypothesis
(p=1); Ha: p#1. ®°DM= dry matter (%); **OM= organic matter (%), 2CP= crude protein (%), *EE= ethereal

extract (%); **NDF= neutral detergent fiber (% OM); SADF= acidic detergent fiber (% OM); *total starch (%

DM); Y'GE= gross energy (kcal/kg).

Table 6 presents the comparison of the means of the actual and predicted values using a
paired mean test. In none of the comparisons was it detected (P>0.05) that there were
differences between the means of the actual and predicted values. According to John et al®?,
this suggests that the models are applicable for prediction. On the other hand, the RPD
statistic aims to relate the standard error of prediction (SEP) to the standard deviation of the
CGO with which the predictive capacity of the calibration model can be evaluated. Thus,
models with RPD values < 2.3 are considered to have a low predictive power, so calibration
to estimate DM (RPD=1.7) cannot be recommended for use. In contrast, calibration models
for OM, CP, and starch have very good predictive power because all their statistics (R? and
RPD and SEP and SECV) have high and low values, respectively. The models for EE, GE,
NDF, and ADF have good predictive power.
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Table 6: Paired mean test to evaluate the difference between methods (XX ag* vs.
XXnirs?) to determine the chemical contents of ingredients used in pig nutrition
Paired means (percentage units)

Component Difference  SEM® LCL* UCL® Dff qg-value’
DM ag - DMnrs® -0.031 0.160 -0.36  0.29 37 0.85
OM_ag - OMnigrs® -0.045 0.056 -0.16  0.07 36 0.43
CPiag - CPnirs™ -0.211 0.164 054 0.12 35 0.21
EELas - EEnirs? 0.019 0.037 -0.06  0.09 35 0.62
NDF_ag - NDFnjrs? 0.040 0.228 042 050 37 0.86
ADF_ag - ADFnirs™® -0.049 0.189 -0.39  0.29 38 0.78
Starchiag - Starchnirs®*  0.248 0.623 -1.01 151 38 0.69
Paired means (kilocalories / kg)
GELas - GEnRrs™® -0.954 6.086  -13.31 11.40 35 0.88

IXXas= actual value of the sample; 2XXnirs= value estimated by NIRS; 3SEM= standard error of the mean;
4LCL= lower confidence limit; SUCL= upper confidence limit; éDf= degrees of freedom of the test; 7 a-value=
at which Ho: difference between means is not different from 0, is rejected; 8DM= dry matter (%); *OM=
organic matter (%), 1°CP= crude protein (%), **EE= ethereal extract (%); ®NDF= neutral detergent fiber (%
OM); 3ADF= acid detergent fiber (% OM); “total starch (% DM); *>GE= gross energy (kcal/kg).

Table 3 shows the statistical evaluation (null hypothesis= 1) of the regression slopes between
the actual (laboratory) and the predicted values of each chemical component in the validation
samples. It was detected that the slopes of the equations for DM and NDF were statistically
(P<0.01) different from 1 (0.662 and 0.907, respectively), indicating that the equations are
underestimating the actual value of the validation samples.

Based on the modified partial least squares (MPLS) algorithm, NIRS prediction equations
were developed to estimate the protein and starch contents, among other components, of
accessions of cowpea (Vigna unguiculata) crops“?. The statistics of the calibration equations
were R?= 0.800 and 0.997 and their standard calibration errors were 1.23 and 0.063; in
contrast, the external validation statistics were R?val= 0.903 and 0.997, SEP= 0.598 and
0.528, and RPD= 2.80 and 5.32 for CP and starch, respectively; the authors®® concluded that
their calibrations have good predictive power. Nonetheless, considering the RPD ranges
proposed by Williams®, the calibration model for crude protein would have poor predictive
power®,_ Noel et al” collected (n= 858) feed samples that were grouped into three different
types: cereals, cereal byproducts, and rations for pigs, to build near-infrared spectroscopy-
based calibration equations to estimate CP, EE, NDF, and ADF contents; the equations
developed were either for each type of ingredient set or a single general equation that
included all ingredients. Calibration equations built with only cereal samples (n=212), which
included wheat, barley, rye, sorghum, rice, and triticale grains, had acceptable statistics, R*cal
(0.95 and 0.97) and SEC (0.04 and 0.08 %) for CP and EE, respectively. In contrast, the
calibration equations”? for starch, NDF, ADF, and gross energy explain relatively low
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percentages of the variation (R?= 0.75, 0.89, 0.86, and 0.45, respectively) and their SECs
(3.0 %, 1.24 %, 0.73 %, and 59.7 kcal/kg, respectively) were similar to those of the present
study. Nevertheless, only the validation R? (0.91, 0.89, 0.46, 0.76, 0.49, and 0.46,
respectively) and SEP (0.55 %, 0.40 %, 3.39 %, 1.5 %, 0.99 %, and 62.11 kcal/kg,
respectively) for crude protein, EE, starch, NDF, ADF, and GE, respectively, with only the
statistics for the variables of CP and EE contents being acceptable.

In the present study, the slopes between the actual and predicted values (Table 5), the slopes
for DM and NDF were less than one (underestimate), indicating that the increase of one
percentage unit of dry matter or NDF in the sample than the increase in the predicted value;
however, for dry matter, the underestimation is much higher. In contrast, other authors(”)
reported that the slopes for crude protein and gross energy were similar to one (1.01 and 0.99,
respectively); the rest of the slopes were probably different from one (1.07, 0.87, 1.10, and
0.80 for EE, starch, NDF, and ADF, respectively) since they do not show the slope
confidence intervals. Considering the classification of RPD to measure the predictive power
of the calibration equations®, only the equation for CP( would have good predictive
capacity (3.26); however, this RPD value is much lower than reported in the present study
(28.24). For EE and NDF calibrations, RPDs of 2.35 and 2.49, respectively, were reported,
indicating that calibrations are useful for low- or high-content selection. The calibrations for
EE and NDF in the present study have good predictive power according to RPD values of
3.74 and 3.58, respectively. When Noel et al™ built a general calibration equation for all
their groups, the increase in the predictive capacity (RPD= 3.54 to 5.11) of their equations
improved substantially, except for the estimation of GE (RPD= 2.27).

The number of samples, the diversity of the matrices, or a wide variation in the nutritional
contents of the samples determine the construction of calibration equations with good
predictive power. For instance, the standard error of the validation decreased curvilinearly
when the calibrations included 15, 21, 36, and 43 % of the available samples®V. These
authors®Y suggested that the increase in variation was due to the overparameterization of the
model when the number of samples in the calibration set was too small; they®? recommended
that calibrations include more than 100 samples so that the error and bias are close to the
values obtained with the total samples (n= 467). Although other authors®? point out that
determining the number of samples to build calibration models is not easy, they mention that
calibrations based on sets with fewer than 50 samples may not be reliable. Likewise, the
number of samples required for calibration also depends on the type of population on which
inferences are to be made; for example, in a closed population that includes only samples of
the same type (e.g., sorghum grains), 50 to 100 samples may be needed. In an open
population, as in the present study, it suggests that it is necessary to include at least 150
samples to build reliable calibrations @Y. Although the calibration sets included 75 to 79
samples, the calibration equations generated have good predictive power, which could be
explained by the difference in the technology of the equipment used: monochromators(-3%)
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vs. the FTIR of the present research. In a study with 328 samples®®, they developed a
calibration equation to estimate the CP contents of five cereal grains (corn, sorghum, and
three species of millets), and the sample set had a range of CP contents between 6.0 and
21.5 %. Using the partial least squares model, these authors®® report that the statistics of
their calibration equation were R%cal= 0.90 and SEP= 0.9, and for the validation test: R?val=
0.86, with a slope of 0.82, SEP= 1.09, and an RPD= 3.08, concluding that their calibration
has an excellent quantitative predictive power. Although the present study used a smaller
number of samples with a wider range of values (41 percentage units) and different matrices,
most of the statistics in this study were better (R?cal= 0.99 and SEP= 0.62) for the calibration
and the validation equations (R?val= 0.99 and SEP= 0.62 and RPD= 28.24); only the
prediction error of the present research was greater (SEP=0.91 vs. 0.99) than that of the study
mentioned previously study®®. In another study with 400 samples®, calibration equations
were developed and evaluated in the region of 4,000 to 25,000 waves cm™ to determine the
chemical composition of a wide group of ingredients and rations, protein and energy
supplements, grains and protein meals; Cozzolino® reported the following statistics, R?,
SECV and SD val/SECV (0.91, 0.82 %, and 2.56; 0.98, 1.3 %, and 6.6; 0.93, 1.4, and 3.45;
0.80, 5.3 %, and 1.81; 0.92, 1.3 %, and 2.94) for dry matter, crude protein, ADF, NDF, and
ash contents, respectively, and concluded that NIRS is a technique that can determine crude
protein, ADF, and ash adequately; however the calibration for dry matter could be useful
only to select samples with high or low dry matter contents, and finally, the technology could
not estimate the NDF of the samples. Something similar happened in the present study. The
calibration equation to estimate the dry matter has a poor predictive power (R?cal= 0.98 and
SEC=0.26, R?val= 0.79, SEP= 0.99, and RPD= 1.74), so its use is not recommended.

Likewise, in another study that was carried out to use NIRS technology to predict the
composition of ileal digesta and feces from pigs®*, the calibration equation had no predictive
power (R%cal= 0.87; SEC= 0.83, SEP= 1.15, and RPD= 1.78). This inability of NIRS
technology in the estimation of dry matter could be explained by the fact that the presence of
water produces two broad and dominant absorption bands in the regions 5,180 and 6,945
waves/cm™ in the NIRS spectrum®, which explains why the predictive capacity for other
chemical components in fresh samples decreases®®). Even in the spectra of dry samples at
55°C, the two water-related bands are visible, so it is not easy to explain why the predictive
power of NIRS technology for dry matter is low, being specific to moisture. Other
components have also not been accurately predicted. Ramirez et al® evaluated the use of
NIRS to predict the dry matter, crude protein, and neutral detergent fiber contents of 216
sorghum grain samples collected over three years. The prediction equations explained 96 %,
93 %, and 74 % of the variation in the population studied and with SEP (0.372, 0.186, and
0.838) for dry matter, crude protein, and neutral detergent fiber, respectively. Although the
authors® conclude that NIRS has good predictive capacity, the percentage of the variation
explained for NDF could question their conclusion.
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The energy of poultry and pig diets comes primarily from cereal grains, with starch being the
main constituent of cereals, hence the importance of its determination. However, starch
measurement techniques are laborious and expensive, so analytical methods that produce
reliable predictions are important to formulate rations for monogastric species. Although the
sample population of the present study had two extremes with significant differences in starch
contents, the calibration equation for starch explains 99 % of the variation, SEC (2.31 %) and
SEP (3.03 %) are low, the slope does not differ statistically from 1, and the RPD (9.67)
indicates that it has a strong predictive power (Table 3). In a study with 400 samples of
cereals and byproducts (wheat, corn, barley, wheat bran, oats, rye, corn germ, and sorghum),
Nieto-Ortega et al®” developed a global calibration equation to estimate the total starch
contents with 275 samples and reported that the statistics for the calibration equation were
R2=0.99 and SEC= 1.53; in contrast, the statistics for the validation equation were R?val=
0.99, SEP=1.70, and RPD= 9.53. These statistics reported by these authors®” are better than
those reported in the present study; nevertheless, the RPDs of the calibration equations of
both studies indicate that they can be used for quantitative estimation.

Except for dry matter, it is concluded that NIRS-FTIR spectroscopy accurately and
confidently predicts the organic matter, crude protein, ethereal extract, gross energy, and
neutral detergent fiber and acid detergent fiber fractions of the main energy and protein
ingredients used in pig farms.

NIRS is a tool that can be routinely used to make accurate estimates of chemical composition
at a low cost and in a short time. The information released can be used to formulate precise
rations, which benefit consultants, producers of swine, and, possibly, production units of
other monogastric species.
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