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A B S T R A C T
In the prediction of active substance content in pharmaceutical tablets and moisture in wheat, a very large
number of wavelengths were used. Hence, a method to identify a limited number of wavelengths was
developed. We introduce a novel approach that uses the discrete cosine transform (DCT) for this purpose. The
data was obtained using near infrared spectrometer. From the DCT coefﬁcients, a limited number was chosen
as predictor variables to be used in partial least square (PLS) regression. Likewise, a limited number of DFT
coefﬁcients were also used in the PLS regression. The performance of combining the DCT with PLS was
compared with that of the PLS model using the full spectral data and with the discrete Fourier transform
(DFT). The results showed that the PLS model using DCT coefﬁcients produced lower root mean square error
than using the full NIR spectral data with the PLS and also the DFT.
© 2008 Elsevier B.V. All rights reserved.

1. Introduction
Near infrared (NIR) spectral data set has more number of variables
or wavelengths than the number of samples or objects. Absorbance at
different wavelengths, which are used as predictor variables in
multivariate calibration of NIR data, are highly correlated. Therefore,
multivariate calibration methods such as partial least square (PLS)
regression [1] and principal component regression (PCR) are commonly used.
Near infrared spectra typically have smooth continuous curves and
broad peaks. This is related to the fact that groups of neighbouring
wavelengths are highly collinear. Thus, certain features of an NIR
spectrum are spread across a few neighboring wavelengths. In view of
this, NIR spectra are suitable for compression and feature extraction.
The ability to reduce NIR spectra into few variables without degrading
its useful information content is an important preprocessing step in
parsimonious multivariate calibration of NIR spectroscopic data.
Many studies had been performed to reduce the number of
predictor variables used in multivariate calibration of NIR spectra by
extracting features from the spectra [2,3,4,5,6]. Some of these studies
utilized linear transformation methods such as Fourier transform [2]
and wavelet transform [3,4]. Linear transformation methods when
applied to NIR spectra have the advantage of extracting features from
NIR spectra by transforming the spectra into Fourier or wavelet
domain. High frequency variations in the NIR spectra such as noise are
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easily separated from the rest of the spectra by identifying coefﬁcients
associated with high frequencies in the Fourier or wavelet domain.
Similarly, low frequency variations such as baseline variation are
separated into coefﬁcients at low frequencies. This ﬁltering ability is
an advantage of wavelet, which is commonly used in baseline removal
and denoising of NIR spectra [7,8].
Due to the presence of redundant information in NIR spectra,
linear transformation can be used to concentrate spectral information into a small number of coefﬁcients or variables [4]. Although
compression could result in slight loss of information, it does not
necessarily affect the prediction accuracy of multivariate calibration
model signiﬁcantly. In fact, theoretical study by Nadler et al. had
demonstrated that feature extraction and selection prior to multivariate calibration could achieve near-optimal prediction error [9].
Their study adopted adaptive wavelet feature selection algorithm to
perform dimensional reduction in order to achieve near-optimal
prediction errors.
With the advantages of Fourier and wavelet transform applied to
multivariate calibration of NIR spectra, it is interesting to explore and
investigate other types of linear transformation that can be used for
similar purpose. In this study, the DCT was used to predict active
substance content in pharmaceutical tablet and moisture in wheat. A
limited number of DCT coefﬁcients ranging from 10 to 30 were used as
predictor variables in the PLS regression. Their performances were
compared with the PLS using the full spectral data and also with
varying DFT coefﬁcients combined with the PLS.
This paper is organized as follows. In Section 2, a brief review of the
discrete cosine transform is presented. The experimental study, which

64

C.S. Soh et al. / Chemometrics and Intelligent Laboratory Systems 93 (2008) 63–69

Let x(n) denote an N-point sequence that is zero outside 0 ≤ n ≤ N − 1.
The DCT of x(n) is deﬁned as,

X ðkÞ ¼
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Fig. 1. Even extension of NIR data.

for 0 ≤ n ≤ N − 1, and,
xðnÞ ¼ 0;

includes the data set as well as multivariate calibration of NIR data is
discussed in Section 3. Section 4 consists of the performance results
and discussion. Finally, Section 5 concludes the study.

ð3Þ

ð4Þ

otherwise.

The discrete cosine transform (DCT) [10] is closely related to the
discrete Fourier transform (DFT). While the DFT has the cosine and
sine functions as its basis functions, the DCT uses only cosine
functions. Therefore, a function is expressed as a sum of sine and
cosine functions with different frequencies and amplitudes using the
DFT. The DCT expresses a function as a sum of cosines with different
frequencies and amplitudes.
These differences are due to the underlying boundary conditions
assumed by both transforms. While the DFT assumes periodic
repetition of the ﬁnite interval function, the DCT implies even
symmetry at the boundary of the function interval.

The DCT has excellent energy compaction for correlated data [11].
Most of the information of a signal is concentrated in a few low
frequency components of DCT. This contributes to the application of
the DCT as a compression tool. The DCT possesses decorrelation
characteristics, that is the ability to remove redundancies in data.
Highly correlated data points can be transformed into uncorrelated
transform coefﬁcients.
Note that the DFT also possesses good energy compaction and
decorrelation properties. However, the DFT being a complex transform, requires two quantities, the magnitude and phase, to represent
the original data in the Fourier domain. For the DCT, the transformation of a sequence of real numbers is another sequence of real
numbers. In addition, the DFT assumes periodic extension of ﬁnite
interval function, and therefore, introduces discontinuities at the
boundaries. These discontinuities require more high frequency
components to be represented. In contrast, the DCT extends a function
with even symmetry and therefore, avoid discontinuity at the
boundary of the function as shown in Fig. 1.
The difference in boundary condition for both the DFT and the DCT
has a profound impact on the performance of both transforms in
applications such as signal compression and coding. When using the
DFT, discontinuity at the boundary causes abrupt transition from one
period of the signal to another. The discontinuity contributes energy

Fig. 2. Magnitude plot of DCT coefﬁcients of NIR data.

Fig. 3. Percentage of recovered energy for the DCT and the DFT compressed NIR data.

2. Overview
In this section, a brief theory of the discrete cosine transform
(DCT) is discussed and comparison is drawn between the DCT and
the DFT. In the subsequent section, a brief theory on NIR spectra is
presented.
2.1. Discrete cosine transform
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to high frequency components. Energy gets leaks from one frequency
region to another region [12]. Therefore, energy scattering results in
more coefﬁcients are needed to contain substantial energy of the
signal. In the DCT, even symmetry at the boundary of the signal allows
continuous transition from one interval of the signal to the next. There
is no need for high frequency components to describe discontinuity.
Energy is conﬁned in its own respective frequency regions [12]. Less
number of coefﬁcients is sufﬁcient to contain a large portion of the
signal energy. This contributes to excellent energy compaction
property of the DCT. This property is evident when reconstruction of
a signal using the same number of coefﬁcients for both Fourier
transform and the DCT yields smaller reconstruction error but higher
percentage of recovered energy for the DCT.
Fig. 2 shows the magnitude plot of DCT coefﬁcients for one NIR
spectrum. It can be observed from the ﬁgure that only the ﬁrst few
coefﬁcients at the left side of the plot have high values while the rest
of the coefﬁcients have values close to zero. This shows that the DCT
can compact most of the energy into the ﬁrst few coefﬁcients.
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Fig. 5. Reconstructed NIR spectrum from 17 DCT coefﬁcients compared with the original
NIR spectrum.

2.2. NIR spectra and boundary effects
In wavelet analysis of NIR spectra, multi resolution analysis is
employed, in which the signal to be analyzed is of length 2n , n is an
integer [13]. Signal length not of 2n is extended by zero padding the
signal. Zero padding the signal will introduce edge effect. In order to
avoid this, linear padding is employed to extend the signal [3].
Information lies close to the boundary of NIR spectra may be subjected
to artifacts when feature extraction methods such as wavelets are
employed without proper consideration on the boundary effects [14].
Boundary effects commonly associated with NIR spectra transformation can be reduced by careful selection of spectra extension
techniques. Empirical studies showed that symmetric padding performs better than zero padding in terms of compression and
denoising, although boundary effects cannot be eliminated completely [15]. Depczynski et al. proposed using Sturm–Liouville wavelets to
eliminate completely the boundary effects [15,16,17].
3. Experimental study
In this section, the organization of data set for pharmaceutical
tablet and wheat is described. All simulations were performed in
MATLAB 7.0.1. [22] running on Microsoft Windows XP operating
system. The detailed description of the compression of NIR spectra
using the DCT and the DFT is discussed. Finally, the multivariate

calibration of NIR spectra using the PLS regression and the
performance parameters used are presented.
3.1. Data set
We had utilized NIR transmittance spectral data for pharmaceutical
tablet in this study [18]. This data set was downloaded from the web site of
the Quality and Technology, Department of Food Science, Faculty of Life
Sciences, University of Copenhagen [19]. The NIR transmittance spectral
data contains 310 spectra and 404 wavelengths. We divided the data set
into 232 spectra for calibration while the remaining 78 spectra for testing
the calibration model. The separation of data set into training set and test
set is performed using the Kennard–Stone algorithm [20]. There is only
one property to be predicted, that is the active substance content.
The second data set we used is the wheat data set [21]. The data set
was downloaded from the ftp site ftp.clarkson.edu/pub/hopkepk/
Chemdata/Kalivas. This data set consists of 100 spectra and 701
wavelengths with moisture and protein content as properties to be
determined. We only made use of the moisture property in this study.
The data set is divided into 75 spectra for calibration and 25 spectra for
testing using the Kennard–Stone algorithm [20].
3.2. Compression of NIR spectra
We tested the performance of the DCT in compression of NIR
spectra and compared it with that of the DFT. We attempted to
reconstruct the NIR compressed spectrum by hard thresholding. The
ﬁrst few transform coefﬁcients with the highest magnitude were
selected. The rest of the low magnitude coefﬁcients were assigned
values zero. Thus, coefﬁcients with magnitude above certain threshold
value contributed to the reconstruction of the NIR spectrum.
Compression and reconstruction of NIR spectrum is performed in
the following steps:
1. Transform the original NIR spectral data using the DCT or the DFT
2. Identify k number of coefﬁcients with the highest magnitudes, or
specify a threshold value, in which coefﬁcients with magnitudes
higher than the threshold are retained
3. The rest of the low magnitude coefﬁcients are replaced by zero.
4. Perform inverse transform on the transformed spectral data to
reconstruct NIR spectral data

Fig. 4. Comparison of NIR spectrum reconstruction performances for the DCT and the
DFT.

Let x = [x1 x 2··· x M] T be the original NIR spectrum with M
wavelengths, and x̂ = [x̂1 x̂ 2··· x̂ M]T is the reconstructed NIR spectrum.
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The reconstruction performance is calculated based on relative mean
square difference (RMSD), as follows [23],
RMSD ¼

norm ðx  x̂Þ
norm ðxÞ

ð5Þ

where norm(x) is the Euclidean norm of x given as,

norm ðxÞ ¼ jjxjj2 ¼

M
X

!1=2
jxi j2

ð6Þ

i¼1

The total energy of a signal transformed into its coefﬁcients is Σi|ci|2,
where ci is the coefﬁcient and i is the coefﬁcient index. Let the
coefﬁcients with magnitude greater than threshold ε denoted by c*,
i
that is, |c*|N
ε. Thus, the percentage of recovered energy Er by retaining
i
the coefﬁcients with magnitude higher than threshold ε, is given as [15],
Er ¼

Ri jc4i j2
Ri jci j2

 100

ð7Þ

Fig. 7. PRESS values versus number of PLS factors.

Prediction performance of the PLS models were compared in terms
of root mean square error of prediction (RMSEP) for test set.

3.3. Multivariate calibration of NIR spectra
DCT coefﬁcients obtained from transformation of NIR data were
used as predictor variables in PLS regression. The NIR spectra were
mean centered and variance scaled as a preprocessing step. Mean
centering is performed by subtracting the mean spectrum of the
calibration data set from every spectrum in the data set. Variance
scaling is performed by taking the nth wavelength of every spectrum
and divide by the standard deviation of the nth wavelength calculated
from the calibration set. We selectively chose subset of the coefﬁcients
as variables to build calibration model. Selection was based on the ﬁrst
10 to 30 coefﬁcients. Prediction error for calibration set is calculated as
root mean square error of calibration (RMSEC) as follows,
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PI
2
i¼1 ðyi  ŷi Þ
RMSEC ¼
IK 1

ð8Þ

where yi is the actual active substance content, ŷi is the predicted
active substance content, I is the number of samples in the calibration
set and K is the number of PLS factors used in the model.

Fig. 6. Reconstructed NIR spectrum from 17 DFT coefﬁcients compared with the original
NIR spectrum.

RMSEC ¼

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
uP 
u J
t i¼1 yi  ŷj
J

ð9Þ

where yj is the actual active substance content, ŷ i is the predicted
active substance content and J is the number of samples in the test set.
The optimum number of PLS factors was determined from crossvalidation of calibration set by leave-g-out cross-validation. Predicted
residual error sum of squares (PRESS) was calculated from the crossvalidation,
PRESS ¼

I
X

2

ðyi  ŷi Þ

ð10Þ

i¼1

where yi is the actual active substance content, ŷ i is the predicted
active substance content and I is the number of samples in the crossvalidation set.
Although NIR spectroscopic data has high dimensions due to high
number of absorption measurements at multiple wavelengths, the
underlying information can be described by a reduced number of
variables called latent variables [24,25]. These latent variables can be

Fig. 8. Root mean square errors for calibration and test set versus number of latent
variables.
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Table 1
Prediction results for PLS model using original spectra for pharmaceutical tablet data set
No. of PLS factors

6

RMSEC
RMSEP
Test set
N15%
10%–15%
5%–10%
2.5%–5%
1%–2.5%
0%–1%

0.3402
0.3288
0
4
18
20
23
13

derived from the original variables by linear combination of the
absorption values at different wavelengths [24,26]. PLS and PCR are
successful due to the ability to extract these latent variables from NIR
data [24].
We adopted Wold's R criterion [27] to identify the optimum
number of latent variables. According to Wold's R criterion, the
optimum number of latent variables is obtained when the ratio of
PRESS value at (A + 1) latent variables to PRESS value at A latent
variables exceeds unity, in which A is taken as the optimum number of
latent variables [27].
R¼

PRESSð A þ 1Þ
PRESSð AÞ

ð11Þ

where PRESS(A + 1) is the PRESS at (A + 1) latent variables, PRESS(A) is
the PRESS at A latent variables and R is the ratio of both PRESS values.
4. Results and discussion
Since two experiments were carried out using two different data
sets, we ﬁrst present the results for pharmaceutical tablet data set
using the DCT and the DFT combined with PLS regression, and
followed by the results for the wheat data set using the DCT and the
DFT combined with PLS regression.
4.1. Pharmaceutical tablet
The recovered energy Er from the DCT and the DFT is illustrated in
Fig. 3. This graph demonstrates the high energy compaction property
of the DCT. It can be observed from the graph that although using the
same number of transform coefﬁcients for both the DCT and DFT, the
DCT stores higher percentage of spectral energy than the DFT.
The results for compression and reconstruction of NIR spectrum
are illustrated in Figs. 4, 5 and 6. In Fig. 4, the reconstruction error
based on RMSD shows that the errors resulting from using the DCT are
much lower than the DFT for the same number of coefﬁcients. As the
number of coefﬁcients are increased, the RMSD error for the DCT
approaches towards zero unlike in the case of the DFT.
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Table 3
Prediction results for PLS models using DFT coefﬁcients for pharmaceutical tablet data
set
No. of DFT coefﬁcients

10

15

20

22

25

30

No. of PLS factors
RMSEC
RMSEP
Test set
N15%
10%–15%
5%–10%
2.5%–5%
1%–2.5%
0%–1%

6
0.3553
0.3344

6
0.3440
0.3187

6
0.3473
0.3189

7
0.3439
0.3167

7
0.3457
0.3161

6
0.3496
0.3144

0
4
17
17
23
17

0
3
15
23
21
16

0
3
15
22
23
15

0
5
13
20
23
17

0
4
16
17
24
17

0
1
17
25
21
14

As the number of transform coefﬁcient increases, the reconstruction error decreases because additional spectral information contained in additional coefﬁcients is included in the spectrum
reconstruction. However, up to a certain number of transform coefﬁcient, the reduction of RMSD is no longer signiﬁcant. This shows that
there is a limit at which the number of transform coefﬁcient is sufﬁcient for reconstruction of the spectrum. The number of coefﬁcient
chosen for the spectrum reconstruction depends on the RMSD
requirement. If lower RMSD is desired, then higher number of transform coefﬁcient is used for spectrum reconstruction.
Figs. 5 and 6 show an example of using a ﬁxed number of coefﬁcients for NIR spectrum reconstruction. Fig. 5 shows the reconstruction of NIR spectrum using 17 DCT coefﬁcients while Fig. 6 shows the
same NIR spectrum reconstruction using 17 DFT coefﬁcients. In both
ﬁgures, although using the same number of coefﬁcients, we notice
that by using the DCT, the original NIR spectrum can be obtained. This
is not the case when the DFT is used as shown in Fig. 6. This demonstrates the superiority of the DCT for compression of NIR data
compared to the DFT. Thus, the DCT requires fewer number of coefﬁcients than the DFT to compress the NIR data. Note that in Figs. 5 and
6, we used only 17 coefﬁcients as one example of spectrum reconstruction. Similar result can be obtained using different number of
coefﬁcients.
Fig. 7 shows the changes in PRESS values with increasing number
of latent variables included in the PLS model using the original
spectral data without the DCT. Using Wold's R criterion, the optimum
number of latent variables is six.
Fig. 8 illustrates the changes of root mean square errors for
calibration set and test set with increasing number of latent variables,
for PLS model using the original NIR spectra without the DCT. It can be

Table 2
Prediction results for PLS models using DCT coefﬁcients for pharmaceutical tablet data
set
No. of DCT coefﬁcients

10

15

20

22

25

30

No. of PLS factors
RMSEC
RMSEP
Test set
N 15%
10%–15%
5%–10%
2.5%–5%
1%–2.5%
0%–1%

10
0.3437
0.3145

8
0.3420
0.3175

11
0.3250
0.2967

10
0.3266
0.2904

2
0.3618
0.3230

3
0.3569
0.3198

0
3
17
24
24
10

0
3
23
20
16
16

0
2
19
23
19
15

0
1
17
28
17
15

0
2
19
23
20
14

0
2
18
24
17
17

Fig. 9. Root mean square error versus number of transform coefﬁcients for
pharmaceutical tablet data set.
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Table 4
Prediction results for PLS model using original spectra for wheat data set

Table 6
Prediction results for PLS models using DFT coefﬁcients for wheat data set

No. of PLS factors

4

No. of DFT coefﬁcients

10

15

20

22

25

30

RMSEC
RMSEP
Test set
N 15%
10%–15%
5%–10%
2.5%–5%
1%–2.5%

0.2259
0.2137

No. of PLS factors
RMSEC
RMSEP
Test set
N15%
10%–15%
5%–10%
2.5%–5%
1%–2.5%
0%–1%

5
0.2288
0.2373

5
0.2360
0.2197

8
0.1981
0.2321

7
0.1964
0.2469

8
0.1939
0.2441

8
0.1949
0.2417

0
0
0
2
13
10

0
0
0
2
14
9

0
0
0
3
13
9

0
0
0
3
12
10

0
0
0
5
10
10

0
0
0
5
10
10

0
0
0
2
12

observed from the graph that as number of latent variables increases,
RMSEC decreases while RMSEP decreases up to a certain optimum
number of latent variables and subsequently increases thereafter. This
indicates overmodeling of the calibration data set.
Table 1 shows the result of PLS model using the optimum number
of latent variables, that is six. The RMSEC obtained from the PLS model
is 0.3402, while the RMSEP is 0.3288. The percentage values are the
distribution of samples in the calibration set and the test set according
to individual sample percentage error. For example, there are 13
samples in the test set that fall within 0% to 1% error.
Table 2 summarizes the PLS modeling results using DCT coefﬁcients obtained from the transformation of NIR spectral data using the
DCT. The ﬁrst 10 to 30 coefﬁcients were used for PLS modeling. Table 2
only shows results for 10, 15, 20, 22, 25 and 30 coefﬁcients. Due to
energy compaction property of the DCT, higher coefﬁcients have
values close to zero and therefore can be safely excluded from PLS
modeling. The close to zero values of higher DCT coefﬁcients can be
observed from Fig. 1. Generally, PLS models using DCT coefﬁcients
recorded lower RMSEP values than PLS model using original spectra as
can be seen from the comparisons between Tables 1 and 2. PLS model
using 22 DCT coefﬁcients resulted in the lowest RMSEP at 0.2904, as
shown in Table 2.
Table 3 summarizes the PLS modeling results using DFT coefﬁcients obtained from transformation of NIR spectral data using the
DFT. Similar to the previous method using the DCT, only 10 to 30
coefﬁcients were used in PLS modeling. Table 3 only shows results for
10, 15, 20, 22, 25 and 30 coefﬁcients. The graph in Fig. 9 plots RMSEC
and RMSEP values for 10 to 30 coefﬁcients. Refering to this graph, the
lowest RMSEP value for the DFT model is achieved using 13 DFT
coefﬁcients with RMSEP of 0.3132. This is higher than the minimum
RMSEP value recorded in Table 2.
4.2. Wheat

models using DFT coefﬁcients are summarized in Table 6. Only the
results for 10, 15, 20, 22, 25 and 30 DFT coefﬁcients are shown here. A
complete plot of RMSEC and RMSEP values for all 10 to 30 coefﬁcients for
both DCT and DFT based PLS models are shown in the graph in Fig. 10. By
comparing the results in Tables 4, 5 and 6, the PLS model with the lowest
RMSEP value was obtained from the DCT model using 30 coefﬁcients
which give the RMSEP value of 0.1712. From the RMSE plot in Fig. 10, it
can be observed that the RMSEP values for the DCT based PLS models are
generally lower than the RMSEP values of DFT based models for different
number of transform coefﬁcients.
From the results above, it is clear that selection of the optimum
number of transform coefﬁcients is crucial since too few coefﬁcients
selected will result in important coefﬁcients being excluded from PLS
modeling. However, too many coefﬁcients selected leads to false
information being introduced into the PLS model because most of the
transform coefﬁcients have values very close to zero. Introducing
coefﬁcients with values very close to zero will affect the accuracy of
the PLS model. Therefore, an important task in calibration is
identifying the optimum number of coefﬁcients to effectively capture
sufﬁcient information in the NIR spectra for the purpose of building an
optimum PLS model. This can be done by experimenting with a range
of number of coefﬁcients as performed in this study.
5. Conclusion
Prediction of active substance content in pharmaceutical tablets
and moisture content from wheat using the discrete cosine transform
coupled with partial least squares regression is demonstrated in this
work. The objective of this study is to investigate the use of discrete
cosine transform for compression and reconstruction of NIR spectra
and also for calibration and prediction of substance properties. The
performance was compared with using the same number of DFT

For the wheat data set, Table 4 shows the PLS model result using the
original spectra without transformation. Table 5 summarizes the results
for PLS models using different number of DCT coefﬁcients. Although we
experimented with 10 to 30 coefﬁcients, only the results for 10, 15, 20,
22, 25 and 30 coefﬁcients are shown here. Similarly, the results for PLS

Table 5
Prediction results for PLS models using DCT coefﬁcients for wheat data set
No. of DCT coefﬁcients

10

15

20

22

25

30

No. of PLS factors
RMSEC
RMSEP
Test set
N 15%
10%–15%
5%–10%
2.5%–5%
1%–2.5%
0%–1%

8
0.2297
0.2145

7
0.2101
0.2138

4
0.2382
0.2000

6
0.2186
0.1822

6
0.2056
0.2052

6
0.2325
0.1712

0
0
0
2
12
11

0
0
0
1
16
8

0
0
0
1
12
12

0
0
0
0
14
11

0
0
0
0
15
10

0
0
0
1
10
14

Fig. 10. Root mean square error versus number of transform coefﬁcients for wheat data
set.
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coefﬁcients with the original data set using the PLS regression. The
number of coefﬁcients used for PLS modeling is determined by
experimenting with different numbers of coefﬁcients and selecting
the PLS model with the lowest root mean square error of prediction.
We showed that using DCT and DFT coefﬁcients as predictor variables
not only reduced the number of predictor variables used in the
training or calibration, it also leads to improved prediction accuracy if
an appropriate number of coefﬁcients is selected.
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