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A B S T R A C T

Milk is regarded as one of the top food products susceptible to adulteration where its valuable components are
specifically identified as high-risk indicators for milk fraud. The current study explores the impact of common
milk adulterants on the apparent compositional parameters of milk from the Dutch market as measured by
standardized Fourier transform infrared (FTIR) spectroscopy. More precisely, it examines the detectability of
these adulterants at various concentration levels using the compositional parameters individually, in a univariate
manner, and together in a multivariate approach. In this study we used measured boundaries but also more
practical variance-adjusted boundaries to set thresholds for detection of adulteration. The potential economic
impact of these adulterations under a milk payment scheme is also evaluated. Twenty-four substances were used
to produce various categories of milk adulterations, each at four concentration levels. These substances com-
prised five protein-rich adulterants, five nitrogen-based adulterants, seven carbohydrate-based adulterants, six
preservatives and water, resulting in a set of 360 samples to be analysed. The results showed that the addition of
protein-rich adulterants, as well as dicyandiamide and melamine, increased the apparent protein content, while
the addition of carbohydrate-based adulterants, whey protein isolate, and skimmed milk powder, increased the
apparent lactose content. When considering the compositional parameters univariately, especially protein- and
nitrogen-based adulterants did not raise a flag of unusual apparent concentrations at lower concentration levels.
Addition of preservatives also went unnoticed. The multivariate approach did not improve the level of detection.
Regarding the potential profit of milk adulteration, whey protein and corn starch seem particularly interesting.
Combining the artificial inflation of valuable components, the resulting potential profit, and the gaps in de-
tection, it appears that the whey protein isolates deserve particular attention when thinking like a criminal.

1. Introduction

Food adulteration, or food fraud, is described as illegal deception of
a food product for economic gain (Spink, Moyer, & Speier-Pero, 2016).

Milk is one of the most commonly adulterated foods in the world, while
there is currently no decline in the number of posted milk fraud reports
(Cavin et al., 2016; Moore, Spink, & Lipp, 2012). Milk adulteration was
first documented as adding water to increase volume, but has become
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more sophisticated by using various materials with different purposes
(Cassoli, Sartori, Zampar, & Machado, 2011). The pivotal 2008 Chinese
milk incident, where infant formula, along with other milk products,
was contaminated with melamine, shone a bright light on milk fraud,
with its devastating effects still lingering 10 years later (Li, Sijtsema,
Kornelis, Liu, & Li, 2019). This scandal not only exposed the mal-
practices within the dairy industry, but it also demonstrated how fraud
affects consumer confidence as the Chinese consumer’s preferences
shifted towards products with European or New Zealand origin (Kendall
et al., 2019). Nowadays, there are countless ways in which milk pro-
ducts are adulterated.

Several categories of substances are known as potential milk adul-
terants. The nitrogen-rich chemicals (e.g., melamine and ammonium
salts) are not easily detected by traditional nitrogen-based protein de-
termination approaches, as they are used to boost the apparent protein
content (Finete, Gouvêa, Marques, & Netto, 2013). Carbohydrates can
also be fraudulently added to milk to increase the apparent lactose
content (Liu, Ren, Liu, & Guo, 2015), while preservatives such as so-
dium hydroxide and sodium carbonate can be used as a way to prevent
or conceal microbial milk spoilage, by means of neutralizing the acidity
originating from microbial growth (Singh & Gandhi, 2015; Tripathy,
Ghole, Deep, Vanjari, & Singh, 2017). It is known that components
extracted from milk are likely to be used for milk adulteration as these
types of adulterants are less likely to be detected. For instance, whey
protein (a by-product of cheese-making) is a cheaper protein source and
has been used to increase the protein content of milk (Liu et al., 2015).
To aid in the detection of milk adulterants, advanced analytical ap-
proaches have been developed, such as liquid chromatography and
mass spectrometry (Abernethy & Higgs, 2013; Luykx et al., 2007;
Nascimento, Santos, Pereira-Filho, & Rocha, 2017). However, since
these are high-cost, time consuming and labour-intensive as screening
methods, it is impractical to use them for testing a large number of
samples.

As a result, rapid or high-throughput screening methods for food
analyses, which allow very early intervention when anomalies are
discovered, have gained increasingly more attention. Fourier transform
infrared spectroscopy (FTIR) is one such method. It is a rapid, cost-
efficient and user-friendly technique that has primarily been applied for
routine quality assessment. Together with multivariate analysis, FTIR
has been used in various studies for determining milk adulterations
with promising results (Cassoli, Sartori, & Machado, 2011; Coitinho
et al., 2017; Jha, Jaiswal, Borah, Gautam, & Srivastava, 2014; Nicolaou,
Xu, & Goodacre, 2010). Moreover, automated equipment based on the
FTIR has been developed to determine milk properties such as its gross
chemical composition (i.e. protein, fat, lactose, total solids, solids non-
fat), density, and freezing point depression. These results have been
widely utilized to determine the economic value of raw milk deliveries
and consequently the earnings of farmers.

Milk payment schemes are generally based on quality and hygiene,
while at the same time they have other objectives which includes
avoiding adulteration, setting accurate milk prices to reflect its value,
etc. (Sneddon, Lopez-Villalobos, Hickson, & Shalloo, 2013). In the
Netherlands, the farm gate milk price is based on the farm-specific
protein, fat and lactose yield, minus the fixed costs such as transpor-
tation expense, plus the premium for special attributes (Royal Friesland
Campina, 2019). According to this milk payment scheme, the milk price
at farm gate primarily depends on milk composition.

An earlier study has shown that the valuable components of milk are
major economic drivers for milk fraud (Yang et al., 2019). The auto-
mated equipment based on the FTIR technique is commonly used to
determine the composition of milk in order to calculate how much
should be paid for the milk (Qlip, 2019). However, the capacity of this
technique in detecting common adulterants is not well known, espe-
cially when testing for many different categories of adulterants. Thus,
the present study aims to explore the impact of common milk adul-
terants on the apparent protein, fat, and lactose content, and other

parameters of UHT milk measured by standardized FTIR, combined
with their detectability and the potential economic profit from their
addition. Anomaly detection is conducted considering the individual
measurement parameters in a univariate manner, but also combined
using a multivariate approach. For both approaches, control group data
of a set of 15 genuine milk samples are used for comparison to the
adulterated samples. Furthermore, since it is acknowledged that these
15 samples do not cover the full range of natural variation in practice,
we also worked with more practical variance-adjusted boundaries.

2. Materials and methods

2.1. Reference material

A total of twelve commercial UHT full-fat milk samples from ten
different brands were purchased from supermarkets in the Netherlands,
during winter (January to February 2018). The sample set included four
samples processed in the Netherlands, four processed in Germany, and
four processed in Belgium. All samples were stored at room tempera-
ture and analysed before their expiry date.

For the adulteration studies, the samples obtained per country were
pooled to end up with three pooled samples. Consequently, each pooled
sample comprised four milk samples (of the same country) which were
mixed at a ratio of 1:1:1:1 w/w. The three milk pools (100 g each) were
prepared, to which adulterants were added at different levels. The 15
unadulterated milk samples (12 individual commercial samples and the
three milk pools) were used as the control samples in the study.

2.2. Adulterants

Twenty-four adulterants were added in different amounts to the
three pooled samples. They were categorized into five groups and listed
as follows: (1) protein-rich adulterants including whole milk powder
(WMP), skimmed milk powder (SMP), whey protein isolate (WPI), pea
protein isolate (PEA) and soy protein isolate (SOY); (2) nitrogen-based
adulterants including urea (URE), melamine (MLM), ammonium sul-
phate (AS), ammonium chloride (AC) and dicyandiamide (DIC); (3)
carbohydrate-based adulterants including sucrose (SU), glucose (GLU),
corn starch (ST), lactose (LAC), fructose (FRU), maltodextrin (MD) and
arrowroot powder (AR); (4) preservatives including sodium citrate
(CIT), sodium carbonate (CAR), sodium bicarbonate (BIC), sodium
hydroxide (HYD), formaldehyde (FMD) and hydrogen peroxide (PX);
(5) water. The nitrogen-based adulterants, preservatives, sucrose, glu-
cose, lactose, fructose maltodextrin and starch from corn were pur-
chased from Sigma Aldrich (St. Louis, MO, USA). The other substances
(whole milk powder, skimmed milk powder, whey protein isolate, pea
protein isolate, soy protein isolate and arrowroot powder) were pur-
chased from the local suppliers in the Netherlands (January to February
2018), and were stored at room temperature before use. The detailed
information of these substances is provided in Table S1 (Supplementary
material).

2.3. Adulterations

2.3.1. Single-adulterations
The three milk pools prepared as described in Section 2.1 were

spiked with the adulterants according to Eq. (1) to Eq. (3). The weight
of the protein-rich adulterants added to the 100 g milk pools was cal-
culated according to Eq. (1):

⎜ ⎟= × ⎛
⎝

× ⎞
⎠

Weight g Protein a
Protein

100 %
protein−rich adulterant

control

adulterant (1)

where Proteincontrolis the protein content of the control milk samples,
which was 3.5% w/w on average. Proteinadulterant is the protein content
of the adulterant, while a% stands for the level of adulteration. The four
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levels used for the protein-rich adulterations were 10%, 20%, 30% and
40% w/w (adulterant protein/milk protein content).

The weight of the nitrogen-based adulterants added to the 100 g
milk pools was calculated according to Eq. (2):

⎜ ⎟= × ⎛
⎝

×
×

⎞
⎠

Weight g Protein a
f N

100 %
nitrogen adulterant

control

adulterant (2)

where Proteincontrolis the protein content of the control milk samples,
which was 3.5% w/w on average. f is the conversion factor of nitrogen
to protein, which is equal to 6.38 for the milk protein. Nadulterant is the
nitrogen content of the nitrogen-based adulterant. a% stands for the
level of adulteration. The four levels used for the nitrogen-based
adulterations were 10%, 20%, 30% and 40% w/w (adulterant protein/
milk protein content).

The weight of the carbohydrate-based adulterants added to 100 g
milk pool was calculated according to Eq. (3):

⎜ ⎟= × ⎛
⎝

× ⎞
⎠

Weight g TS a
TS

100 %
carbohydrate adulterant

control

adulterant (3)

where TScontrol is the total solids content of the control milk samples,
which was 13.0% w/w on average. TSadulterant is the total solids content
of the adulterant. a% stands for the level of adulteration. The four levels
used for the carbohydrate-based adulterations were 10%, 20%, 30%
and 40% w/w (adulterant TS/milk TS content). The four levels of the
preservative contaminants added to the 100 g milk pools were 0.05 g,
0.10 g, 0.15 g and 0.20 g. More detailed information of the single
adulteration is provided in Table 1. Six levels were used to test the
addition of water to milk: 5%, 10%, 20%, 30%, 40%, and 50% w/w
(water/milk). All the samples were stirred for 20 min after the adul-
terants were added. In total, 294 single-spiked milk samples were thus
prepared.

2.3.2. Combined-adulterations
Combined-adulterations were made according to the following

steps: 40 g of water was added to 100 g of a milk pooled sample, after
which a single adulterant from the protein-rich, nitrogen-based or

carbohydrate-based adulterant groups (described in Section 2.2) was
added to the diluted pool to increase the apparent protein content with
40% w/w (adulterant protein/milk protein content, for the protein-rich
and nitrogen-based adulterations) or to increase the apparent total so-
lids content with 40% w/w (adulterant TS/milk TS content, for the
carbohydrate-based adulterations). More detailed information of the
combined-adulteration is provided in Table 1. A total of 17 adulterants
were spiked to the three milk pools, resulting in a total of 51 combined-
adulterated samples. Together with the single adulterated samples, the
final adulterant test set comprised a total of 345 adulterated samples.
Furthermore, 15 control samples were included, thus resulting in a total
of 360 samples to be analysed.

2.4. Measurements

All the samples were measured in duplicate using the MilkoScan
FT120 instrument (Foss Electric, Hilleroed, Denmark), with wave-
numbers of the spectrum from 5000 to 930 cm−1. The equipment uses
the principle of FTIR, and provides a series of milk compositional
parameters, such as protein, fat, lactose, total solids (TS), solids non-fat
(SNF), density and freezing point depression (FPD). The raw FTIR
spectrum could not be obtained due to limitations of the instrument. All
the samples were prepared at room temperature and measured within
two hours after preparation.

2.5. Statistical analysis

2.5.1. Linear models between the milk pools and their adulterated
counterparts

Linear regression was performed between the apparent readings of
the three milk pools and their adulterated counterparts at the four
adulterated levels for each compositional parameter. The average va-
lues of the three pools for the slope (m) and R-square (R2) were cal-
culated and presented.

Table 1
The amount of adulterants added into the three milk pools (per 100 g) for the single adulteration and combined adulteration.

Adulterant category Adulterant Single adulteration Combined adulteration

Level 1 (g) Level 2 (g) Level 3 (g) Level 4 (g) Adutlerant (g) Water (g)

Protein-rich adulterants WMP 1.36 2.72 4.09 5.45 13.07 40.00
SMP 0.99 1.98 2.97 3.95 9.49 40.00
WPI 0.38 0.75 1.13 1.51 3.61 40.00
SOY 0.39 0.78 1.17 1.56 3.73 40.00
PEA 0.43 0.85 1.28 1.71 4.10 40.00

Nitrogen-based adulterants URE 0.12 0.24 0.35 0.47 1.13 40.00
MLM 0.08 0.16 0.25 0.33 0.79 40.00
AC 0.21 0.42 0.63 0.84 2.01 40.00
AS 0.26 0.52 0.78 1.04 2.49 40.00
DIC 0.08 0.16 0.25 0.33 0.79 40.00

Carbohydrate-based adulterants SU 1.30 2.60 3.90 5.20 12.48 40.00
GLU 1.30 2.60 3.90 5.20 12.48 40.00
FRU 1.30 2.60 3.90 5.20 12.48 40.00
LAC 1.30 2.60 3.90 5.20 12.48 40.00
MD 1.30 2.60 3.90 5.20 12.48 40.00
STA 1.30 2.60 3.90 5.20 12.48 40.00
AR 1.53 3.06 4.59 6.12 14.68 40.00

Preservatives CIT 0.05 0.10 0.15 0.20 N.A. N.A.
CAR 0.05 0.10 0.15 0.20 N.A. N.A.
BIC 0.05 0.10 0.15 0.20 N.A. N.A.
FMD 0.05 0.10 0.15 0.20 N.A. N.A.
PX 0.05 0.10 0.15 0.20 N.A. N.A.
HYD 0.05 0.10 0.15 0.20 N.A. N.A.

AC: ammonium chloride; AR: arrowroot powder; AS: ammonium sulphate; BIC: sodium bicarbonate; CAR: sodium carbonate; CIT: sodium citrate; DIC: dicyandia-
mide; FMD: formaldehyde; FRU: fructose; GLU: glucose; HYD: Sodium hydroxide; LAC: lactose; MD: maltodextrin; MLM: melamine; PEA: pea protein isolate; PX:
hydrogen peroxide; SMP: skimmed milk powder; SOY: soy protein isolate; STA: starch; SU: sucrose; URE: urea; WMP: whole milk powder; WPI: whey protein isolate.
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2.5.2. Univariate analysis: Determination of boundaries for each
compositional parameter

The mean value and standard deviation for each compositional
parameterwere calculated based on the 15 control samples. The values
of the 0.5th and 99.5th percentile for the seven compositional para-
meters (i.e. protein, fat, lactose, TS, SNF, FPD and density) were used as
the measured boundaries for the determination of the measured sam-
ples.

Based on a programme concerning the measurement of Dutch raw
milk samples for legislatorial control (Zuivelverordening, 2000), the
variance of over 3 million milk samples has been documented. The
standard deviation (SD) for each compositional parameterin the above-
mentioned dataset is roughly double the values of the dataset of control
samples in our study. To expand the variation of the control samples in
a practicable way, the data of the 15 control samples was converted into
a variance-adjusted dataset. For this dataset, the mean values remained
unchanged, but the SD values were adjusted to twice the value of the SD
of the measured dataset for each compositional parameterusing Eq. (4):

= ⎛
⎝

−
× ⎞

⎠
+X

X μ
σ

σ μ2adjusted (4)

where Xadjusted is the data for the variance-adjusted set, X is the mea-
sured data of the sample, μ is the mean value of the 15 control samples
for each compositional parameter, and σ is the SD of the 15 control
samples for each compositional parameter. Next to that, the values of
0.5th percentile and 99.5th percentile for the variance-adjusted dataset
for the seven compositional parameters were calculated, and used as
the variance-adjusted boundaries for the determination of suspect
samples.

Both the measured boundaries and the variance-adjusted bound-
aries were then applied to the adulterant test set. Samples with any
compositional parameter exceeding the boundaries were labelled as
“suspected adulterations”. The two datasets are presented in Table S2
and S3 (Supplementary material).

2.5.3. Multivariate analysis: Determination of threshold for milk with one
class classification models

Principal component analysis (PCA) of the data acquired from the
MilkoScan measurements was first performed, using the pre-processing
method of auto-scaling, to explore the presence of clustering for the
different groups of adulterated samples. In terms of determining the
threshold for the control samples with the multivariate analysis, three
one class classification (OCC) models were calculated, namely, soft
independent modelling of class analogies (SIMCA), k-nearest neigh-
bours (KNN), and support vector machine (SVM). SIMCA is based on
PCA. It computes PC models for the representative class and classifies
the unknown samples. SIMCA focuses more on the similarities among
samples within a class and thus is widely used for OCC models
(Gurbanov, Gozen, & Severcan, 2018). The performance of a SIMCA
model depends on the number of selected factors (n). KNN evaluates the
distance from the object to its k nearest neighbours, where the model
performance depends on the k value. KNN requires no prior knowledge
about the data distribution, it is robust to a noisy way of training data
and is suitable for small training sets (Beebe, Pell, & Seasholtz, 1998).
SVM is another suitable approach for a dataset with a limited number of
training samples (Gholami & Fakhari, 2017). SVM evaluates the dis-
tance from the object to the boundary of the model, based on the
Gaussian radial basis function (RBF) kernel, which is defined according
to Eq. (5),

= − −k X X Exp γ X X( 1, 2) ( || 1 2|| )2 (5)

Accordingly, a SVM model performance depends on the model
parameterγ .

The measured dataset (n = 15) and the variance-adjusted dataset
(n = 15) of the control samples were used separately as training sets for
the development of classification models. The training set was subjected

to leave-30%-out with random cross-validation with 100 repetitions.
Autoscaling was applied to the dataset in conjunction with the three
classifiers. A significance level of 1% (p = 0.01) was used to determine
the critical classification limit. The adulterant test set, comprising 345
adulterated milk samples, was then subjected to the developed models.
The adulterant test set comprised five sub-sets, i.e. protein-rich adult-
erated sub-set (n = 75), nitrogen-based adulterated sub-set (n = 75),
carbohydrate-based adulterated sub-set (n = 105), preservative con-
taminated sub-set (n = 72), and water diluted sub-set (n = 18). The
three OCC models were estimated by applying the following model
parameters: the number of factors n for SIMCA was selected from
consecutive number 1–7; k for the KNN model was selected for the
consecutive numbers 1–10; γ for the SVM was selected from 10-9, 10-8,
10-7, 10-6, 10-5, 10-4, 10-3, 10-2, 10-1 and 1. The balanced accuracy
approach was used to evaluate the overall performance of the models
due to its skewed class distribution (García, Mollineda, & Sánchez,
2009; Sokolova, Japkowicz, & Szpakowicz, 2006). The balanced accu-
racy was calculated according to Eq. (6):

=
+

Balanced accuracy
True positive rate True negative rate( )

2 (6)

The optimal model parameter for the best performing model was
selected accordingly.

All the statistical analyses in this study were performed using R
3.6.1 software (R Foundation for Statistical Computing, Vienna,
Austria).

2.6. Potential profit calculations

The milk payment scheme from Royal Friesland Campina, the lar-
gest dairy company in the Netherlands (Royal Friesland Campina,
2019), was used to calculate the financial implication of the milk
compositional changes caused by common adulterants. The net profit
changes per 100 kg of milk caused by the adulterants were calculated
using Eq. (7):

= −Net profit change Increased profit Cost of adulterant (7)

The prices of the substances specified in the United States
Department of Agriculture National Agricultural Statistics Service da-
tabase (USDA-NASS, 2019) were applied to calculate the Cost of adul-
terant. According to the payment scheme, the Increased profit depended
on the increased protein, fat and lactose contents for 100 kg milk, and
was calculated using Eq. (8):

∑= × ×Increased profit p1000 Δ
i

i i
(8)

where i stands for the payment milk composition, i.e. protein, fat and
lactose, Δi stands for the concentration difference (g/100 g) between
the adulterated and control samples, pi stands for the price of the
protein, fat or lactose, which changes every month. According to the
milk payment scheme for the last year from October 2018 to September
2019, the average p values for protein, fat and lactose were 590, 295,
59 euro per 100 kg, respectively.

3. Result and discussion

3.1. Natural variation of the control samples

Variation in composition of the control milk samples was observed
(Table 2; Supplementary material Table S2). The 99% confidence in-
terval for the milk protein content ranged from 3.28% to 3.81% w/w.
More specifically, the average protein contents of the milk samples from
the Netherlands, Germany and Belgium (i.e. the three pools) were
3.73%, 3.55% and 3.50% w/w, respectively (data not shown), which
are in agreement with the natural variation reported for milk produced
in these countries (Heck, van Valenberg, Dijkstra, & van Hooijdonk,
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2009; Rattray & Jelen, 1996). The 99% confidence interval of the fat
content ranges from 3.63% to 4.01% w/w, while the variation in lac-
tose content appears small, ranging from 4.57% to 4.77% w/w. It is
known that the variation of milk composition can be affected by a series
of external factors such as season, origin, cow breed, etc. The variation
of the composition of the UHT milk samples in the current study was
generally small, which is mainly due to the standardization steps during
processing normalized the milk composition. To expand the variation of
milk composition, the measured dataset was converted to a variance-
adjusted dataset to allow larger natural variation, as previously de-
scribed in Section 2.5.2. Both datasets were used to evaluate the po-
tential to detect suspected milk adulterations.

3.2. The impact of adulterants on the payment parameters

The impact of each adulterant on the apparent milk composition is
presented in Table 3. The protein-rich and carbohydrate-based adul-
terant resulted in an increase in the apparent protein content and ap-
parent lactose content, respectively. It is noted that most of the ni-
trogen-based adulterations resulted in no significant increase in

apparent protein concentration. To gain insight into the impact of each
adulterant on all parameters, the PCA results of single adulterated
samples were presented (Fig. 1). The different adulterants showed
partly overlapping results in the PCA plot, with larger differences for
the highest adulteration levels. Among the different adulterants, the
nitrogen-based adulterants and the water-diluted samples showed clear
distinction from the other categories, whereas the protein-rich and
carbohydrate-based adulterants overlap to some extent.

3.2.1. Impact of the protein-rich adulterations
The protein-rich adulterants contain protein, fat and lactose, which

are all related to the milk price. Consequently, it is important to de-
termine the changes of these compositional parameters after adultera-
tions. In Table 3, it shows that the addition of protein-rich adulterants
not only increased the apparent protein concentrations, but it also in-
creased it to different extents. The WPI adulteration resulted in the
largest increase of apparent protein (slope = 0.33), followed by the
WMP and SMP (both slopes equal to 0.28) (Table 3). The samples
spiked with soy and pea protein showed a less apparent protein increase
when compared to the milk-based adulterants, which may be due to the

Table 2
The mean values and standard deviation (SD) of the composition of the control milk samples (n = 15), and the boundaries based on the measured dataset and
variance-adjusted dataset.

Parameter Protein (% w/w) Fat (% w/w) Lactose (% w/w) FPD (°C) TS (% w/w) SNF (% w/w) Density (g/L)

Mean 3.57 3.77 4.67 0.564 13.61 9.81 1036
Standard deviation 0.15 0.11 0.06 0.012 0.23 0.22 1
Measured boundary Lower boundary 3.28 3.63 4.57 0.588 13.17 9.38 1034

Upper boundary 3.81 4.01 4.77 0.548 13.97 10.19 1037
Variance-adjusted boundary Lower boundary 2.98 3.49 4.48 0.531 12.73 8.94 1031

Upper boundary 4.06 4.26 4.87 0.611 14.34 10.58 1038

FPD: Freezing point depression; TS: Total solids; SNF Solids non-fat.

Table 3
The linear model performance comparing apparent results and the spiked levels, for the parameters of protein, fat, lactose and FPD for each adulterant. The outcome
of the total solids, solids non-fat and density are shown in Table S4 (Supplementary material).

Category Adulterant Protein Fat Lactose FPD

m R2 m R2 m R2 m R2

Protein-rich adulterants WMP 0.28 1.00 0.27 0.99 0.41 1.00 0.05 1.00
SMP 0.28 0.99 −0.05 0.84 0.45 0.99 0.05 1.00
WPI 0.33 1.00 −0.04 0.67 −0.02 0.36 0.02 0.97
SOY 0.21 0.99 −0.03 0.56 0.00 0.38 0.01 0.86
PEA 0.27 0.98 −0.05 0.77 −0.02 0.28 0.00 0.49

Nitrogen-based adulterants URE −0.08 0.97 −0.12 0.93 −0.04 0.88 −0.01 0.95
MLM 0.08 0.90 −0.04 0.60 −0.02 0.55 0.01 0.88
AC −0.18 0.99 −0.19 0.97 −0.12 0.99 0.01 0.71
AS −0.18 1.00 −0.20 0.98 0.10 0.97 −0.18 1.00
DIC 0.17 0.97 −0.03 0.50 0.00 0.44 0.01 0.65

Carbohydrate-based adulterants SU −0.03 0.68 −0.05 0.69 1.13 1.00 0.22 1.00
GLU −0.01 0.61 0.00 0.06 1.09 1.00 0.20 1.00
LAC −0.02 0.86 −0.06 0.83 1.09 1.00 0.09 0.98
FRU −0.03 0.90 −0.04 0.78 0.82 0.99 −0.01 0.89
MD −0.04 0.94 −0.09 0.92 1.19 0.99 0.37 1.00
STA 0.06 0.97 0.51 0.96 0.34 0.95 0.15 0.98
AR 0.07 0.98 0.61 1.00 0.42 0.99 0.18 1.00

Preservatives CIT 0.03 0.81 −0.03 0.34 −0.01 0.25 0.00 0.12
CAR 0.02 0.66 −0.04 0.82 0.03 0.73 0.01 0.72
BIC 0.01 0.61 −0.02 0.39 0.01 0.39 0.01 0.83
FMD 0.02 0.29 −0.04 0.71 0.06 0.94 0.02 0.98
PX 0.03 0.50 −0.02 0.15 0.02 0.43 0.01 0.97
HYD 0.00 0.02 −0.08 0.98 0.05 0.72 0.01 0.57

The slope (m) and R-squared (R2) values are the average values for the linear regressions of three pools and their adulterated counterparts.
AC: ammonium chloride; AR: arrowroot powder; AS: ammonium sulphate; BIC: sodium bicarbonate; CAR: sodium carbonate; CIT: sodium citrate; DIC: dicyandia-
mide; FMD: formaldehyde; FPD: freezing point depression; FRU: fructose; GLU: glucose; HYD: Sodium hydroxide; LAC: lactose; MD: maltodextrin; MLM: melamine;
PEA: pea protein isolate; PX: hydrogen peroxide; SMP: skimmed milk powder; SOY: soy protein isolate; STA: starch; SU: sucrose; URE: urea; WMP: whole milk
powder; WPI: whey protein isolate.
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different properties of the proteins in these protein-rich substances. The
milk proteins, which consist of mainly casein and whey protein, are
likely the main contributors to the change of the apparent protein
concentration for the WMP, SMP and WPI adulterated samples. More-
over, the commercial soy and pea protein isolates can easily form in-
completely dissolved suspensions during dissolution (Zhang, Liang,
Tian, Chen, & Subirade, 2012). In fact, this phenomenon was observed
during the sample preparation, and could likely have influenced the
results.

Not only the apparent protein content of the samples increased
when the protein-rich adulterants were added, similarly the fat and
lactose concentrations of the samples also increased. This is likely due
to the complex composition of the adulterants, i.e. there are non-pro-
tein components in the presence. For example, Table 3 shows that the
WMP and SMP adulterations increase the apparent lactose concentra-
tion, which is attributable to the fact that the carbohydrate contents of
the WMP and SMP (36.5% and 50.5% w/w, respectively) are much
higher than those of the other adulterants (< 3% w/w) (Table S1,
Supplementary material). It is noted that all the protein-rich adulterants
changed the apparent protein/fat and protein/lactose ratio. Conse-
quently, by using multivariate analysis, it may be possible to identify
the adulterated milk.

Overall, due to the variation in composition of the protein-rich
adulterants, the apparent protein, fat and lactose contents of the
adulterated samples were affected differently. The WPI increased the
apparent protein content of the corresponding adulterated milk samples
the most, whereas the WMP increased the apparent protein, fat and
lactose content of the corresponding adulterated milk samples. The soy
and pea protein adulteration increased apparent protein contents to a
lesser extent.

3.2.2. Impact of the nitrogen-based adulterations
The international reference method for milk protein determination,

the Kjeldahl method (International Organization for Standardization
[ISO], 2014), is based on the nitrogen content of a sample. The ni-
trogen-based adulterations mainly aim at increasing the apparent pro-
tein content of milk samples, through increasing the nitrogen content.
Therefore, the change of apparent protein content after these

adulterations is further discussed in this section.
As shown in Table 3 under the nitrogen-based adulterants category,

the apparent protein concentration of the samples spiked with DIC and
MLM was positively related with the adulteration level, i.e. the more
adulterant added, the higher the apparent protein content. On the
contrary, the apparent protein content of the samples spiked with URE,
AS and AC showed the opposite trend - the more of these adulterants
added, the lower the apparent protein content. This is likely related to
the spectral features of the adulterants. For instance previous study
reported that MLM generated several absorption bands in FTIR spec-
trum (Jawaid, Talpur, Sherazi, Nizamani, & Khaskheli, 2013), which
may relate to the increase of the apparent protein content. Considering
AS and AC have no specific carbon atom bonds, it is assumed that they
produced no specific bands in the FTIR spectrum related to the protein
structure to be identified.

To conclude, the addition of the DIC and MLM increased the ap-
parent protein content, whereas the other nitrogen-based adulteration
showed no, or an opposite trend. It is worth noting that, when com-
paring with the traditional method, namely Kjeldahl method, the im-
pact of nitrogen rich adulterants on determination of protein content is
smaller for FTIR measurement.

3.2.3. Impact of the carbohydrate-based adulterations
The carbohydrate-based adulterations aim to change the apparent

lactose or dry matter content of milk. From the group of carbohydrate-
based adulterants of Table 3, we can see that the MD adulteration re-
sulted in the largest slope (1.19) for apparent lactose concentration,
followed by the SU (1.13), LAC (1.09) and GLU (1.09) adulteration. The
apparent lactose concentration of the STA and AR adulterations in-
creased to a lesser extent compared to the others. However, it is im-
portant to note that these two starch adulterants also caused an increase
in the apparent fat concentration. Currently, it is not known what might
have caused this response, as it has also not been reported in literature
before. The sugars used in this study share the same chemical bonds,
such as C-C stretching modes and C-O-H bending modes, which likely
resulted in similar absorption bands in FTIR spectrum (Bureau et al.,
2009; Kačuráková & Mathlouthi, 1996; Kačuráková & Wilson, 2001).
This can possibly explain the increase in apparent lactose reading

Fig. 1. The Principal Component Analysis (PCA) scores bi-plot of the first two PC dimensions of all milk samples based on the data obtained from the MilkoScan
measurements. For interpretation of the different colours, refer to the web version of the paper.
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observed for the carbohydrate adulterations.
To summarize, the addition of MD increased the apparent lactose

content the most, followed by SU, LAC and GLU. The addition of STA
and AR increased both apparent lactose and fat content.

3.2.4. Impact of the preservatives addition
In the PCA plot (Fig. 1), it is seen that the samples spiked with the

preservatives overlapped with the control samples. This overlap in-
dicates that the two groups are very similar and that it may be difficult
to distinguish them. Generally, the addition of preservatives can in-
crease the FPD by increasing the number of ion particles in the solution,
which usually can be discovered by conductivity measurement. The
lack of conductivity sensor limited the performance of FTIR analysis.
Consequently, the result of the FTIR measurements showed no change
in the FPD after the preservatives were added to the milk samples,
while the changes of other compositional parameters were also very
small (Table 3).

3.3. When will the adulterations be detected?

3.3.1. Univariate detection by apparent concentrations of individual
components/features

To explore at which concentrations the milk adulterations would
raise a flag because of an unusual compositional trait, the adulterated
samples were held against the boundaries from the measured dataset
and the variance-adjusted dataset (Fig. 2). Using the boundaries of the
measured dataset, all the protein-rich, nitrogen-based and carbohy-
drate-based adulterations would be flagged (red) except for the lowest
level of melamine adulteration of pool C (green) (Fig. 2a). Note that
four compositional values of control samples out of 105 measurements
exceeded the upper boundaries as well. They concern one milk sample

(control sample 4) that exceeds the boundaries for protein, solids and
solids non-fat contents, and one other sample (control sample 9) that
shows an extraordinary high protein content. It is most likely that these
two milk samples are of exceptional compositional quality rather than
that they are adulterated. Since a large variance is faced in practice, the
variance-adjusted boundaries, which are less strict but more practical,
were considered as well (as described in Section 2.5.2). Based on these
variance-adjusted boundaries, all the control samples were within the
boundaries (data not shown). The detailed results of the adulterated
samples are shown in Fig. 2b. It shows that the carbohydrate adul-
terations were all flagged, and higher concentrations (level 3 and 4) of
protein-rich and nitrogen-based adulterations were flagged too. In ad-
dition, all the combined adulterations were flagged due to their unusual
compositional features. However, the addition of protein-rich and ni-
trogen-based adulterants at lower levels, and the addition of pre-
servatives, would not stand out. It can be summarised that, with the
application of variance-adjusted boundaries, due to unusual apparent
compositional features, carbohydrate adulterations, and higher con-
centration of protein-rich and nitrogen-based adulterations would be
detected but inflation of the apparent protein content by 10–20% with
WPI, SOY, PEA, MLM, AC and DIC as well as the addition of most
preservatives would most likely go unnoticed. Fraudsters may benefit
from this gap in detectability of adulteration.

3.3.2. Multivariate detection by combined apparent concentrations of
individual components/features

Three OCC models, namely SIMCA, KNN, and SVM, have been de-
veloped separately according to the measured and variance-adjusted
datasets. The results of the three OCC models for the two scenarios (i.e.
based on the measured dataset and the variance-adjusted dataset) were
compared. It appears that the SIMCA model achieved the best

Fig. 2. The results of the adulterant test sets for the three milk pools based on (a) the measured boundaries; and (b) the variance-adjusted boundaries, indicating the
potential to identify suspected milk adulterations. The samples with all results within the boundaries are coloured green, while the rest are coloured red. The full
names of the adulterant are shown in the abbreviation list. For interpretation of the different colours, refer to the web version of the paper.
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performance in both scenarios (Table 4), hence, more detailed results
are presented for SIMCA model (Fig. 3). All the control samples were
correctly classified by the SIMCA model. It is noted that the model
developed from the measured dataset performed better than the model
developed from the variance-adjusted dataset (Table 4), similar to the
univariate detection. Although an OCC model integrates all aspects and
requires only one analysis, it appears that even the best performing
model did not result in enhanced detection of adulteration. For in-
stance, considering the measured data set, with univariate comparisons
only in one case an adulterant/concentration level combination for all
protein-rich, nitrogen-based and carbohydrate-based adulterants/con-
centration level combinations is not flagged (Fig. 2). However, with the
multivariate comparison, eight cases are missed (Fig. 3). Similarly for
the variance-adjusted set, 24 are missed using the univariate approach

(Fig. 2) and 40 using the multivariate approach (Fig. 3). Obviously,
sensitivity may improve with larger numbers of samples, but currently
the detection of adulteration seems to work better when using in-
dividual compositional parameters.

3.4. The potential profit of the adulterations

Milk adulteration is performed for economic gain, therefore, the
economic influence as a result of the change in the composition of milk
due to the use of different adulterants was explored. The effect on the
net profits generated by the protein-rich, nitrogen-based and carbohy-
drate-based adulterants was calculated (Table 5). Under the current
payment scheme of the raw milk, which is based on yield (in kg) of fat,
protein, and lactose, milk dilution does not increase the total price of

Table 4
The results of the one-class classification models developed from the measured dataset and the variance-adjusted dataset. All the present values are the average
values of 100 repetitions of cross validation, and the values stand for the accuracy of the corresponding datasets (i.e. true positive for the cross validation set, and true
negative for the adulterant test set).

Models Datasets SIMCA a (%) KNN b (%) SVM c (%)

Models based on the measured dataset Cross validation set 92 92 87
Adulterant test set 85 78 80
Balanced accuracy 88 85 83

Models based on the variance-adjusted dataset Cross validation set 88 97 83
Adulterant test set 69 57 71
Balanced accuracy 78 77 77

a SIMCA stands for soft independent modelling of class analogies, the SIMCA model with best performance was estimated with number of the factors n = 3 (based
on both measured dataset and variance-adjusted dataset).

b KNN stands for k-nearest neighbours, the KNN model with best performance was estimated with k = 4 (based on measured dataset), and k = 7 (based on
variance-adjusted dataset).

c SVM stands for support vector machine, the SVM model with best performance was estimated withγ = 0.0001 (based on measured dataset), and =γ 0.1 (based
on variance-adjusted dataset).

Fig. 3. The results of the adulterant test sets for the three milk pools based on the threshold of the of soft independent modelling of class analogies (SIMCA) model
developed from (a) the measured dataset; and (b) the variance-adjusted dataset, indicating the classification of milk adulterations. The samples with results within
the threshold are coloured green, while the rest are coloured red. The full names of the adulterant are shown in the abbreviation list. For interpretation of the
different colours, refer to the web version of the paper.
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milk, and therefore the economic implication due to water dilution was
not included in this section.

As shown in Table 5, although the protein-rich milk adulterations
increased the gross profit, the net profits of these additions varied, due
to the different costs of the raw materials. The WMP and SMP adul-
terations resulted in a negative net profit, while the WPI adulteration,
in contrast, led to a positive net profit. Unlike the WMP and SMP, whey
protein, which is the basis of WPI, is a relatively cheaper milk protein,
and has been widely considered as a common milk adulterant (De La
Fuente & Juárez, 2005; Kartheek, Smith, Muthu, & Manavalan, 2011;
Santos, Pereira-Filho, & Rodriguez-Saona, 2013). Overall, the results
show that the addition of whey protein into milk is profitable under the
current payment scheme, while it is valueless to add WMP and SMP for
milk fraud.

Among the nitrogen-based adulterants, the melamine and di-
cyandiamide adulteration can increase the gross profit, by means of
increasing the apparent protein content. On the contrary, the urea,
ammonium chloride and ammonium sulphate adulterations decreased
the net profit, due to their negative effects on the apparent protein and
fat contents (Table 3 and 5). The nitrogen-based adulterants are gen-
erally used as fertilizers or other non-edible industrial materials. Their
prices are relatively low, and they can usually cause health problems if
consumed (Mecker et al., 2012; Moyer, DeVries, & Spink, 2017). The
net profitability of all nitrogen-based milk adulterations is negative,
according to the available adulterant price in the USDA NASS database.
However, due to its positive gross profit, attention should be given to
the dicyandiamide milk adulteration considering that fraudsters may
have access to cheaper sources or face a different type of payment
scheme.

The carbohydrate-based milk adulterations aim to increase apparent
lactose content and consequently make profit. Due to the current milk
payment scheme, the lactose price is rather low compared to the price

for protein and fat (the price ratio of protein, fat and lactose is 10:5:1).
Since the addition of carbohydrates such as sucrose, fructose and glu-
cose, increased only the apparent lactose content, the net profit gained
through these adulterations were very low, while some were even ne-
gative. On the contrary, the starch adulteration increased the apparent
protein, fat and lactose content, all of which contributed to extra profit.
Ultimately, among all the carbohydrate-based adulterants used, only
the starch adulteration is profitable in practice for milk fraud under the
Dutch payment scheme.

Overall, based on the prices in the USDA NASS database and the
applied Dutch payment scheme calculations, only the whey protein
isolate and starch adulterations resulted in positive net profit. The other
adulterants were either too costly and/or unable to increase the pre-
dicted payment. However, more price-efficient sources of adulterants or
other payment criteria may result in another cost-benefit balance. For
instance, under payment scheme where milk price is based on the total
volume, which may occur in unorganized sector, the effect of dilution
could be compensated by adding cheaper milk components or other
chemicals, which would make some of the other adulterants tempting
to potential criminals.

3.5. Will the profitable adulterations be detected?

As discussed in Section 3.4, protein-rich and nitrogen-based adul-
terants and starch adulterations, are most likely to lead to a positive net
profit. Considering gaps in detection for cases with 10–20% apparent
protein content inflation as discussed in Section 3.3, the protein-rich
and nitrogen-based adulterants are of key concern. With testing for
these payment parameters only, the first type of adulterations will most
likely go unnoticed. On the other hand, adulterations with starch will
be flagged very quickly. The multivariate approach considering all
compositional parameters together did not improve detection. The
specificity of the OCC models may be increased by stricter thresholds,
although this also poses a higher risk of decreasing the model’s sensi-
tivity. It is therefore a trade-off, where the proper threshold should be
selected based on the users’ demand in practice. Using the full set of
spectral data, which was not the subject of this study, may possibly
provide relief. However, these raw data are generally not accessible by
the routine user, and these automated systems are very much black
boxes. Some instruments have a screening model targeted at the pre-
sence of specific adulterants, or a ‘broad anomaly detection’ option
which presumably uses whole spectra information, but to what extent
such an anomaly model picks up particular adulterations is unknown.
The development of the univariate and multivariate approaches in this
study was a demonstration for milk authentication using the results of
milk composition from routine analysis. The proposed approaches can
discover most of common milk adulterations, hence is promising to be
applied for fraud mitigation and controls. Of course, more elaborate
procedures for detection of individual or groups of adulterants are
widely available (ISO, 2009, ISO, 2014; ISO, 2015; AOAC, 2019), but
they require time and resources.
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Table 5
The economic profit of the minimum and maximum adulteration levels (1 and
4) of the UHT milk for the protein-rich, nitrogen-based and carbohydrate-based
adulterants.

Category Adulterant Cost
(Euro/
kg)

Profit increased
(Euro/100 kg)

Net profit (Euro/
100 kg)

Level 1 Level 4 Level
1

Level
4

Protein-rich
adulterants

WMP 3.6 3.0 11.0 −1.6 −7.3
SMP 2.3 2.1 7.4 0.0 −1.1
WPI 5.0 a 2.2 7.5 0.4 a 0.3 a

SOY N.A. b 0.7 4.7 – –
PEA N.A. b 1.5 6.0 – –

Nitrogen-based
adulterants

URE 0.6 −0.9 −3.3 −1.0 −3.5
MLM N.A. b −0.2 1.2 – –
AC N.A. b −2.0 −6.8 – –
AS 0.5 −1.8 −6.3 −1.9 −6.9
DIC N.A. b 1.1 3.8 – –

Carbohydrate-
based
adulterants

SU 1.2 −0.2 1.2 −2.3 −7.0
GLU 0.8 0.6 2.4 −0.4 −1.7
FRU 0.7 0.3 0.7 −0.6 −2.9
LAC 0.6 0.5 1.5 −0.2 −1.5
MD N.A. b 0.3 0.9 – –
STA 0.3 1.7 8.0 1.3 6.4
AR N.A. b 2.5 9.7 – –

AC: ammonium chloride; AR: arrowroot powder; AS: ammonium sulphate; DIC:
dicyandiamide; FMD: formaldehyde; FRU: fructose; GLU: glucose; LAC: lactose;
MD: maltodextrin; MLM: melamine; PEA: pea protein isolate; PX: hydrogen
peroxide; SMP: skimmed milk powder; SOY: soy protein isolate; STA: starch;
SU: sucrose; URE: urea; WMP: whole milk powder; WPI: whey protein isolate.

a The cost of whey protein concentrate 34 (based on unit of protein) was
used to calculate the price of WPI.

b N.A. means no information was found in the USDA NASS database for the
cost of adulterants.
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