- Publishing

Journal of the Hellenic Veterinary Medical Society

Vol 73, No 1 (2022)

 IS5N 2585-3724

Il‘ |||| Use of Multivariate Adaptive Regression Splines,
e Classification Tree and Roc Curve in Diagnosis of
Subclinical Mastitis in Dairy Cattle

Yasin ALTAY, ibrahim AYTEKIN, Ecevit EYDURAN

JOURNAL OF THE HELLENIC S doi: 10.12681/jhvms.25864
VETERINARY MEDICAL SOCIETY;

MEPIOAIKO THZ EAAHNIKHE
KTHNIATPIKHZ ETAIPEIAY:

Copyright © 2022, Yasin ALTAY, ibrahim AYTEKIN, Ecevit EYDURAN

T This work is licensed under a Creative mmons Attribution-NonCommercial 4.0.
A i
Quarterly Edition /& 2 Xax ';\ Tonviaia ExSoon
Volume 73, No 1 lv Topog 73, No 1
JANUARY - MARCH 2022 ‘5

3 IANOYAPIOE. - MAPTIOR 2022,

)

To cite this article:

ALTAY, Y., AYTEKIN, ibrahim, & EYDURAN, E. (2022). Use of Multivariate Adaptive Regression Splines, Classification
Tree and Roc Curve in Diagnosis of Subclinical Mastitis in Dairy Cattle. Journal of the Hellenic Veterinary Medical
Society, 73(1), 3817-3826. https://doi.org/10.12681/jhvms.25864

https://epublishing.ekt.gr | e-Publisher: EKT | Downloaded at: 23/01/2026 14:24:19



Research article

J HELLENIC VET MED SOC 2022, 73 (1): 3817-3826
IIEKE 2022, 73 (1): 3817-3826

Epevvnytixo aplpo

Use of Multivariate Adaptive Regression Splines, Classification Trees and ROC
Curve in Diagnosis of Subclinical Mastitis in Dairy Cattle
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ABSTRACT: Subclinical mastitis is one of the most significant diseases that cause economic losses in dairy cattle
farming. This research was conducted on 112 heads of Holstein Friesian dairy cattle to reveal the relationship between
subclinical mastitis and milk composition and milk quality.In the study, CMT (California Mastitis Test) and CSCC
(Classified Somatic Cell Count) used in the diagnosis of subclinical mastitis were used as a binary response variable i.e.
healthy and unhealthy. Potential predictors included here were lactation number, days in milk (DIM), darkness-light-
ness ranges between O=black and 100=white (L*), green-red ranges between - a*=-60 and a*=+60 (a*), blue-yellow
ranges between -b*=-60 and b*=+60 (b*), redness-yellowness (Hue®), vividness-dullness (Chroma), milk fat, milk
protein, lactose, milk freezing point, solid non-fat SNF, density, solids, pH, and electrical conductivity. Classification
and Regression Tree (CART), Chi-Squared Automatic Interaction Detection (CHAID), Exhaustive Chi-Squared Au-
tomatic Interaction Detection (Ex-CHAID), Quick, Unbiased, Efficient, Statistical Tree (QUEST), and multivariate
adaptive regression splines (MARS) were used as data mining algorithms that help to make an accurate decision about
detecting influential factors increasing the risk of subclinical mastitis.

In conclusion, better classification performances of CART and MARS data mining algorithms were determined com-
pared with those of the remaining algorithms to correctly discriminate between healthy and unhealthy cows.

Keywords: CMT, CSCC, Classification trees, MARS algorithm, Subclinical Mastitis, Milk quality.
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INTRODUCTION
major part of total milk production in developed
ountries is produced by dairy cattle that are more
suitable to intensive production compared to small ru-
minants i.e. sheep and goat.Dairy milk is a significant
nutrient-rich food for growing healthy human gener-
ations and a vital animal product for progressing the
country’s economy. The quality of milk that is indis-
pensable for food safety is closely associated with the
udder health of cows. Mastitis is one of the important
diseases for dairy cattle in the world, and it occurs as
a result of inflammation of the udder tissues due to
infection.It is an animal welfare problem that nega-
tively affects milk quality and causes economic losses
in milk yield per cow (Green et al., 2002; Sharma et
al., 2011; Walsh et al., 2011). Variability of mastitis
disease was ascribed to genetic (breed, herd) and en-
vironmental factors i.e. lactation number, lactation
stage, parity, calving month, age, calving year, feed-
ing, and managerial conditions (Aytekin et al., 2018;
Sinha et al., 2021). Akdag et al. (2017) reported that
udder-related traits were necessary to be considered
in dairy cattle breeding strategies. Ural (2013) evalu-
ated the relationship between subclinical mastitis and
udder traits in Holstein-Friesian dairy cattle reared in
the Aydin province of Turkey and emphasized that
it was necessary to ascertain udder traits decreasing
SCC amount of the cow’s milk for selection strate-
gies. Subclinical mastitis is a significant determinant
that adversely affects profitability in a dairy farm, de-
pending on the health status of cows that can change
based on managerial conditions.

Detection of subclinical mastitis in dairy cattle is
made by California Mastitis Test (CMT), White Side
Test (WST), Surf Field Mastitis Test, Sodium Lauryl
Sulphate Test (SLST), Somatic Cell Count (SCC),
Electrical Conductivity (EC), milk colour-related sen-
sor device, biochemical analyses, and the occurrence
of pathogens in milk (Eyduran et al., 2005; Islam et
al., 2011; Gaspardy et al., 2012; Aytekin and Boztepe,
2014; Hoque et al., 2015; Mpatswenumugabo et al.,
2017). El-Sayed et al., (2015) studied the relationship
of bacteria counts with SCC, EC, and chemical com-
position of the cow’s milk as part of subclinical mas-
titis diagnosis. Da Costa Ribeiro et al., (2016) men-
tioned that chlorine and lactose amounts of milk can
be used in the diagnosis of subclinical mastitis.

EC, CMT, and SCC diagnosis techniques were ap-
praised relatively as part of the detection of subclini-
cal mastitis (Spakauskas et al., 2006; Kandiwa et al.,

2017). It was reported that high SCC amounts in the
cow milk decreased casein, lactose, and fat amounts
of milk, which shortened milk shelf-life and obstruct-
ed conversion of the milk to other milk products (Ey-
duran et al., 2005). Ribeiro et al, . (2016) reported that
changes in lactose, protein, and fat could be with en-
hancing SCC amount. El-Sayed et al., (2015) reported
that EC in the milk of a healthy animal had the range
of 4.4 and 5.5 (mS/cm).

Relationships between udder characteristics, milk
composition, lactation milk yield and milk quality
and composition etc. of subclinical mastitis (SCC
or CMT) in dairy cattle were investigated (Sharma
et al., 2011; Kasikei et al., 2012; Akdag et al., 2017,
De Oliveira Mouraet al., 2017).From the point of im-
proving new breeding strategies, it is imperative to
determine the relationship between subclinical masti-
tis and the amount, quality, composition of the cow’s
milk together with environmental factors mentioned
above. However, there are few previous studies in
dairy cattle. Moura et al., (2017) evaluated the cor-
relation between subclinical mastitis (EC and SCC)
and the Physico-chemical composition of the milk in
Zebu cows. Tiwari et al., (2017) utilized ROC (Re-
ceiver Operator Characteristics) analysis to estimate
threshold values regarding EC, pH, and SCC that help
to diagnose subclinical mastitis of crossbreed cows
raised under subtropical conditions. Aytekin et al.,
(2018) comprehensively investigated the relationship
of subclinical mastitis (CMT) with calving month,
electrical conductivity, colour, composition, and qual-
ity traits of milk in cattle breeds i.e. Brown Swiss and
Holstein-Friesian with the methodology of tree-struc-
tured CART) data mining algorithm. To make a better
decision about the reliable diagnosis of the subclinical
mastitis with EC, SCC, and CMT in dairy cattle, ap-
plication of powerful statistical techniques i.e. Logis-
tic Regression (Altay et al., 2019; Kili¢ and Keskin,
2019), CART (Aytekin et al., 2018), support vector
machines (SVM, Mammadova and Keskin 2015),
artificial neural network (ANN, Mikail and Keskin,
2015, Fuzzy Logic (Coskun and Zulkadir, 2018) and
adaptive neuro-fuzzy inference system (ANFIS, Mi-
kail and Keskin, 2015) may be a noteworthy oppor-
tunity for animal breeders. However, the applicabil-
ity of the MARS data mining algorithm, which is a
non-parametric regression method that discloses the
high dimensional relationship between sets of depen-
dent and explanatory variables without necessitat-
ing distributional and functional assumptions of the
variables, has not yet been recognized in subclinical
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mastitis diagnosis with the aid of EC, SCC and CMT
together with quality, composition, and colour traits
of the cow’s milk in dairy cattle. Therefore, the main
aims of this investigation were to find milk quality,
composition, and colour traits affecting subclinical
mastitis based on CMT and CSCC as binary variables
i.e. healthy and unhealthy through CART, CHAID,
Exhaustive CHAID, QUEST, and MARS classifica-
tion algorithms, and to obtain evidence to select the
best subclinical mastitis diagnosis method between
CMT and CSCC, depending upon classification per-
formances of the data mining algorithms.

MATERIALS AND METHODS

Materials

In this study, 112 head of Holstein Friesian cat-
tle used were obtained from a private farm in Konya,
Turkey. Milk samples were collected in the morning
milkingduringthe summer of 2019.Milk sampling
was performed with primiparous dairy cows aver-
aging 152.30+14.95 (Mean+SE) days in milk (DIM)
and was taken from cows without a clinical history of
mastitis in herd. All cows fed ad libitum with a mix-
ture of concentrated feed and forage such as straw,
alfalfa, fescue grass, and corn silage.

Milking, Milk samples, and Milk analysis

Holstein Friesian cows were housed in a free-stall
barn and fed ad libitum with a mixture of concentrat-
ed feed and forage as total mixed ration (TMR). Dairy
cows milked three times daily in a 2 x 15 parallel
milking parlor ENGS, EcoHerd, Version 1.01). Since
there is no classification tree-based power analysis, a
power analysis based on logistic regression, which is
the simplest classification, has been performed. The
probability of mastitis = 0.3235, odds ratio = 4.3731,
and the number of animals with 90% power calculated
by reference to the study (Altay et al., 2019) is 97.In
order to have the power of the test in the study over
90% and to provide a homogeneous data structure, the
number of animals was determined as 112.The data of
112 cows with first lactation number were obtained
from the herd management system. Milk samples were
obtained from 112 dairy cattle that had been milked
with two milkers by using sampling equipment during
milking time to represent homogeneous of all milk.
After the morning milking, analyses were immediate-
ly conducted. Fat (%), protein (%), lactose (%), freez-
ing point (°C), SNF (%), density (kg/m?), total solids
(%), pH, and conductivity (uS/cm) traits, which were
examined as milk components, were immediately an-

alyzed two times with the help of an ultrasonic milk
analyser (LACTOSCAN MMC30, Milkotronic Ltd,
Bulgaria). Somatic Cell Count (SCC) in milk was
analyzed by an electronic counter (Nucleocounter
SCC-100, Chemometec, Denmark). California masti-
tis test (CMT) scores of all samples were determined
by using a same solution, equipment and expert. Milk
samples were homogeneously taken from each cow at
the milking by using milk sampler. Then, milk sam-
ples were placed in a plastic test paddle, divided into
4 separate wells, in order to determine mastitis status.
CMT solution was added on the milk samples taken
and after mixing same direction in an oval shape for
about 20 seconds, it was diagnosed by the expert (
Shitandi and Kihumbu, 2004). All milk samples were
screened for subclinical mastitis by the CMT to deter-
mine the healthy and unhealthy status of cows. Also,
colour characteristics of milk samples were measured
for CIELAB system measuring parameters by the Mi-
nolta Chroma Meter CR-400 (Konica Minolta, Inc.,
Osaka, Japan) (CIELAB, 1976). By using The L*, a*,
and b* colour values, Hue°and Chroma values were
calculated using the formula Hue® =Tan! x (b*/a*)
and Chroma =V (a” (¥2) +) b” (*2).

Statistical analysis

CSCC and CMT as a subclinical mastitis diagno-
sis test were binary dependent variables i.e. healthy
and unhealthy. Animals whose CSCC amount is less
than 200 000 in 1 cc milk were accepted as healthy;
otherwise, they were considered unhealthy. Classifi-
cation performances of CART (Breiman et al., 1984),
CHAID (Kass, 1980), Exhaustive CHAID (Biggs et
al., 1991), QUEST (Loh and Shih, 1997), and MARS
(Friedman, 1991) algorithms were evaluated compar-
atively based on accuracy, sensitivity, specificity and
area under ROC curve. CART, CHAID, Exhaustive
CHAID, and QUEST produces a tree structure to yield
the highest accuracy rates as soon as possible. CART
(Kovalchuk et al., 2017; Kovalchuk et al., 2018) and
QUEST work according to binary node splitting rule,
but CHAID and Exhaustive CHAID algorithms run
based on multiway node splitting rule (Akin et al.,
2018). As a modified form of the CART algorithm,
MARS is used to find predictors with hinges func-
tion for a better solution of binary logistic regression.
Maximum tree depth was used for CART (5), QUEST
(5), and both CHAID algorithms (3) by default. In
the 5-fold cross-validation, the whole data set (112
records) was randomly separated into 10 approx.
equal parts of 21 or 22 records, from which nine were
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used to train a given type of prediction model and one
served as an independent test set. This process was
repeated 5 times. The minimum number of parent and
child nodes was 10 and 5 for decision trees i.e. CART,
CHAID, Exhaustive CHAID, and QUEST. Optimal
trees of the decision tree algorithms were produced
after their resubstition costs were very close to cor-
responding cross-validation costs (Tyasi et al., 2021).
Accuracy is an algorithm’s proportion of correctly
classifying healthy and unhealthy animals. Sensitivity
is the algorithm’s proportion of correctly classifying
unhealthy animals. Specificity is the algorithm’s pro-
portion of correctly classifying healthy animals (Grz-
esiak and Zaborski, 2012). The confusionmatrix for
the classifier algorithms is given in Table 1.

Table 1. Confusion table for the classifier algorithms
Predicted as

Unhealthy Healthy
Observed Unhealthy A B
Healthy C D

The expressions A, D, B, and C gave in the fol-
lowing equation represent the numbers of true posi-
tive, true negative, false positive, and false negative,
respectively. The formula developed by (Hanley and
McNei, 1982) was used to determine AUC (AUCse).

Accuracy = (A+D) / (A+B+C+D)
Sensitivity = A / (A+B)
Specificity = D / (C+D)

Error proportion = 1 - Accuracy

\/ AUC(1-AUC)+(n,-1)(q1-AUCY+(n-1)(q2-AUC?)

“AUC=
rlAnB
n A=A+C and nB=B+D
- ___AUC 4 e —2AUC
1 2-AUC and 4 14+AUC

Pairs of algorithms in the area under ROC curve
were compared based onthe z test.

Statistical analyses associated with CART,
CHAID, Exhaustive CHAID, and QUEST were IBM
SPSS 23 (IBM Corp. Released, 2015). MARS anal-
ysis was performed using earth (v5.1.2; Milborrow,
2019) and caret (v6.0.86; Kuhn, 2020) packages of
R software (R Core Team, 2020; Kuhn and Johnson,
2013; Eyduran et al., 2019; Akin et al., 2020). The tri-
al version 19.5.1 of the MedCalc software was used to
calculate the area under ROC curve and comparison
(AUC) and to compare pairs of algorithms in the area.
Also, logistic regression-based power analysis used to
determine the sample size in the study was performed
in G*Power package program version 3.1.7 (Faul et
al., 2013).

RESULTS AND DISCUSSION

Table 2 presents descriptive statistics of milk qual-
ity, composition, and colour traits for each diagnostic
test. Although the method averages are close to each
other in terms of the traits considered in general (ex-
cept for SSC), it was observed that there were differ-
ences between the average traits of healthy and un-
healthy animals regardless of the method.

Table 2. Descriptive statistics of parameters of milk quality for each diagnosis test

Variables Methods Diagnosis N Minimum Maximum Mean+SE StDev  CoefVar
CMT Healthy 63 6.00 499.00 123.20+13.20 105.00 85.16
DIM Unhealthy 49 11.00 424.00 181.40+16.70 116.80 64.39
(day) CSCC Healthy 77 6.00 499.00 128.50+12.50 110.10 85.72
Unbhealthy 35 22.00 424.00 193.20+18.50 109.70 56.76
CMT Healthy 63 6.90 21.60 13.14+0.49 3.87 29.48
Morning Milk Unhealthy 49 1.90 19.10 11.01+0.59 4.12 37.43
(kg) CSCC Healthy 77 5.60 21.60 12.98+0.43 3.80 29.27
Unhealthy 35 1.90 18.80 10.52+0.73 4.30 40.86
CMT Healthy 63 81.42 89.75 86.90+0.21 1.64 1.89
L Unhealthy 49 82.98 89.35 86.25+0.20 1.38 1.59
CSCC Healthy 77 81.42 89.75 86.86+0.18 1.61 1.86
Unhealthy 35 82.98 88.56 86.07+0.22 1.28 1.49
CMT Healthy 63 -3.55 4.11 -2.34+0.14 1.09 -46.33
a Unhealthy 49 -3.56 -1.71 -2.70+0.07 0.49 -17.98
CSCC Healthy 77 -3.55 4.11 -2.33+0.11 0.99 -42.39
Unhealthy 35 -3.56 -1.95 -2.87+0.08 0.45 -15.55
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CMT Healthy 63 -0.45 6.95 2.65+0.19 1.50 56.56
b Unhealthy 49 -0.08 8.05 3.63+0.30 2.12 58.29
CSCe Healthy 77 -0.45 6.95 2.58+0.17 1.46 56.38
Unhealthy 35 0.16 8.05 4.16+0.37 2.17 52.05
CMT Healthy 63 -66.73 59.40 38.6543.05 2421 -62.63
" Unhealthy 49  -66.14 1.83 48.1142.50  17.51  -36.40
osce Healthy 77 -66.73 59.40 39.1942.67 2342 -59.75
Unhealthy 35  -66.14 -3.86 50.7042.70 1595  -31.47
CMT Healthy 63 1.91 8.07 3.8040.15 1.20 31.55
c Unhealthy 49 2.37 8.80 4.68+0.26 1.82 38.84
osce Healthy 77 1.91 8.07 3.73+0.13 1.14 30.57
Unhealthy 35 2.38 8.80 5.18+0.32 1.87 36.05
CMT Healthy 63 1.97 4.98 3.530.09 0.70 19.68
Fat Unhealthy 49 222 4.96 3.8540.09 0.60 15.70
(%) csce Healthy 77 1.97 4.98 3.56+0.07 0.66 18.49
Unhealthy 35 222 4.96 3.93+0.11 0.64 16.37
CMT Healthy 63 271 3.53 3.24+0.02 0.14 433
Protein Unhealthy 49 2.62 3.52 3.24+0.02 0.15 4.67
(%) CsCe Healthy 77 2.62 3.53 3.2240.02 0.16 4.83
Unhealthy 35 3.06 3.52 3.27+0.02 0.11 3.40
CMT Healthy 63 4.06 5.28 4.85+0.03 0.21 431
Lactose Unhealthy 49 3.92 5.27 4.84+0.03 0.23 4.73
(%) csce Healthy 77 3.92 5.28 4.83+0.03 0.23 4.82
Unhealthy 35 4.57 527 4.890.03 0.17 3.54
, CMT Healthy 63 -0.62 -0.47 -0.56+0.01 0.03 -4.90
Frrf’(fizl:z‘g Unhealthy 49 -0.63 -0.45 -0.57+0.01 0.03 -5.38
O Csce Healthy 77 -0.62 -0.45 -0.56+0.01 0.03 -5.39
Unhealthy 35 -0.63 -0.53 -0.570.01 0.02 421
CMT Healthy 63 7.39 9.62 8.83+0.05 0.38 4.30
SNF Unhealthy 49 7.13 9.59 8.8120.06 0.42 473
(%) osCe Healthy 77 7.13 9.62 8.79+0.05 0.42 4.83
Unhealthy 35 8.32 9.59 8.90+0.05 0.31 3.53
CMT Healthy 63 1023.97 103329  1030.59£0.19  1.52 4.98
Density Unhealthy 49  1023.74 103243 1030244022  1.55 5.12
(kg/m’) csCe Healthy 77 1023.74 103329  1030.41£0.19  1.70 5.58
Unhealthy 35 102749 103243  1030.49+0.19  1.12 3.68
CMT Healthy 63 0.61 0.79 0.73+0.01 0.03 427
Solids Unhealthy 49 0.59 0.79 0.72+0.01 0.03 4.69
(%) csce Healthy 77 0.59 0.79 0.72+0.01 0.03 478
Unhealthy 35 0.68 0.79 0.73+0.01 0.02 3.51
CMT Healthy 63 6.30 7.00 6.53+0.03 0.22 3.34
oH Unhealthy 49 5.64 7.08 6.64+0.04 0.31 4.61
csce Healthy 77 6.26 7.00 6.520.02 0.2 3.24
Unhealthy 35 5.64 7.08 6.71+0.05 0.32 4.77
CMT Healthy 63 3.35 6.22 5.05+0.09 0.74 14.58
Conductivity Unhealthy 49 3.36 7.31 4.91+0.13 0.87 17.76
(nS/cm) csce Healthy 77 3.35 7.31 5.14+0.09 0.75 14.56
Unhealthy 35 3.36 6.05 4.67+0.14 0.82 17.56
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Table 3 presents the classification performances of
the tested data mining algorithms for each subclinical
mastitis diagnosis. The areas under ROC (AUC) were
found to be significant in all algorithms used in the
diagnosis of subclinical mastitis (P <0.05).

The best classification performance for the CMT
diagnosis test was recorded for MARS data mining al-
gorithms with sensitivity (0.857), specificity (0.809),
and accuracy (0.830) rates above 0.80. MARS algo-
rithm correctly classified 85.7 (%) of unhealthy cows,
80.9 (%) of healthy cows, and 83.0 (%) of all the
cows. Based on the CMT diagnosis test, MARS had
the biggest area under ROC curve of 0.869 as the best
agreement between sensitivity and specificity in the
CMT diagnosis test. The best classifier algorithm for
detecting subclinical mastitis using CMT was found
as MARS, followed by CART. The present CART
findings were in near agreement with those record-
ed by Aytekin et al. (2018) who found that 77.2 (%)
of the Brown Swiss and Holstein-Friesian cows were
unhealthy (sensitivity), 95.7 (%) of them were healthy
in CMT diagnostic test.

Among classifier algorithms whose performances
were tested for CSCC subclinical mastitis diagnosis
test in the current work, CART was determined to be
a promising algorithm that had a sensitivity (0.917),
specificity (0.725), accuracy (0.848) rates, and the
largest area of 0.890 under ROC curve. CART al-
gorithm correctly classified 91.7 (%) of the cows
detected as unhealthy by CSCC, correctly classified
84.8 (%) of healthy and unhealthy cows. Based on the
CSCC subclinical diagnosis test, MARS had the big-
gest area under ROC curve of 0.890 as the best agree-
ment between sensitivity and specificity in CSCC.

As a result of the CSCC diagnosis test, the best
agreement between the sensitivity and specificity
rates was recorded in the CART classifier according
to the largest area under ROC curve constructed for
the classifier and the highest sensitivity rate of 91.7
(%). Among the combinations of the algorithm and
the diagnosis test, the best one was understood to be
the combination of the CART algorithm and CSCC
diagnosis test. It could be suggested that CSCC that
correctly captured 91.7 (%) of unhealthy cows was
the best subclinical diagnosis test in the CART classi-
fier. However, the MARS algorithm correctly classi-
fied 93.5 (%) of healthy cows in the CSCC diagnosis
test as a result of the highest specificity rate estimated
for the algorithm. Higher accuracy estimates of the
algorithms evaluated for the CSCC diagnosis test here

were obtained (0.786 to 0.848) compared to those re-
corded by Mammadova and Keskin (2015) with an
accuracy rate of 50 (%) for support vector machines
and Mikail and Keskin (2015) with the accuracy rates
of 36 and 65 (%) for ANN and ANFIS algorithms in
SCC diagnosis test. Aytekin et al, . (2018) emphasized
easy interpretation of the visual results obtained from
CART in the CMT diagnosis test.

The flexible MARS model providing very high
classification quality for CMT diagnosis test was pro-
duced by two milk colour traits i.e. “a” and “C”.

GLM , .. =-0.9504965 - 1.043345 * max (0, a
+2.97) + 1.154928 * max (0, C - 4.46). In this case,
the probability of being unhealthy for any cow based
on the CMT diagnosis test can be estimated with the
help Of PUNHEALTHY: eXpGLMunhealthy / (1+ eXpGLMunhealthy)
where exp the base of natural logarithm whose value
is 2.718. For example, the probability of being un-
healthy for a cow with a=-2.20 and C=3.29 based on
the CMT diagnosis test can be calculated as follows:

GLM -0.9504965 - 1.043345 * max (0,

unhealthy

-2.20+2. 97)+ 1.154928 * max (0, 3.29 - 4.46).

GLM , ... = -0.9504965 - 1.043345 * max (0,

-2.20+2.97) + 1.154928 * max (0, 3.29 - 4.46).

Where, max (0, -2.20 + 2.97) = max (0, 0.77)
0.77 max (0, 3.29 - 4.46) = max (0, -1.17) =0

GLMunhcalthy = -0.9504965 - 1.043345 * 0.77 +
1.154928 *0

GLM,, ,, = -0.9504965 - 1.043345 * 0.77 =
-1.75387215

PUteartiy= expCLMunhealthy / (4 gy pGLMunhealthy)

P iearmy= €XP (LTSS / (14 exp (175387219 ) =

0.1731024 / (1+0.1731024)

P xizacmny = 0-1475595 is expressed as the proba-
bility of being unhealthy for a cow with a=-2.20 and
C=3.29).
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Table 3. Classification performances of the algorithms for each diagnosis test

. e . cpe s Associated
Methods Algorithm Sensitivity Specificity AUC Accuracy Criterion P-value
CART 0.716 0.839 0.742 0.750 0.5788 0.000
CHAID 0.644 0.773 0.634 0.670 0.5631 0.015
CMT Exhaustive CHAID 0.716 0.667 0.740 0.696 0.3717 0.000
QUEST 0.644 0.720 0.628 0.661 0.5382 0.020
MARS 0.857 0.809 0.869 0.830 0.3894 0.000
CART 0.917 0.725 0.890 0.848 0.3394 0.000
CHAID 0.800 0.773 0.710 0.795 0.4864 0.000
CScCcC Exhaustive CHAID 0.800 0.773 0.710 0.795 0.4864 0.000
QUEST 0.791 0.762 0.696 0.786 0.4853 0.010
MARS 0.514 0.935 0.776 0.804 0.4843 0.004

Comparison of the algorithms in the area under
the ROC curve for both subclinical mastitis diagnos-
tic tests is given in Table 4. The classification perfor-
mance order for CMT diagnostic test was MARS >
CART = Exhaustive CHAID > CHAID = QUEST in
area under ROC curve. The classification performance
order recorded for CSCC diagnostic test was CART
> MARS > CHAID=Exhaustive CHAID=QUEST in
terms of the area under ROC curve. CSCC was found
superior to CMT in the area under ROC curve of the
CART classifier. But, no significant difference was
found between CSCC and CMT tests in the area under
ROC curve for CHAID, QUEST, and MARS classifi-
ers. A significant point is that an area of 0.869 under
ROC curve was estimated as the second-largest value
numerically (Table 4). The present ROC curve results

Table 4. Comparison of the algorithms in the area under ROC curve

indicated that most of the algorithms showed similar
trends for CMT and CSCC in comparing subclinical
mastitis tests within CHAID, Exhaustive CHAID,
QUEST, and MARS algorithms, which was in agree-
ment with those reported by some authors who report-
ed the suitability of EC with CMT and SCC (Kasike¢1
et al., 2012; Aytekin et al., 2018). Mammadova and
Keskin (2015) obtained 50% accuracy, 92% specifici-
ty, and 89% sensitivity using support vector machines
algorithm as well as 43% accuracy, 79% specificity,
and 75% sensitivity using binary logistic regression
analysis based on SCC subclinical mastitis diagnosis
test. Both accuracy rates reported by Mammadova
and Keskin (2015) were lower than those of the tested
algorithms employed for CSCC and CMT diagnosis
tests here.

Methods CART CHAID Exhause-CHAID QUEST MARS
CMT 0.742+0.0508° 0.634+0.054¢ 0.740+0.04752 0.628+0.054¢ 0.869+0.0364
CSCC 0.890+0.0354 0.710+0.0525 0.710+0.0585 0.696+0.0595 0.776+0.0585

A-BThe difference between the algorithms with the capital letter in CMT or CSCC row is significant (comparison of the algorithms)
»5The difference between diagnostic tests with the letter in any algorithm column is significant (comparison of the subclinical

mastitis diagnostic tests)
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Figure 1. ROC curves of classifier algorithms for each diagnosis test
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In the CSCC method used in the diagnosis of sub-
clinical mastitis, Aytekin et al, . (2018) reported that
milk color features a *, C *, fat and DIM compatible
markers, while in CMT method, EC, “L” and “a”, fat,
freezing point, and calving month properties. It has
been identified as an important indicator.

As part of CSCC as a diagnostic test for subclini-
cal mastitis, CART was selected as the best classifier
(Table 1). 68.8 (%) of the 112 cows in the CSCC diag-
nosis test were characterized as healthy, and 31.2 (%)
of them were classified as unhealthy (Node 0).

The CART classification tree of the CSCC diag-
nosis test is presented in Figure 2. At the top of the
CART classification tree structure, Node 0 was divid-
ed into two smaller subgroups i.e. Node 1 (a subgroup
of the cows with C < 5.195) and Node 2 (a subgroup
of the cows with C > 5.195) according to C milk co-
lour trait at the first tree depth. 81.4 (%) of the cows
with C < 5.195 were determined as healthy (Node 1)
; however, 73.1 (%) of the cows with C > 5.195 were
characterized as unhealthy (Node 2).

At the second tree depth, Node 1 was branched
into two smaller subgroups i.e. Node 3 and Node 4
according to the DIM trait. 96.6 (%) of the cows with
C <5.195 and DIM < 53.5 days were found as healthy
(Node 3). 73.7 (%) of the cows with C < 5.195 and
DIM > 53.5 days were described as healthy.

At the second tree depth, Node 2 was split into two
subgroups i.e. Node 5 and Node 6 according to “a”
milk colour trait.

All of the cows with C > 5.195 and a < - 3.195
were determined as unhealthy (Node 5), whereas 56.2
(%) of the cows with C > 5.195 and a > - 3.195 were
identified as unhealthy (Node 6). Cut-off values of
5.195 C and - 3.195 a could provide some hints for
breeders to detect subclinical mastitis.

At the third tree depth, Node 4 was partitioned into
two smaller subgroups i.e. Node 7 and Node 8 accord-
ing to the DIM trait. In the CART tree diagram, 77.8
(%) of the cows with C < 5.195 and 54.5 < DIM <
77.5 days were recorded as unhealthy (Node 7), but
83.3 (%) of the cows with C < 5.195 and DIM > 77.5
days were characterized as healthy (Node 8).

At the fourth tree depth of the CART algorithm,
Node 8 was divided into two smaller subgroups i.e.
Node 9 and Node 10 according to milk fat trait. 88.4
(%) of the cows with C <5.195, DIM > 77.5 days, and

milk fat < 4.250 (%) were ascertained as healthy. 60
(%) of the cows with C <5.195, DIM > 77.5 days and
milk fat > 4.250 (Node 10) were found as unhealthy.

Mode0 |
|_Category % nlf:
mm—-—-- | W Healthy 62z 77|
| @ Heelthyr 4 ® Urheslthy 312 35f;
1 = Unlealthy | 1 Tota 1000112
_________ T4
o
Tmprovement=0.108
<= 5|.195 =5195
Hods 1 Hode 2
Category % n Category % n
W Healthy 814 70 B Healthy 269 7
B Unbeslthy 136 16 B Unhealthy 73119
Total 163 36 Total 32 2%
I = I =
DM a

Trmprovement=0.018 Improvvernent=0.021

==345 =545 ==-3193 e -3i195
Hode 3 Hode 4 Hode 5 Hode &
Category %% n Category % n Category % n Category %% n
B Healthy 966 28| |MHealthy 737 42| M Healthy 00 0] (®™Healthy 4328 7
B Unhealthy 34 1| |®Unhealthy 263 15| |® Unhealthy 1000 10( |® Unhealthy 562 9
Total 259 10 Total 508 57 Tatal 2910 Total 143 16
T =
DIn
Irnproeveraent=0.051
== T?.S =713
Hode 7 Mode &
Categnry % n Category % n
B Healthy 222 2| (®Healthy 833 40
B Unhealthy 778 7| (™ Unhealthy 167 &
Tatal 2009 Total 429 48
T =
Fat
Trproveement=0.019
== 4230 = 4230
Hode 9 Hode 10
Category % n Catezory % n
B Healthy 834 33| |MHealthy 400 2
B Unhealthy 116 5| |® Unhealthy 600 3
Total 384 43 Total 45 5

Figure2. CART classification tree of the CSCC diagnosis test.

Aytekin et al. (2018) reported that the CART clas-
sification tree created for the CMT subclinical masti-
tis diagnosis test consists of calving month, EC, milk
fat, milk freezing point and milk color (L* and a*).
Whereas, the MARS data mining algorithm gave the
best classification performance for the CMT and pro-
duced an easier interpretable equation for more cor-
rectly classifying healthy and unhealthy cows when
compared with the results of CART, ANN, ANFIS,
SVM algorithms published elsewhere (Mammadova
and Keskin 2015; Mikail and Keskin 2015). In this re-
gard, the use of the MARS algorithm that helps to find
cut-off values of significant milk traits discriminating
unhealthy and healthy cows is advisable together with
subclinical mastitis diagnosis tests.

CART analysis produced by Aytekin et al., (2018)
reflected that subclinical mastitis risk of cows with
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EC > 5.695 and fat > 3.160 (%) was 3.62 times more
in comparison with that of those with EC > 5.695 and
fat < 3.160. In the study, the risk of cows (60%) with
milk fat >4.250 (Node 10) was found to be 5.17 times
more than the risk of cows with fat < 4. 250 (11.6%)
(Node 9) when C < 5.195 and DIM > 77.5 days were
considered. CSCC and CMT diagnosis tests produced
almost similar tendenciesbased on QUEST, MARS,
and both CHAID algorithms (Table 3). This finding
was nearly in agreement with the previous statements
of some authors (Kasiker et al., 2012; Aytekin et al.,
2018).

Wide variation in mastitis disease diagnosis was
attributed to genetic (breed, herd) and environmental
factors i.e. lactation number, lactation stage, lactation
period, parity, udder traits, calving month, age, calv-
ing year, feeding and managerial conditions, especial-
ly statistical analysis techniques.

With the scope of subclinical mastitis detection,
the usability of CHAID and especially MARS algo-
rithms were scarce in the literature to reveal the rela-
tionship of the mastitis risk with milk quality, compo-
sition, colour traits. In this respect, further studies are
still required for subclinical mastitis diagnosis with
the support of data mining algorithms.

CONCLUSION

In herd management, it is desirable to identify un-
healthy animals as soon as possible to obtain healthy
products for animal health, and also human health.
Also, the failure of farms to distinguish between
healthy and unhealthy animals will cause economic
losses because of management. With the development

of data mining methods in recent years, it will bene-
fit herd management by closing the gaps in diagnos-
ing mastitis. In diagnosis, increasing the detection
of mastitis in unhealthy animals and decreasing the
margin of error will make a great contribution to herd
management.

In the current work, the relationship of subclini-
cal mastitis with milk quality, colour, and compo-
sition traits was investigated based on data mining
algorithms i.e. CART, CHAID, Exhaustive CHAID,
QUEST, and MARS. Among these algorithms, MARS
gave the best performance by correctly classifying
unhealthy and healthy animals in CMT diagnosis,
while the CART algorithm was found to be the best
classifier in CSCC (P <0.05). According to the results
of CART analysis obtained for SCC, all cows with a <
-3.195 and C > 5.195 in their milk could be said to be
at risk of subclinical mastitis. The subclinical mastitis
risk of cows with C > 5.195 was observed to be four
times more than that of those with C < 5.195 in their
milk. No significant differences of CSCC and CMT
diagnosis tests in the area under ROC curve for oth-
er algorithms except for CART were obtained. For a
generalization of the current results, the examination
of much larger populations in different cattle breeds
was recommendable.

In conclusion, the application of CART and MARS
algorithms may a good choice for cattle breeders to
find cut-off values of influential milk traits correctly
discriminating healthy and unhealthy cows.
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