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a b s t r a c t
Automatic milking systems produce mastitis alert lists that report cows likely to have clinical mastitis
(CM). A farmer has to check these listed cows to conﬁrm a CM case and to start an antimicrobial treatment if necessary. In order to make a more informed decision, it would be beneﬁcial to have information
about the CM causal pathogen at the same time a cow is listed on the mastitis alert list. Therefore, this
study explored whether decision-tree induction was able to predict the Gram-status of CM causal pathogens using in-line sensor measurements from automatic milking systems. Data were collected at nine
Dutch dairy farms milking with automatic milking systems and included 140 bacteriological cultured
CM cases with sensor measurements of electrical conductivity, colors red, green, and blue and milk yield
for analyses. In total, 110 CM cases were classiﬁed as Gram-positive CM cases and 30 as Gram-negative.
Stratiﬁed randomization was used to divide the data in a training set (n = 96) for model development, and
a test set (n = 44) for validation. The decision tree used three variables to predict the Gram-status of the
CM causal pathogen; two variables were based on electrical conductivity measurements, and one on
measurements of the color blue. This decision tree had an accuracy of 90.6% and a kappa value of 0.76
based on data in the training set. When only those CM cases were considered with extreme high probability estimates for their Gram-status (either positive or negative), 74% of all records in the training set
could be classiﬁed with a stratiﬁed accuracy of 97.1%. When validated, the decision tree performed
poorly; accuracy dropped to 54.5% and the kappa value to 0.20. The stratiﬁed accuracy calculated for
75% of all records in the test set was 66.7%. Predicting the CM causal pathogen showed a similar poor
result; the decision tree had an accuracy of 27.9% and a kappa of 0.12, based on data in the test set. Based
on these results, it is concluded that decision-tree induction in conjunction with sensor information from
the electrical conductivity, color, and milk yield provide insufﬁcient discriminative power to predict the
Gram-status or the CM causal pathogen itself.
Ó 2011 Elsevier B.V. All rights reserved.

1. Introduction
Mastitis is one of the most frequent and costly diseases in the
dairy industry (Halasa et al., 2007; Viguier et al., 2009), with clinical mastitis (CM) being responsible for about 75% of the total costs
of mastitis for an average Dutch farm milking 65 cows and with a
bulk somatic cell count (SCC) of 200,000 cells/ml (Hogeveen et al.,
2010). The disease has negative effects on farm economics due to
production losses, treatment costs, and costs of culling (McDougall
et al., 2007; Huijps et al., 2008; Viguier et al., 2009). It is important
that cows that suffer from CM are detected during the early onset
of the disease to eliminate the infection and to prevent recurrence,
and that the appropriate type and amount of antimicrobial is
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applied by the correct route and for the correct time to increase
cure rate (Hillerton and Kliem, 2002).
When milking with an automatic milking system, also called a
milking robot, CM is detected using two diagnostic tests: the ﬁrst
is the CM detection model on the automatic milking system itself.
This model uses sensor measurements as input and gives a CM
alert as output. These CM alerts appear on a mastitis alert list to
warn the dairy farmer for cows that need attention (‘‘management
by exception’’, Hogeveen and Ouweltjes, 2003). The second test involves the visual conﬁrmation of CM and is conducted by the dairy
farmer, who checks the alerts from the mastitis alert list he or she
thinks necessary. If a CM case is visually conﬁrmed, it is the
responsibility of the dairy farmer to decide on antimicrobial treatment. Initially, the choice of antimicrobial treatment is based in absence of any knowledge about the CM causal pathogen, as the
whole process from taking a milk sample, culturing it, and determining the pathogens involved usually takes 3 days. Choosing an
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inappropriate treatment protocol or an ineffective antimicrobial
may be a reason cure rates of 75%, as suggested at the introduction
of commercial mastitis tubes or mastitis syringes, are not met in
practice (Erskine et al., 2003). In order to make a more informed
decision on which antimicrobial to use, it would be beneﬁcial for
dairy farmers to have information about the CM causal pathogen
at the same time a cow is listed on the mastitis alert list.
In the past, studies were conducted to use several information
sources to provide or to predict the CM causal pathogen or the
Gram-status of the pathogen involved. For example, Godden
et al. (2007) and MacDonald et al. (2010) presented the potential
of on-farm culture systems in order to replace bacteriological culturing that is done in the laboratory. Despite attractive beneﬁts,
major disadvantages of this approach are the need of experienced
personnel and good on-farm laboratory conditions in order to
achieve proper accuracy. Instead of moving the laboratory to the
farm itself, other studies focused on using other information
sources to predict CM causal pathogens or Gram-status; expert
knowledge was used by Jones and Ward (1990) and Kim and Heald
(1999), cow information by Milne et al. (2003) and Steeneveld et al.
(2009), cow data and farm management practices by Heald et al.
(2000), and somatic cell count patterns by De Haas et al. (2004).
These studies showed varying predictive performances of the classiﬁcation models developed, or concluded that collection of the
necessary information would take too long for an appropriate prediction at cow-level. Kamphuis et al. (2008a) reported a difference
in sensor measurement patterns of the electrical conductivity and
the colors red, green, and blue between healthy quarters and quarters infected with CM, but they did not check whether different
pathogens show different sensor measurement patterns. Espada
and Vijverberg (2002) expected color sensor measurements to be
useful for abnormal milk detection and potentially also for pathogen prediction. However, that study was based on a small data set,
collected during 1 month at two farms, with only 6 cows showing
abnormal milk in one quarter.
Kamphuis et al. (2010b) developed a CM detection model using
decision-tree induction. Sensor measurements of the electrical
conductivity and colors red, green, and blue were used as input for
this detection model. The ﬁnal model showed a good performance
(a sensitivity of 40% at a speciﬁcity of 99%), considering the narrow
time window in which the model should alert for CM and the inclusion of quarter milkings with a less clear mastitis status. Decisiontree induction could very well be used to extract knowledge from
sensor data, amongst that of color sensors, for Gram-status prediction. The main objective of this study is to explore whether sensor
measurements from automatic milking systems can be used by
decision-tree induction to predict the Gram-status of the CM causal
pathogen. In addition, the potential of predicting the actual CM
causal pathogen itself is evaluated as well.

2. Materials and methods
2.1. Data collection
The collection of data used for this study has been described in
detail by Kamphuis et al. (2010b). In short, raw sensor data and
observations of CM were collected at nine commercial Dutch dairy
farms milking automatically (version A2 (n = 10) or A3 (n = 2); Lely
Astronauts N.V., Maassluis, The Netherlands) from November 2006
until March 2009. Farm characteristics are summarized in Table 1.
Both versions of automatic milking systems use the same sensors:
the electrical conductivity was measured with a sensor consisting
of a collection bin with known content between two electrical pins.
In addition, the colors red, green, and blue were measured with a
light emitting diode (LED) sensor combination consisting of three
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light sources emitting red, green, and blue light, and a receiver to
measure the reﬂected light intensity (Espada and Vijverberg,
2002). Raw sensor data of the electrical conductivity, color, and
an estimation of quarter milk yield were collected by connecting
a remote computer to each of the 12 automatic milking systems.
From these raw sensor measurements, 1065 potentially descriptive
variables were developed using a data ﬂow diagram (Kamphuis
et al., 2008a, 2010a). These variables described characteristics
(level, variability, and shape) of sensor measurements patterns
from each quarter milking. Cows that raised suspicion of being
affected by CM, according to the own criteria of the participating
dairy farmer, were visually checked to conﬁrm a CM case. The dairy
farmers’ suspicion could be based on the mastitis alert lists, but
also on other information, like SCC data, the presence of clots on
the milk ﬁlter, or through direct observations of redness or swollenness of the udder. This approach resulted in different procedures per farm to check quarters for CM. By introducing a
scoring protocol, however, the assessment of the actual CM status
and the procedure to collect milk samples for bacteriological culturing was standardized: a scoring protocol instructed the dairy
farmers to visually score the 5th and 6th squirts of milk of all quarters they checked using a clean black paddle as commonly used for
the California Mastitis Test (without using the reagent normally
used when applying this test). When visually normal, the milk
was scored as (1). When abnormal, the milk was scored as (2)
watery milk, (3) ﬂakes, (4) clots, (5) serum-like milk, or (6) milk
with blood. If a dairy farmer decided the CM infection was severe
enough to start an antimicrobial treatment, they were asked to ﬁrst
take two milk samples for bacteriological culturing and to store
these milk samples in their refrigerator. Furthermore, they were
instructed to record the cow’s identiﬁcation number, quarter, date
and time, and the CM score assigned to the visually checked quarter. Every 4–6 weeks, dairy farmers were visited to collect sensor
data stored by the remote computers, scoring forms, and milk
samples if any. Milk samples were bacteriological cultured by the
Veterinary Microbiological Diagnostic Centre (VMDC, Faculty of
Veterinary Medicine, Utrecht University, Utrecht, The Netherlands)
according to the standards of the National Mastitis Council
(Harmon et al., 1990).
2.2. Data preparation
In order to combine visual observations of CM with sensor data,
each visual quarter milk assessment was linked with sensor data
from the most recent quarter milking, within a 24 h time window
prior to the assessment time, recorded for that same quarter by the
remote computer (for a more detailed description, see Kamphuis
et al., 2010b).
By the end of the data collection period, 2003 quarters were
checked visually for having CM (see Table 1), of which 1593 could
be combined with sensor measurements within a 24 h time window. Quarters that received a CM score from 2 through 5 were considered as quarters with CM (n = 348, see Table 1). These included
74 quarters with watery milk, 217 quarters with ﬂakes, 50 quarters
with clots and 7 serum-like quarters. There were 6 quarters containing blood (CM score 6). These were excluded from further analyses, as milk with blood does not necessarily imply a CM case but
can also be caused by damage in the udder or of the teat. From the
348 CM cases, 243 quarters were sampled for bacteriological culturing. For those CM cases with only one milk sample (11.7% of
243 quarters), only this milk sample was evaluated for inclusion
criteria for further analyses. For the remainder 89.3% of the quarters with two milk samples, both of these milk samples were evaluated for inclusion criteria. Only CM caused by major CM causal
pathogens (Escherichia coli, Klebsiella spp. Staphylococcus aureus,
Streptococcus dysgalactiae, and Streptococcus uberis) were included
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Table 1
Farm characteristics of participating farmers included in the study. Per farm, characteristics included the number of automatic milking systems (AMS), start of data collection, the
number of individual cows milked during the data collection period, the number of quarters checked for clinical mastitis (CM), the number of quarters with CM, and the number
of CM cases with sensor measurements and bacteriological culturing results that are included in the analyses.
Farm

AMS (n)

Start of data collection

Individual cows milked (n)

Quarters visually checked (n)

Quarters with CM (n)

CM included for analyses (n)

1
2
3
4
5
6
7
8
9
Total

1
1
1
1
1a
1a
2
2
2
12

October 25 2007
August 14 2007
December 8 2006
January 30 2007
September 13 2007
October 4 2007
January 30 2007
March 9 2007
December 7 2006

64
71
70
97
55
79
101
129
106
772

67
94
437
325
18
143
627
72
220
2003

14
58
81
77
5
7
26
28
52
348

11
29
17
32
1
1
11
15
23
140

a
Farms with an A3 Lely Astronaut automatic milking system (Lely Industries N.V., Maassluis, The Netherlands). All other farms used an A2 Lely Astronaut automatic
milking system.

for further analyses. If a culture within one milk sample or over
milk samples of the same quarter showed a combination of major
CM causal pathogens (e.g., an S. aureus in combination with an
E. coli), the quarter was excluded for further analyses. Culture results that were combinations of one major CM causal pathogen
with a ‘mixed culture’, ‘no growth’, or ‘Bacillus spp.’ within one milk
sample or over milk samples of the same quarter were included. In
total, 140 quarters with CM were included for further analyses (see
Table 1); all of them were labeled according to the major CM causal
pathogen cultured within a milk sample or over milk samples of
the same quarter. This resulted in 26 quarters infected with
E. coli, 4 with Klebsiella spp., 22 with S. aureus, 72 with S. uberis,
and 16 with S. dysgalactiae. Quarters infected with E. coli or Klebsiella spp. were classiﬁed as Gram-negative CM cases (n = 30), and all
others were classiﬁed as Gram-positive CM cases (n = 110). Table 2
summarizes the distribution of the major CM causal pathogens isolated from bacteriological culturing of the 140 CM cases, their
Gram-status, and their CM score recorded by the participating
dairy farmers.
2.3. Model development and validation for Gram-status prediction
In order to develop a decision tree model that predicts the
Gram-status of a CM causal pathogen, a training set and a test
set were constructed. Two thirds of all data were selected for training and the remaining third for testing, where quarters were randomly stratiﬁed according to the pathogen that caused the CM.
This stratiﬁcation resulted in a training set with 21 Gram-negative
and 75 Gram-positive CM cases. The test set included nine Gramnegative and 35 Gram-positive CM cases.
All CM cases in the training set had 1065 independent variables
based on sensor measurements. To prevent overﬁtting of the decision tree, ﬁrst all independent variables that had an information
gain ratio higher than 0.01 were selected. The information gain
of an independent variable X is based on the change in information

value (or entropy) of a dataset S with respect to the dependent variable Y, after partitioning S using the values of independent variable X. A decision tree that selects independent variables based
on their information gain tends to prefer variables with a large
number of possible classes. Therefore, the decision tree in this current study selects independent variables based on their information gain ratio, which takes into account the number of classes
and records per class of X (Witten and Frank, 2005). Table 3 lists
the 16 independent variables in the training set that met this information gain ratio requirement.
To develop a decision tree based on data in the training set, the
J48 algorithm as implemented in WEKA (Witten and Frank, 2005)
with default settings was used. A decision tree is a graphic representation of a divide-and-conquer approach of a classiﬁcation
problem and consists of nodes at which a variable is tested. Based
on its information gain ratio, an independent variable is selected to
split a data set at the ﬁrst node. For each possible outcome of the
test involved at that node, a branch is made ending in a daughter
node. Next, the process can be repeated for each branch, using only
those records that actually reach that branch (Kamphuis et al.,
2010b; Witten and Frank, 2005). In an ideal situation, the tree
stops developing at the time all records at a node have the same
classiﬁcation, e.g., all records involve a Gram-positive CM case. In
reality, this is often not the case, and the records that ﬂow into
an end node are used by the decision tree to calculate a probability
estimate for the Gram-status for each record in that node. It
becomes even more difﬁcult when the decision tree encounters
records with missing values for variables used at test nodes. To
solve this problem, such a record with missing values for variables
used at test nodes is proportionally split into pieces – or weights –
and the parts are sent down each branch and from there right on
down to the leaves of the sub-trees involved. The split into pieces
is accomplished by using a numeric weight between zero and one,
and the weight for a branch is chosen to be proportional to the
number of records going down that branch that do have a value

Table 2
Bacteriological culturing results of 140 clinical mastitis cases with at least one milk sample being bacteriological cultured, their Gram status, and their clinical mastitis score as
recorded by the participating farmers.
Main pathogen isolated

Escherichia coli
Klebsiella spp.
Staphylococcus aureus
Streptococcus dysgalactiae
Streptococcus uberis
Total

Gram status

Negative
Negative
Positive
Positive
Positive

Score assigned to quarter by farmer

Total (n)

Watery (n)

Flakes (n)

Clots (n)

Serum-like (n)

6
2
2
–
5
15

13
1
19
14
40
87

6
1
1
2
22
32

1
–
–
–
5
6

26
4
22
16
72
140

Maximum value of the electrical conductivity of a whole quarter milking
Maximum value of the electrical conductivity of the ﬁrst 500 mL of quarter milk produced
Maximum value of the electrical conductivity of the last 500 mL of quarter milk produced
Mean value of the electrical conductivity of the last 500 mL of quarter milk produced
The range (maximum–minimum value) of the electrical conductivity of the whole quarter milking compared with the mean value for the range of the two previous milkings for that
same quarter
The deviation of the electrical conductivity between the actual midpoint observation and the expected midpoint observation from the ﬁrst 500 mL of quarter milk produced
compared with the mean value for this variable of all milkings within the previous 36h for that same quarter
The increase from the ﬁrst to the last sensor measurement of the whole quarter milking of the color sensor blue compared with the mean value of the increase of two other quarters
within the same cow milking that showed the highest values for this increase
Time difference between teat cup attachments and start of milk ﬂow, compared with the mean time difference of the two previous milkings of that same quarter
The deviation of the color sensor red between the actual midpoint observation and the expected midpoint observation from the last 500 mL of quarter milk produced compared with
the mean value for this variable of the previous two milkings for that same quarter
The range (maximum–minimum value) of the electrical conductivity of the whole quarter milking
The increase from the ﬁrst to the middle sensor measurement of the electrical conductivity of the last 500 mL of quarter milking produced
The increase from the ﬁrst to the last sensor measurement of the electrical conductivity of the last 500 mL of quarter milking produced
The increase from the ﬁrst to the last sensor measurement of the electrical conductivity of the last 500 mL of quarter milk produced/the number of sensor measurement recordings
in this last 500 mL of quarter milk produced
The minimum value of the electrical conductivity of the last 500 mL of quarter milk produced
The increase from the ﬁrst to the last sensor measurement of the electrical conductivity of the whole quarter milking/the number of sensor measurement recordings in quarter
milking
The increase from the ﬁrst to the last sensor measurement of the electrical conductivity of the whole quarter milking

Variable description

Predicting CM causal pathogen
lcombincrFMP2
The increase from the ﬁrst to the middle sensor measurement of the mean color value (average of red, green, and blue sensor measurements) of the last 500 mL of quarter milk
produced compared with the mean value for the increase from the ﬁrst to the middle sensor measurements of the previous two milkings for that same quarter

wcdtincrFL

lcdtmin
wcdtslope

wcdtrange
lcdtincrFM
lcdtincrFL
lcdtslope

startmilkﬂowdelayP2
lredmiddevP2

wblueincrFLQ2

fcdtmiddevPR36

Predicting Gram-status
wcdtmax
fcdtmax
lcdtmax
lcdtmean
wcdtrangeP2

Variable name
(abbreviated)

0.1390

0.0260

0.0401
0.0313

0.0675
0.0603
0.0464
0.0464

0.1008
0.0732

0.1075

0.1419

0.2923
0.1855
0.1693
0.1693
0.1511

Information
gain ratio

Table 3
Abbreviations, full descriptions, and the information gain ratio value of the 16 independent variables that were selected from the training set for predicting Gram-status, and of the one independent variable (abbreviation and full
description) that was selected from the training set for predicting the actual CM causal pathogen. The selected variables all had an information gain ratio higher than 0.01
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for the variable used at the test node. A split record may be further
split at a lower node. Eventually, the various parts – or weights – of
the record will reach end nodes and the ﬁnal CM probability estimate for these split records is computed by multiplying the probabilities for CM at the end nodes by the weight of that record that
reaches that speciﬁc end node (Witten and Frank, 2005).
The number of Gram-negative CM cases in the training set was
much lower than the number of Gram-positive CM cases (21 vs. 75,
respectively). Therefore, a cost matrix was applied to balance the
data (Kamphuis et al., 2010a) in order to prevent the decision tree
to simply classify all CM cases as caused by the majority group
(Gram-positive CM causal pathogens). A cost matrix is a square
matrix with its size dependent on the number of levels of the
dependent variable. This means that a 2  2-sized cost matrix
was used for model development with zeros at the diagonal. Values off the diagonal represent the ‘costs’ that are made by the decision tree for misclassifying a CM case. As there are 3.57 more
Gram-positive CM cases in the training set than there are Gramnegative, the costs for misclassifying a Gram-negative case was
set at 3.57 and the costs for misclassifying a Gram-positive case
was set at 1. By doing this, the dataset was artiﬁcially balanced.
To prevent the selection of correlated variables in the development of a Gram-status predicting decision tree based on 96 CM
cases in the training set, ﬁrst 16 univariate decision trees (including the cost matrix) were developed; all 16 variables listed in
Table 3 were used one by one to split the training data according
to their Gram-status. To select the best univariate decision tree,
Cohen’s kappa value was used. Cohen’s kappa value is a test of
agreement between two tests, in absence of a gold standard, after
chance agreement is removed from consideration. Cohen’s kappa
value is calculated as the actual agreement between two tests beyond chance divided by the potential agreement beyond chance;
the actual agreement beyond chance is calculated as the observed
agreement minus the expected agreement (chance) and the expected agreement beyond chance is calculated as one minus the
expected agreement (Cohen, 1960; Dohoo et al., 2009). The decision tree resulting in the highest kappa value was selected, and a
forward selection procedure started including the variable chosen
in the ﬁrst selection round and all 15 remaining independent variables added one by one. This procedure of forward selection was
continued until the kappa value no longer improved. The decision
tree that was developed at that point was used to predict the
Gram-status of the CM cases in the test set, where the output
was a probability estimate for a quarter to have a CM infection
caused by a Gram-positive or a Gram-negative pathogen. Kappa
value and accuracy of this test set were evaluated as well.

an S. dysgalactiae as being S. uberis. Costs for misclassifying S. uberis
for any of the other pathogens were set at 1.0. Also this decision
tree was evaluated with data from the test set, containing 43 CM
cases, with the kappa value and the accuracy as evaluation
measures.
The data mining software WEKA (Witten and Frank, 2005) was
used to select variables based on their information gain ratio, to
perform the forward selection of independent variables, to develop
the ﬁnal decision tree, and to compute kappa values and accuracies. The PROC SURVEYSELECT procedure in SAS (version 9.1, SAS
Institute Inc., Cary, NC) was used for stratiﬁed randomization of
the data to create a training and a test set.
3. Results
The most frequently isolated pathogen was S. uberis (Table 2).
Most quarters were scored as having ﬂakes or clots in their milk
(85%). Compared to Gram-positive CM cases, Gram-negative CM
cases were more often scored as having watery milk (6.4% vs.
26.7% for Gram-positive and Gram-negative pathogens,
respectively).
There were 16 independent variables selected for Gram-status
prediction based on their information gain ratio being >0.01 (Table 3). The information gain ratios ranged from 0.0260 to 0.2923.
Most of these selected variables are based on the sensor measuring
the electrical conductivity, although the sensors measuring the colors red and blue also seem informative (based on their information
gain ratio value). Selected variables are based on absolute values,
but also on comparisons with previous milkings or on other quarters within the same cow milking.

fcdtmiddevPR36

> 1.1
Gram+ (16.9 / 0.00)

≤ 1.1
wblueincrFLQ2

> 1.5
Gram+ (10.81 / 0.31)

≤ 1.5
wcdtrangeP2

≤ -2.0

Gram-(24.09 / 2.22)

> -2.0
fcdtmiddevPR36

> -0.25
Gram-(21.69 / 4.22)

≤ -0.25
> 14.5

2.4. Model development and validation for pathogen prediction
Decision-tree induction was also applied to sensor data to develop a model that predicts the CM causal pathogen itself. However, as the number of CM cases caused by Klebsiella spp. was
limited (n = 4), these CM cases were excluded from the training
set (n = 3) and test set (n = 1). The remaining 93 records in the
training set were used to select independent variables with an
information gain ratio higher than 0.01. This selection resulted in
one variable that fulﬁlled this requirement (see Table 3). Therefore,
a further forward selection procedure was not performed. A ﬁnal
decision tree was trained using the single independent variable
that had a gain ratio higher than 0.01 and a cost matrix that balanced the classes of different CM causal pathogens to the majority
class (S. uberis) in a similar way as was done for the Gram-status
predicting model. This means that a 4  4-sized cost matrix was
used, with zeros on the diagonal, and with values of 2.72 as cost
factor of misclassifying an E. coli infection, 3.27 for misclassifying
an S. aureus infection, and 4.45 as cost factor for misclassifying

wcdtrangeP2

Gram-(2.77 / 0.31)

≤ 14.5
wblueincrFLQ2

≤ -6.5

Gram+ (7.66 / 0.00)

> -6.5
> -1.33
fcdtmiddevPR36

Gram-(4.93 / 0.36)

≤ -1.33
Gram+ (7.14 / 1.30)
Fig. 1. Final decision tree using three different independent variables to classify 96
quarters in the training set for to their Gram-status. The ovals represent test nodes
at which a variable is tested (variable names are explained in Table 3). The
rectangles represent end-nodes at which a prediction is made (being infected with a
Gram-positive (Gram+) or Gram-negative (Gram ) clinical mastitis causal pathogen) for those records reaching this rectangle. The ﬁrst ﬁgure between brackets
presented in these rectangles summarizes the total number of records reaching this
rectangle; the second ﬁgure represents the records that are misclassiﬁed by the
decision tree. The variables selected had a gain ratio >0.01.
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The ﬁnal decision tree (with the highest kappa value) for Gramstatus prediction is graphically presented by Fig. 1. The accuracy of
this decision tree based on data from the training set was 90.6%,
and the kappa value was 0.76. The tree used seven tests (ovals in
Fig. 1) to classify the 96 records in the training set based on three
independent variables; two were based on electrical conductivity
measurements, and one was based on the color sensor blue. The
rectangles in Fig. 1 represent end nodes where records are classiﬁed as being caused by a Gram-positive or Gram-negative CM causal pathogen.
The ﬁgures between brackets in the end nodes can be used to
calculate the probability estimates for a CM case to be caused by
a Gram-positive or a Gram-negative CM causal pathogen. For
example, if a CM case ends up in the second end node from the
top, it will be classiﬁed by the decision tree as being caused by a
Gram-positive CM causal pathogen. This end node contains 10.81
CM cases, of which 0.31 are misclassiﬁed (and thus were labeled
by the gold standard or the bacteriological culturing results as
Gram-negative CM cases). The decision tree will assign a probability estimate of 97.1% (calculated as 100  ((10.81–0.31)/10.81) that
this CM case is infected with a Gram-positive CM causal pathogen,
and a probability estimate of 2.9% (calculated as 100  (0.31/
10.81)) to be infected with a Gram-negative CM causal pathogen.
The ﬁgures in the rectangles show decimals due to the way the
J48 algorithm deals with records with missing values for the variables on which a test at a node applies.
The higher the probability estimate, the more accurate the prediction for a Gram-positive CM case gets (Fig. 2). But also, the lower
the probability estimate, the more accurate the prediction for a
Gram-negative CM case gets. There were 65 quarters out of the
96 (67.7%) that received a probability estimate of >0.60 for being
a Gram-positive CM case. All of these CM cases were indeed
Gram-positive cases. An extreme low probability estimate for a
Gram-positive CM case (60.10), which is thus similar to an extreme high probability estimates for a Gram-negative CM case
(>0.90), also shows an accurate prediction: 12 out of the 96 CM
cases (12.5%) received such a high probability estimate for a
Gram-negative CM case, and 83.3% of these 12 CM cases were indeed Gram-negative CM cases.
The accuracy of the ﬁnal decision tree for Gram-status prediction dropped to 54.5% when applied to the test set. The kappa value
decreased to 0.20. Fig. 3 explains visually the decrease in both
accuracy and kappa value. First of all, even at extremely high probabilities (e.g., >0.90) for a Gram-positive CM case, still 7 out of the
27 CM cases (25.9%) were Gram-negative. And at extremely low
probabilities (e.g., 60.10) for Gram-positive CM cases, still 4 out
of the 5 CM cases (80%) were Gram-positive.
There was only one independent variable that fulﬁlled the
requirement of having an information gain ratio higher than 0.01
for predicting the actual CM causal pathogen (Table 3). The ﬁnal
decision tree used that independent variable at ﬁve test nodes,
each time using different threshold values in order to classify the

records according to the CM causal pathogen. Based on the 93 records in the training set, the accuracy of this model was 34.4% and
the kappa value was 0.19. When applied on the test set, accuracy
dropped to 27.9% and the kappa value dropped to 0.12.

4. Discussion
Only 16 out of 1065 potentially predictive variables had an
information gain ratio higher than 0.01 for predicting the Gramstatus of a CM case (Table 3). This indicates that all other variables
had an information gain ratio value so low, that these had no discriminative power at all to predict the Gram-status of a CM causal
pathogen. The prediction of the CM causal pathogen itself seemed
even more difﬁcult with the use of sensor information, as only one
variable out of the 1065 potentially predictive variables had an
information gain higher than 0.01 (Table 3). The 17 potentially predictive variables that were selected, however, were mainly based
on electrical conductivity measurements. Already in the early
beginnings of developing CM detection models using sensor data,
the electrical conductivity has been used as detection tool (e.g.,
Maatje et al., 1992) although the electrical conductivity has not
been suggested to be useful for pathogen detection before. The ﬁnal decision tree for predicting the Gram-status of CM causal
pathogens used two out of three variables that were based on electrical conductivity measurements (Fig. 1). The third one was based
on the color sensor blue. A ﬁrst study on the potential of color
sensors for pathogen prediction was conducted by Espada and
Vijverberg (2002), which served as basis for the study described
in this paper. Although that study included just a very small number of cases (6 cows with abnormal milk in one quarter), they concluded that abnormalities in milk (e.g., clots) caused a signiﬁcant
change of milk color in comparison with milk from other quarters
in the same milking or with previous milkings. Results from the
current study do conﬁrm the potential of using color as detection
or prediction tool. The three independent variables used by the
ﬁnal decision tree (Fig. 1) characterized the variability or shape
of sensor measurements, and they were based on comparisons
with previous quarter milkings or with other quarters in the same
cow milking. This ﬁnding is in line with results from Kamphuis
et al. (2008a). They concluded that sensor data from the electrical
conductivity and the color sensors blue and green contained the
most information for abnormal milk or CM classiﬁcation, and that
variables based on the variability or shape (e.g., the range or
increase) of sensor measurement patterns could be as predictive
as variables based on the level of sensor measurement patterns
(e.g., the mean value).
Fig. 2 and 3 show the probability estimates to be infected with a
Gram-positive CM causal pathogen that the ﬁnal decision tree assigned to the CM cases in the training set and the test set, respectively. This indicates that the decision tree is more conﬁdent for
some CM cases to be Gram-positive CM cases than for others.
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Fig. 2. The number of clinical mastitis (CM) cases in the training set infected with a Gram-positive or a Gram-negative CM causal pathogen (y-axis) per probability estimate
for a CM case to be infected with a Gram-positive pathogen (x-axis). In total, 96 CM cases were included in the training set.
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Fig. 3. The number of clinical mastitis (CM) cases in the test set infected with a Gram-positive or a Gram-negative CM causal pathogen (y-axis) per probability estimate for a
CM case to be infected with a Gram-positive pathogen (x-axis). In total, 44 CM cases were included in the test set.

Results from both ﬁgures also indicate that Steeneveld et al. (2009)
and Van der Gaag et al. (2009) made sensible suggestions that presenting a probability distribution for the causal CM pathogen
would be more informative for dairy farmers as it reveals the
uncertainty involved with a binary or multiclass classiﬁcation.
Both studies discuss the presentation of a stratiﬁed accuracy, a
measure which is based upon different strata of the dataset under
study. When this idea is applied to the current study, it would be
possible to present to dairy farmers only those quarters with extreme high probability estimates for being a Gram-positive CM
case (e.g., >0.80) or a Gram-negative CM case (e.g., >0.90, which
is similar as a probability of 60.10 for being a Gram-positive CM
case). By doing this, still 74% from the 96 quarters in the training
set will have a probability estimate presented to the dairy farmer,
with a stratiﬁed accuracy of 97.2%. For the test set, 75% will receive
a probability estimate with a stratiﬁed accuracy of 66.7% (results
not shown).
The three independent variables the ﬁnal decision tree selected
(Fig. 1) were not the three variables with the highest information
gain ratios (Table 3). This somewhat surprising result may be explained by the fact that a cost matrix was applied to balance the
distribution between Gram-positive and Gram-negative CM cases
in the training set. In a situation where a decision tree is developed
without a cost matrix, the ﬁgures – or weights – in the end nodes of
a decision tree will add up to the number of records that are labeled Gram-positive or Gram-negative in the training set. However, when adding up the ﬁgures mentioned in the end nodes
from Fig. 1, they add up to 48.0 for Gram-positive and for Gramnegative records. This shows that applying a cost matrix had effect
in balancing the data, and this new balanced data may have an effect on how these records can be divided according to their Gramstatus with the independent variables listed in Table 3.
After completing the forward selection procedure, a decision
tree was developed based on three independent variables (Fig. 1)
with the highest kappa value (0.76). This kappa value can be interpreted as a substantial agreement (Dohoo et al., 2009) between the
classiﬁcations of the decision tree and the labeling of quarters
according to their bacteriological culturing results as Gram-positive or negative CM cases. The accuracy of this ﬁnal decision tree
was 90.6%. For comparison, a simple model that would classify
CM cases based on prevalence would have an accuracy of 66.7%,
and a model that would classify all CM cases as Gram-positive
cases would have an accuracy of 78.1%. These results suggest that
the three sensor based variables used by the decision tree were
able to discriminate between Gram-positive and Gram-negative
CM cases. However, when the decision tree was applied to data
not used for training to validate its performance, both the accuracy
and the kappa value dropped dramatically to 54.4% and 0.20,
respectively. These results indicate that the three selected variables based on data in the training set were unable to predict the

Gram-status of the CM cases in the test set. So, although a forward
selection procedure was used to prevent selection of correlated
independent variables and a cost matrix was applied to balance
the data in the training set, based on the results from the test set
it has to be concluded that the developed decision tree was overﬁt
to the training data. This conclusion was conﬁrmed when two
additional iterations to create training and test sets showed a similar trend of good performances with data from the training set and
poor performances when validated with data from the test set (results not shown). The accuracy of 54.5% found when applying the
decision tree to the test set is just slightly higher than the accuracy
of 48% that White et al. (1986) observed for inexperienced clinicians when predicting the Gram-status of a CM case, and much
lower than the accuracy of 79% reported by Milne et al. (2003)
and 73% reported by Steeneveld et al. (2009). Accuracies and kappa
values for predicting the CM causal pathogen itself were very poor
in the current study: the decision tree showed an accuracy of 34.4%
and a kappa of 0.19 based on data in the training set. The accuracy
is lower than one would get with simply classifying all CM cases as
S. uberis cases, which would result in an accuracy of 52.6%. Again
performance dropped (an accuracy of 27.9% and a kappa of 0.12)
when the developed decision tree was applied to data not used
for training. This indicates that the decision tree was unable to
use sensor information to predict the CM causal pathogen itself.
The study of Steeneveld et al. (2009) also used cow information
to predict the CM causal pathogen itself, and showed a model with
an overall accuracy of 52%, and a stratiﬁed accuracy of 89% for 4%
of all CM cases. Again, their results outperform the detection performance from the model developed in the current study.
Still, it may be a too harsh conclusion to exclude sensor measurements for future research in the ﬁeld of these types of predicting models, and there are three reasons not to do so. First of all, the
current study used only 140 CM cases. This is a low number in
comparison with the 573 CM cases used by Milne et al. (2003)
and the 3833 CM cases used by Steeneveld et al. (2009), but it is
a high number of CM cases in the ﬁeld of CM detection using sensor data. Studies in the ﬁeld of automated CM detection often use a
lot less CM cases for analyses (e.g., 19 CM cases used by Mollenhorst et al., 2010, and 36 CM cases used by Song et al., 2010). It
is likely that the inclusion of more CM cases with sensor information and bacteriological results will improve the robustness of
decision trees predicting the Gram-status or the CM causal pathogens itself.
Another reason causing the poor detection result is the classiﬁcation problem itself and the distribution of pathogen species in
the current study. Differentiating between quarter milkings with
CM and without CM (healthy quarters) is probably easier for an
algorithm than differentiating between already diseased quarter
milkings, as the sensor measurement patterns are more likely to
be different between truly healthy quarter milkings and truly
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diseased ones. The distribution of pathogen species in the current
study is strongly subject to which cows dairy farmers decided to
check visually, and on how good they actually were in classifying
the milk. For example, it has been suggested that watery milk
without ﬂakes is an indicator for an upcoming severe E. coli infection (Hogeveen et al., 1995). Results from Kamphuis et al. (2008b)
showed that this category showed deviating mean sensor measurement values, especially for the sensors measuring the electrical conductivity and the color blue. However, it is also known
that watery milk is a difﬁcult to classify category (Rasmussen,
2005), and this may be the reason that just 6 out of 26 CM cases
caused by E. coli are detected in the supposedly early stage of infection, and that more than half of the CM cases classiﬁed by the farmers as being watery to be caused by another pathogen species
rather than E. coli. This misclassiﬁcation of the CM status may
cause the pathogen species linked to the wrong CM sensor measurement patterns, in this way introducing noise in the dataset
and making it more difﬁcult for the decision-tree algorithm to select independent variables more speciﬁc to the deviating sensor
patterns speciﬁc for E. coli infection. Also, it is known that S. aureus
infections are often subclinical, and develop slowly to clinical ﬂareups (Harmon, 1994). When a dairy farmer knows a cow suffering
from an S. aureus infection, he or she might decide to do nothing
about these cases, causing the number of S. aureus CM cases in this
study to be lower than they are in reality. In addition, due to the
fact that the progress of infection is slow and mostly subclinical,
with SCC levels tending to ﬂuctuate at high levels long before but
also long after a clinical ﬂare-up (De Haas et al., 2002), the sensor
measurement patterns may not be as distinct as for example the
sensor measurement pattern of an early stage E. coli infection,
where the SCC peaks within a short time window around the CM
occurrence (De Haas et al., 2002). The expected lack of distinct sensor measurement patterns for an S. aureus infection therefore
makes it more difﬁcult for a decision-tree algorithm to select independent variables speciﬁc for this type of CM infection.
The third reason for not neglecting sensor measurements for future research is the ongoing development of new and improved
sensors. Steeneveld et al. (2009) showed that whether a cow was
sick or not, the color of milk, and the SCC from the 3- to 4-weekly
Dutch national milk recording system were cow information
sources that contributed signiﬁcantly in the prediction for Gramstatus or in the prediction of the CM causal pathogen itself. All
these three aspects can be measured by sensors not used in the
current study or by improved sensors compared to the ones used
in the current study. For example, infrared thermography and sensors estimating SCC on-line are sensors that have been used for
mastitis detection in previous research (e.g., Berry et al., 2003;
Kamphuis et al., 2008b; Polat et al., 2010) and recent work from
Song et al. (2010) indicated that the use of a new generation of color sensors (measuring LED transmittance) is expected to improve
the detection of CM. So although the decision tree developed in
the current study performed poorly on data from the test set, it
could very well be that other sensors than used in the current
study are able to contribute to predict the Gram-status or CM causal pathogens. And if such a Gram-status or CM causal pathogen
predicting model becomes applicable in practice, this could affect
the dairy farmer’s choice on antimicrobial treatment. For example,
a dairy farmer in practice being confronted with a quarter with an
extreme high probability estimate for being a Gram-negative CM
case (e.g., >0.90), might better start a supportive treatment to relieve the cow of systemic signs with ﬂuids and other supportive
care than to start an antimicrobial treatment (Pyörälä and Pyörälä,
1998; Erskine et al., 2003). If a reduction of antimicrobials used in
the dairy industry is induced, the real or perceived concerns about
antimicrobial use as a human health hazard by the regulatory sector and the milk consuming public may be reduced. Future work
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should include other sensors and more CM cases to develop a more
robust decision tree for Gram-status prediction.
5. Conclusion
A decision tree for predicting the Gram-status of CM causal
pathogens showed a kappa of 0.76 and an accuracy of 90.6% for
the training set. The kappa value and accuracy decreased to
0.20 and 54.5%, respectively, when the decision tree was validated with data from the test set. These ﬁgures indicate that the
developed decision tree was not a robust one. A similar result
was found for a model predicting the CM causal pathogen itself:
the kappa value and accuracy were 0.12 and 27.9% based on data
from the test set. Based on these results, it is concluded that decision-tree induction in conjunction with sensor information from
the electrical conductivity, color, and milk yield provides insufﬁcient discriminative power to predict the Gram-status or the CM
causal pathogen itself.
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