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Abstract

The aim of the present study was to illustrate the predictive 
performance of random forest (RF) used for dystocia detec-
tion in dairy cattle. A total of 1,342 and 1,699 calving records 
of Polish Holstein-Friesian Black-and-White heifers and cows 
were used. Five or ten predictor variables were included in 
the RF models for heifers and cows, respectively. The output 
variable was calving class. The proportion of correctly detec-
ted easy, moderate and difficult calving events in heifers on 
the independent test set was 39.64 %, 57.39 % and 83.64 %, 
respectively. The total accuracy was recorded as 60.12 %. The 
corresponding values for cows were 69.39 %, 67.61 %, 0 % 
and 66.04 %. The most significant predictors for heifers were 
sire’s rank and calving age, whereas those for cows additio-
nally included: daily milk yield for the preceding lactation 
and the length of calving interval. The RF model developed 
in the present study was characterized by a high percentage 
of correctly diagnosed difficult calving events in heifers. 
However, it was completely unable to correctly detect  
dystocia in cows. The use of more influential predictor varia-
bles for cows in future research is especially important.

Keywords: data mining, calving, dairy cow, dairy heifer, detec-
tion, gains chart

Zusammenfassung

Nutzung von Random Forest zur  
Detektion der Dystokie bei Milchvieh

Ziel der Arbeit war, die Vorhersageleistung des Random 
Forest Klassifikationsverfahrens (RF) zur Erkennung der Dys-
tokie beim Milchvieh darzustellen. Zu diesem Zweck wurden 
entsprechend 1342 und 1699 Aufzeichnungen über das Ab-
kalben von Färsen und Kühen der polnischen, schwarz- 
weißen Holstein-Friesian Rasse ausgewertet. In den RF-
Modellen für Färsen und Kühe wurden entsprechend fünf 
bzw. zehn Prädiktoren berücksichtigt. Die Ausgangsvariable 
war die Klasse des Abkalbens. Das Verhältnis der erkannten 
leichten, moderaten und komplizierten Kalbungen von  
Färsen betrug beim unabhängigen Test-Set entsprechend 
39,64 %, 57,39 % und 83,64 %. Die allgemeine Treffgenauig-
keit erzielte den Wert von 60,12 %. Die entsprechenden  
Werte für Kühe waren 69,39 %, 67,61 %, 0 % und 66,04 %. Die 
am meisten signifikanten Prädiktoren für das Abkalben der 
Färsen waren: die Klasse der Bullen und das Alter des Abkal-
bens. Dagegen umfassten die wichtigsten Prädiktoren beim 
Abkalben von Kühen zusätzlich die täglichen Milchertrag in 
der vorherigen Laktation und das Intervall zwischen den Kal-
bungen. Das eingesetzte RF-Modell zeichnete sich durch 
einen hohen Prozentsatz korrekt diagnostizierter kompli-
zierter Kälbungen bei Färsen aus. Jedoch war dieses Modell 
völlig ungeeignet, Dystokie bei Kühen zu erkennen. Die Nut-
zung einflussreicherer Prädiktoren für Kühe ist besonders 
wichtig für zukünftige Forschung.

Schlüsselworte: Data-Mining, Abkalben, Milchkuh, Milchfärse, 
Detektion, Gewinndiagramm
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1  Introduction

Dystocia (difficult calving) in cattle results in many adverse 
consequences (Mee et al., 2011; Rutten et al., 2017). These 
include: the loss of animals, reduced productive and repro-
ductive performance and compromised animal welfare, all of 
which generate increased labor and veterinary costs con- 
tributing to lower farm incomes (Kumar et al., 2017; Martin-
Collado et al., 2017). Moreover, approx. half of severe  
dystocic parturitions result in stillbirths and calves born from 
difficult calving are 1.5 times more likely to develop different 
diseases during the first 120 days of life (Kovács et al., 2017; 
Rutten et al., 2017). The recent estimates of dystocia preva-
lence in various counties (Miedema et al., 2011) reflect that it 
typically ranges between 2 and 7 %; however, it is higher in 
the USA (around 13 %). The risk of dystocia is influenced by 
two main components: direct (associated with the traits of 
the calf such as its body size, hormonal balance, body weight) 
and maternal (associated with the traits of the dam such as 
pelvic measurements, expression of maternal behavior, re-
sponsiveness to parturition signaling etc.) (Martin-Collado et 
al., 2017; Rutten et al., 2017). Taking into account the nega-
tive sequels of dystocia, the prediction of its occurrence is 
very beneficial in animal production practice. Such a predic-
tion is possible with the use of more sophisticated statistical 
models, especially those from the field of data mining.

One of the powerful data mining classification methods, 
developed on the basis of decision trees, is a random forest 
(RF) (Breiman, 2001), especially suited for the datasets contai-
ning many predictors. It is often considered as an improve-
ment over the classification and regression trees (CART) 
algorithm, which, in its basic form, uses only a single tree to 
generate the final prediction of an output (response) variable 
(Naidoo et al., 2012). In the case of RF, many decision trees are 
constructed using a random selection of training records and 
a subset of predictor variables at each iteration. The final pre-
diction of the values of the output variable is based on 
voting, performed by all the component trees in the model. 
Thus, prediction accuracy can be increased (Grossmann et al., 
2010). There are two main sources of randomization in the RF 
growing procedure: the first one results from the bootstrap 
sampling of the training data set and the second one arises 
from the random subsampling of the predictor variables at 
each node (Brieuc et al., 2015). Moreover, in order to addi-
tionally decrease the probability of model overfitting, the  
whole data set is randomly divided into a training and valida-
tion set, both of which are employed to estimate a classifica-
tion error. The addition of new trees to the model stops when 
the error on the validation set starts rising (Nisbet et al., 
2009). The recent applications of RF in cattle farming include: 
the prediction of calving events in Holsteins from automati-
cally recorded data (activity, lying, and rumination) (Borchers 
et al., 2017), the prediction of bull behavior on multiple-sire 
pastures from accelerometer data (Abell et al., 2017), the pre-
diction of behavioral states (walking, grazing, and resting) in 
Swiss dairy cattle from the global positioning system data 
(Homburger et al., 2014) as well as health status (mastitis, 
reproductive, and metabolic disorders) in dairy cows (Gaddis 

et al., 2016). In addition, RF was used for the identification of 
bovine viral diarrhea virus (Machado et al., 2015), Fasciola 
hepatica infections in European dairy herds (Selemetas et al., 
2015), detection of estrus in Holstein cows based on sensor-
recorded data (Dolecheck et al., 2015), and bovine spongi-
form encephalopathy (Menze et al., 2007). Finally, RF was  
utilized for the classification of bull semen samples from 
several chemically determined elements (Aguiar et al., 2012).

Therefore, the aim of the present study was to illustrate 
the predictive performance of RF used for dystocia detection 
in dairy cattle.

2  Materials and methods

A total of 1,342 and 1,699 calving records of Polish Holstein-
Friesian Black-and-White heifers and cows were used. The 
data were collected between the years 2002 and 2013 from 
four commercial dairy farms located in the West Pomeranian 
Province. The animals were kept in free-stall barns and fed a 
total mixed ration. An initial set of 1,656 and 2,136 calving 
records (for heifers and cows, respectively) was reduced after 
editing for missing and erroneous values and outliers. The  
following predictors were included in the RF model for heifers: 
X1 – AGE – calving age (in months), 
X2 – SIRE – the rank of the heifer’s sire based on the mean  
 calving difficulty scores of its daughters (in scores), 
X3 – FARM – the category of the farm where the heifer was   
 kept based on its average milk production 
 (lower: <10,200 kg milk or higher: ≥10,200 kg milk), 
X4 – SEASON – calving season (autumn-winter from October  
 to March and spring-summer from April to September), 
X5 – SEX – calf sex (male, female). The RF model for cows 
 additionally included: 
X6 – DMY – the mean daily milk yield for the preceding  
 lactation (in kg), 
X7 – CIN – preceding calving interval (in days), 
X8 – LACT – lactation number, 
X9 – PDIF – preceding calving difficulty (easy, moderate or  
 difficult), 
X10 – MAST – udder diseases during pregnancy. 

The sire’s rank (SIRE) was calculated after the identifica-
tion of each sire’s daughters from each of the four farms. The 
original calving difficulty scores (on the scale from 1 to 5) of 
the sire’s daughters were then averaged; and the sires were 
ranked according to an increasing average calving difficulty 
score (with the lowest rank indicating the sire with the  
easiest calving events, and the highest rank indicating the 
sire with the most difficult calving events). Farm category 
(FARM) was determined using the k-means clustering 
method. Two farms were assigned to the lower category and 
two farms to the higher one. The response (output) variable 
Y was calving difficulty class (easy, moderate and difficult). In 
order to allow comparisons with previous studies that utilized 
only two categories of calving difficulty, an alternative scoring 
including two classes (easy/moderate vs. difficult) was also 
used in the present work. A more detailed description of the 
dataset is presented elsewhere (Zaborski et al., 2017, 2016).
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Before the stage of model construction, the whole data set 
was randomly partitioned into a training set (L; 1,006 and 
1,275 records for heifers and cows, respectively) for model 
construction and a testing set (T; 336 and 424 records for  
heifers and cows, respectively) for the objective verification 
of its predictive performance. In the construction of the RF 
model, equal costs of misclassification and the a priori pro-
babilities estimated from the training sample were em- 
ployed. The number of predictor variables randomly selected 
for individual splits in the component trees of the RF model 
was three for heifers and four for cows. The proportion of  
training cases (calving events) used for growing single trees 
was 50 % both for heifers and cows. The component trees 
were added to the model until reaching the lowest fraction 
of misclassification on the validation set (30 % calving records 
separated from the training set and used to prevent over- 
fitting).

In order to better depict the predictive performance of 
the RF models, cumulative gains charts were also plotted. 
These plots called sometimes “banana charts” display the 
relationship between cumulative gains (the proportion of 
calving records from a distinguished category among all the 
records belonging to this category) and the percentage of 
records predicted by the model to belong to this category in 
the whole test set (Burez and Van den Poel, 2009). The diago-
nal line crossing the (0,0) and (1,1) points (the baseline) 
reflects a “random” model or, in other words, no model at all, 
whereas the curves located further above from this baseline 
are preferred [the closer the curve to the (0,1) point, the  
better the model: the banana is then “fatter”] (Ha et al., 2005). 

Finally, the importance analysis was conducted to show 
the most influential predictor variables. As a result of the RF 
model building, the importance scores for individual predic-
tor variables were obtained. These scores may be inter- 
preted in a similar way as the p-values from statistical tests 
(although in an opposite direction – the higher the score, the 
more important a given variable) and used for the ordering 
of predictor variables according to their relative importance 
to the RF model (Yao et al., 2013). All the statistical computa-
tions were performed using Statistica software (v. 13, Dell 
Inc., Tulsa, OK, USA).

3  Results

3.1 Model quality
The final RF model for heifers consisted of 680 component 
trees. The percentage of correctly diagnosed easy, moderate 
and difficult calving events on the L set was 45.73 %, 62.60 %, 
77.60 %, respectively. The total accuracy (the proportion of 
correctly indicated calving events from all classes) was 
61.83 %. In the case of only two classes of calving difficulty, 
the proportion of correctly classified easy and difficult  
calving events in heifers was 92.31 % and 65.93 %, respec-
tively, and the overall accuracy was 84.00 %. The final RF 
model for cows comprised 520 individual trees. The propor-
tion of correctly classified easy, moderate and difficult  
calving events on the L set was 68.09 %, 72.88 % and 0 %, 

respectively. The total accuracy was 68.31 %. In the case of 
only two classes of calving difficulty, the proportion of  
correctly classified easy and difficult calving events in cows 
was 100 % and 0 %, respectively. Consequently, the overall 
accuracy for the two-class system was 96.63 %.

3.2 Predictive performance
At the next stage of the present study, both models (for  
heifers and cows) were verified on the independent T set. The 
proportion of correctly detected easy, moderate and difficult 
calving events in heifers was 39.64 %, 57.39 % and 83.64 %, 
respectively. The accuracy was 60.12 %. In the case of only 
two classes of calving difficulty, the proportion of correctly 
identified easy and difficult calving events in heifers was 
86.28 % and 70.91 %, respectively. The overall accuracy in this 
case was 81.25 %. The percentage of correctly detected easy, 
moderate and difficult calving events in cows was 69.39 %, 
67.61 %, and 0 %, respectively, with a total accuracy of 
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Figure 1  
The cumulative gains chart for calving difficulty in heifers

Figure 2  
The cumulative gains chart for calving difficulty in cows
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66.04 %. In the case of only two classes of calving difficulty, 
the proportion of correctly identified easy and difficult  
calving events was 100 % and 0 %, respectively. The overall 
accuracy for the two-class system was 96.46 %. The cumula-
tive gains charts for heifers and cows (for the three categories 
of calving difficulty) are presented in Figure 1 and 2, respec-
tively.

3.3 Predictor importance
The importance of individual predictors for heifers and cows 
is shown in Figure 3 and 4, respectively. The most influential 
predictor variables for heifers were SIRE and AGE and those 
for cows included: SIRE, AGE, DMY and CIN. The rest of them 
were of much lower importance.

Figure 3  
Predictor importance for the random forest model in heifers

4  Discussion

The quality of the RF model for heifers obtained in the  
present study was moderate (accuracy of approx. 62 %). 
However, the fact that it predicted dystocia cases most pre-
cisely (approx. 78 % correctly classified cases) is especially 
noteworthy. Almost the same accuracy was reported by 
Piwczyński et al. (2013) who applied CART and CHAID to  
calving difficulty classification (with four categories) in Polish 
Holstein-Friesian Black-and-White cows. Comparable out-
comes (accuracy ranging from 50 to 60 %) were also reported 
by Johnson et al. (1988) who used discriminant function ana-
lysis for calving difficulty prediction (five classes) in Hereford 
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Figure 4  
Predictor importance for the random forest model in cows

heifers. The final value of this probability in the cited study 
depended on the set of predictor variables (prebreeding or 
precalving) included in the model and the number of calving 
difficulty classes. It amounted to approximately 86 % in the 
case in which only two classes of calving (normal vs. difficult) 
were considered. This value was obviously much higher com-
pared to the value obtained in the present work for the 
model with three classes. But the RF model containing the 
binary response variable (easy/moderate vs. difficult) used in 
the present study to allow comparisons with other studies 
had almost the same accuracy (84 %). Also, Arthur et al. 
(2000) reported higher accuracy (85 to 92 %) in their study on 
dystocia detection in Angus heifers by means of discriminant 
function analysis. However, this result was achieved for only 
two classes of calving difficulty (easy or difficult). When com-
pared to the model with two calving categories in our study 
(accuracy equal to 84 %), this outcome was very similar to 
ours. The quality of the model for cows (accuracy on the L set 
equal to approx. 68 %) in the present work was slightly better 
than that for heifers but, in general, it was also moderate. Like 
for heifers, its value was similar to that (62 %) reported by 
Piwczyński et al. (2013). A very negative result recorded in 
our study was the total inability of the RF model to appro-
priately diagnose difficult calving events in cows. It could 
have been caused by the very low frequency of such records 
in the data set (approx. 3 %). 

At the next stage of the present work, the predictive per-
formance of the RF models for heifers and cows was con- 
firmed on the independent T set, whose calving records had 
not been used previously during the model development 
phase. The moderate abilities of the constructed models to 
correctly indicate calving events from three groups observed 
on the L set were, in general, confirmed on the T set. And so, 
the accuracy of RF for heifer calving events (approx. 60 %) 
was markedly lower than the values (73 to 90 %) reported by 
Arthur et al. (2000). However, the ability of the discriminant 
function model described in the cited study to correctly in-
dicate difficult calving events (expressed as sensitivity) was 
relatively low (0 to 40 %), whereas in the present work, the 
proportion of properly detected dystocic records in heifers 
on the T set was much higher (about 84 %), which is espe-
cially noteworthy. On the contrary, the percentage of cor-
rectly classified easy calving events (specificity) in the study 
by Arthur et al. (2000) ranged from approx. 80 to 100 %, while 
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the percentage of properly identified easy and moderate  
calving events in heifers in our work was considerably lower 
(about 40 and 57 %, respectively). Direct comparisons can be 
much easier if the model with only two classes of calving  
difficulty is used. In this case, the accuracy in the present  
study was 81.25 %, which is similar to that reported by Arthur 
et al. (2000). Sensitivity and specificity for the two-class  
system in the present work were 70.91 % and 86.28 %, re-
spectively, so the ability of the RF model to correctly detect 
difficult calving events in heifers was almost twice higher 
than that obtained by Arthur et al. (2000), whereas its effec-
tiveness in indicating easy deliveries was comparable. The 
overall predictive performance of the RF model for cows 
developed in our study, and evaluated on the T set, was very 
similar to its quality determined on the L set (accuracy equal 
to 66 % and 68 %, respectively). Also in this case, the model 
was completely unable to detect difficult calving events in 
cows.

To better demonstrate the predictive performance of the 
generated models, their ability to correctly indicate calving 
events from the three distinguished categories was pre- 
sented in the form of cumulative gains charts. As can be  
seen from Figure 1, RF for heifers most accurately detected  
difficult calving events. The results were somewhat worse for 
moderate and easy calving events. Almost opposite  
outcomes were obtained for the calving events in cows 
(Figure 2), for which the RF model most accurately indicated 
easy calving events, slightly less accurately moderate calving 
events and the least precisely difficult ones, although the  
difference in cumulative gains between calving categories 
depended on the proportion of records predicted by the 
model in the test set. 

The last part of the present work was the determination 
of the most influential predictor variables affecting the class 
of calving difficulty. SIRE and AGE were the most important 
predictors for heifers. Dam’s sire affects calving difficulty in a 
more complex way than does calf’s sire. First of all, it con- 
tributes its own genes (indirectly) to the calf genotype in- 
fluencing traits linked to direct calving difficulty such as calf 
size and birthweight. In addition, it transmits its genes to the 
dam genotype affecting traits associated with maternal  
calving difficulty such as dam’s pelvic dimensions, its pre-
paration for calving and its effect on calf size. Both genetic 
components (direct and maternal) are considered to be addi-
tive. Usually, direct heritability is estimated to be higher (0.03 
to 0.17) than maternal heritability (0.02 to 0.12) (Vanderick et 
al., 2014). As far as the relation between the sire’s effect and dys-
tocia is concerned, Mee et al. (2011) found a significant relation-
ship between sire‘s predicted transmitting ability for maternal 
calving difficulty and the probability of assisted delivery. The 
strength of this association depended on factors such as dam‘s 
parity and calf sex. It was higher for the cows in their first or 
second parity and those giving birth to male calves. The logit of 
the probability of an assisted calving rose by 0.17 and 0.13 per 
unit increase in the predicted transmitting ability for maternal 
effect at the first and second calving, respectively, and ranged 
from 0.11 to 0.14 for higher parities, whereas the respective 
values for male and female calves were 0.17 and 0.11.

The next important predictor variable for heifers was AGE. It 
is well known the largest difference in calving difficulty is 
found between heifers and higher-parity cows (Atashi et al., 
2012), although in a study by Kumar et al. (2017), parity did 
not affect dystocia rate in Frieswal cattle, which was approx. 
1.2 % in the first parity and 0.5 to 1.9 % in higher parities. In 
different European countries, 3 to 22 % heifers suffer from 
dystocia (Martin-Collado et al., 2017). Animals with inappro-
priate calving age (both too young and too old) and body 
condition at calving are more prone to dystocia than their 
herdmates with the optimum values of these traits (Ettema 
and Santos, 2004). Simerl et al. (1991) investigating five dairy 
breeds (mainly Holstein and Jersey) in the USA found that 
dystocia was more frequent in the young (less than 24 
months of age) and old (more than 27 months of age) heifers, 
thus indicating a curvilinear relationship between age at  
calving and dystocia incidence. In general, the optimal age at 
first calving in dairy heifers is 22 to 27 months (approx. 24 
months, on average) (Mee et al., 2014), although Berry and 
Cromie (2009), investigating seasonally calving Holstein- 
Friesian heifers in Ireland, proposed 25 to 27 months as an 
adequate age with respect to calving ease. In their study, 
22-month-old heifers had a higher risk of calving assistance 
than 24-month-old ones, whereas heifers calving at 25 to 27 
and 35 months of age had a lower risk of such assistance 
compared with the animals calving at 24 months of age. Also, 
the work by Moussavi and Mesgaran (2008) on the age at first 
calving in Iranian Holsteins reflected that its mean value was 
27.2 months and it significantly influenced the risk of dysto-
cia, which decreased with an increasing calving age. An 
increased probability of difficult calving events in young  
animals (less than 24 months of age), especially giving birth 
to male calves, is mainly attributable to insufficient pelvic 
area since calf size in these cases does not vary much be-
tween calving events (Mee et al., 2014). On the other hand, 
dystocia in Holstein heifers was also related to the higher age 
at first calving (2 vs. 3 years old) but this relationship resulted 
from an excessive body condition score at calving associated 
with growth potential and sexual precocity in Holsteins 
(Cutullic et al., 2009). As indicated by Thompson et al. (1981), 
there is a large genetic correlation (equal to approx. 0.84) 
between dystocia at first and subsequent parturitions. 
Moreover, dam’s age at first parturition markedly affected 
genetic correlations between direct and maternal effects for 
calving difficulty in Holstein heifers (Hickey et al., 2007). 
Finally, it should be mentioned that some authors (Bazzi, 
2010; Yıldız et al., 2011) did not report any significant rela-
tionship between calving age and difficulty.

In the case of cows, two more predictor variables were 
also quite influential in determining calving difficulty class. 
The first one was DMY; however, its effect on the risk of  
dystocia has not been clearly confirmed so far. In the review 
by Ingvartsen et al. (2003), no significant relationship be-
tween previous milk yield and an increased incidence of dif-
ficult calving events was reported, although this conclusion 
was only found based on three studies. But according to the 
cited authors, an elevated dystocia risk in cows of high milk 
yield seems unlikely. However, at the genetic level, a recent 
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study by Salimi et al. (2017) on Iranian Holsteins revealed 
favorable but differing in magnitude (from -0.99 to -0.20) 
genetic correlations between dystocia score and 305-day 
adjusted milk yield for direct effects. The second important 
variable for cows was CIN. In the study by Fiedlerová et al. 
(2008), a statistically significant linear relationship was ob-
served between the length of preceding calving interval and 
the probability of dystocia at subsequent parturition. It 
raised with an increasing CIN but, as reported by the authors, 
it could be markedly reduced by appropriate mating and 
avoidance of delayed services. In most other studies, an 
opposite relation is frequently described, i.e. a negative 
effect of dystocia on fertility (McHugh et al., 2011). Again, at 
the genetic level, Salimi et al. (2017) found unfavorable but 
low (approx. -0.06) genetic correlation between dystocia and 
CIN for the direct effects in Holsteins, whereas Muir et al. 
(2004) observed a positive genetic correlation (approx. 0.21) 
between heifer’s calving difficulty and CIN between the first 
and second parturition. Also, small negative genetic correla-
tions (equal to -0.03 to -0.05) were obtained for direct effects 
between calving difficulty and the number of days open, 
which is associated with CIN (Lee et al., 2003; Salimi et al., 
2017).

5  Conclusions

The random forest model developed in the present study 
was characterized by a high percentage of correctly detected 
difficult calving events in heifers. However, it was completely 
unable to correctly detect dystocia in cows. Therefore, further 
improvement of its predictive performance (especially in 
terms of easy and moderate category in heifers and difficult 
category in cows) is necessary. This can be achieved by the 
use of more influential predictor variables in future research. 
The most important predictors of calving difficulty in heifers 
identified in the present study were sires’ rank and calving 
age, whereas in cows these additionally included daily milk 
yield and the length of calving interval. 
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