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Dairy herds continuously generate on-farm data that have a high potential for 
decision making support. However, variability among herds can be high and it can 
be, therefore, challenging for dairy producers and extension services to interpret farm 
records and identify best management practices. In this observational study, we used 
DHI data to identify the main factors explaining the overall herd performance for 71 
commercial Holstein herds in New Brunswick, Canada. A machine learning approach 
was used to generate high-level recommendations as well as detailed herd-specific 
recommendations. Enrolled farms were equipped with a parlour (n = 31), pipeline (24) or 
automatic (16) milking system. Herd performance records from September to December 
2020 were assembled from a DHI database and included 71 indicators related to 
production, reproduction, health, and longevity. Herds were segmented based on their 
overall herd performance using hierarchical clustering based on principal components. 
The principal components were used primarily as pre-processing step to de-noise the 
data and to balance the influence of the similar DHI records. In-dept analysis of clusters 
was conducted using decision tree induction with the aim to generate an interpretable 
on-farm decision making tool. Three herd clusters were identified and consisted of 
low overall herd performance across all DHI indicators (Cluster 3; n = 17), a medium 
overall herd performance but high longevity (Cluster 1; n = 36), and high overall herd 
performance but with a concomitant low longevity (Cluster 2; n = 18). Decision tree 
induction further allowed to identify the most important DHI indicators explaining the 
adherence of a herd to one of the three clusters. This ultimately allowed to establish 
high-level recommendations and visualize which performance indicators a herd might 
want to focus on to improve overall herd performance. For instance, low performing 
herds were observed to be mainly driven by a low reproduction performance. In addition, 
single predictions of the decision tree algorithm were fitted with a local interpretable 
model. This latter approach allowed to add interpretability to the decision tree model 
and generate dynamic herd-specific recommendations for each farm. In conclusion, 
the results suggest that mining DHI data can give a valuable insight into best herd 
management practices and can be used to highlight opportunities for improvements. 
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Dairy herds continuously generate on-farm data that have a high potential for decision 
making support. However, variability among herds can be high and it can be, therefore, 
challenging for dairy producers to interpret farm records and identify best management 
practices. In addition, on-farm data from dairy herd improvement (DHI) records are 
typically complex, incomplete, variable over time, and correlated to each other. With 
such datasets, traditional inferential statistical methods often perform poorly (Heald 
et al., 2000). A machine learning approach might be more suitable for DHI data as 
these types of algorithms provide more flexibility with incomplete data and generally 
handle better interactions among predictors and non-linear relationships (Abbot, 2014). 
Unsupervised machine learning algorithms such as clustering are typically used to find 
hidden patterns in complex and large datasets, whereas supervised machine learning 
algorithms are typically used for generalized predictions. In addition, machine learning 
is particularly suitable for field applications as it can be implemented and automated for 
field applications (Dominiak and Kristensen, 2017). As such, a combined unsupervised 
and supervised machine learning approach was used in the present study to find 
groupings in data originating from the dairy herd population in New Brunswick, Canada, 
and to identify management practices of high performing dairy herds as opposed to other 
dairy herds for decision making support to improve herd performance and profitability. 

A total of 89 dairy herds across New Brunswick for which DHI records are routinely 
collected were initially included in the study. Only herds predominantly composed of 
Holstein cows (71 herds) were considered for further analysis as herd management 
was likely influenced to a large degree by the breed. Among these, 31 herds had a 
parlour, 24 herds had a pipeline, and 16 herds had an automatic milking system. Each 
participant received free access to the Lactanet service for transition management 
(Transition Cow Index; Nordlund, 2006) and subclinical ketosis screening (Foss, 
2009) during the entire length of the study period which were used as input data in 
the prediction model. 

Test day records were collected and included 12-month average data on herd 
demography, production, longevity, and reproduction based on the last test records 
registered between September and December 2020. Data was cleaned to remove 
implausible values and outliers by removing the 1st and 99th percentile. Originally 71 
variables were considered for data analysis. Variables missing at random were imputed 
using a random forest approach as described in van Buuren (2012), which generally 
handles well complex and inter correlated data in the presence of missing cases 
(Tang and Ishwaran, 2017) as it the case for DHI data. Data not missing at random 
(bodyweight, milk urea nitrogen records) were omitted from the analysis. 

Management practices were collected through an online survey administered by 
Lactanet technicians and advisors. The survey was previously developed and applied 
to collect data on approximately 2300 Quebec dairy herds with questions pertaining to 
the building, housing, feed bunk and feeds, bedding, cleaning, milking system, footbath, 
hoof trimming, exercise and pasture, calving, and drying off management (Lactanet, 
2021). Among the 71 Holstein herds in New Brunswick, 42 completed the survey and 
were thus considered for analysis. Amongst these, 23 herds had a parlour, 22 herds 
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a pipeline, and 12 herds an automatic milking system. The survey was completed 
between March 2020 and April 2021. 

To identify the best management practices, herds were clustered into similar groups 
based on the overall herd performance using their respective test day DHI records by 
means of agglomerative hierarchical clustering on principal clustering (HCPC) using 
the FactoMinerR package in R (version 3.5.0; R Foundation for Statistical Computing, 
Vienna, Austria) of Le et al. (2018). Computation of the principal components was 
thereby done as pre-processing step to de-noise the data and to balance the influence 
of several groups of variables. 

Differences in the DHI records among the identified clusters were first evaluated 
through a mixed effect linear regression with cluster considered fixed and milking type 
considered random using the lmerTest package (Kuznetsova et al., 2017). 

The cluster output was investigated in more detail through a decision tree approach 
with the aim to predict the adherence to one of the three groups with the DHI indicators 
and identify the most meaningful indicators explaining the difference between the high, 
medium, and low performant herds. Decision tree induction was conducted through a 
CART classification tree as described in Breiman et al. (1984) using the caret modelling 
package workflow of Kuhn (2008). This approach allows to compute a tree-structured 
classification containing a collection of decision rules (represented by the tree branches) 
and cluster predictions (represented by the terminal node of a branch). Its simple and 
interpretable structure as well as its ability to compute decision rules in the presence 
of missing values using surrogate variables (i.e., substitutes for the primary splitter of 
a node when the primary splitter is missing; Rokach and Maimon, 2005) makes it an 
interesting tool for future field applications. 

Prior to applying a decision tree algorithm, collinearity was checked to remove variables 
with a Spearman correlation coefficient above 0.60 as multicollinearity could lead to 
over-fitting, resulting in 19 final variables. The optimal model hyperparameters for the 
tree size (complexity parameter) were evaluated through a random search using a 
5-fold cross-validation. 

The global variable importance scores, that is the variables contributing most to 
the model development, were extracted based on the sum of the reduction in the 
loss function (information gain) attributed to each variable at each split. The model 
response was illustrated through an alluvial diagram for the variables with the higher 
global importance score. The variables were thereby normalized to a mean of 0 and 
a standard deviation of 1. Additional model agnostics based on the LIME approach 
(Local interpretable model-agnostic explanations; Ribeiro et al., 2016) were run to 
extract local variable importance scores, which allow to interpret the model outcome 
for each participating herd. 

The survey data were analysed using a Fisher’s test on the cluster output. The 
Fisher’s test was preferred over the more commonly used chi-squared test due to the 
small sample number and failing to comply with the strict requirements of the latter 
(e.g., expecting a frequency never smaller than 1 and a frequency of 5 or more for at 
least 80% of the output cells). A list of promising management practices known to affect 
herd performance has been elaborated and presented to the participating producers. 
However, as the findings were statistically inconclusive due to the low response rate 
and large variability observed among the participating herds leading to an overall non-
significant P-value (> 0.10), results from the survey are not shown here. 

Data analysis
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Each participant received a customize report with benchmarks for DHI records 
previously identified using decision tree induction as well as for some relevant 
management practices via a parameterized R markdown report (version 1.1.; Allaire 
et al., 2019) and were directly sent to the respective participant from the RStudio user 
interface via the utility package mailR (version 0.4.1; Premraj, 2015). 

Three cluster were identified based on the herd DHI records and labelled as high, 
medium, and low overall herd performance. A detailed cluster description is shown in 
Table 1 for variables that differed significantly (P < 0.05) among clusters. The herd size 
did not differ significantly among the clusters (P = 0.076) but was somewhat higher 
for the Medium performance cluster due to a higher number of herds equipped with 
a milking parlour. The Low performance cluster did not contain any herds equipped 
with an automatic milking system. However, herds pertaining to the High performance 
cluster were not driven mainly by a specific milking system. 

The cluster analysis suggested that the High performing herds were also the herds with 
the highest milk performance, milk value (mainly based on milk yields and components) 
and genetic potential. The somewhat higher genetic potential for energy-corrected milk 
for the Medium performant herds implies that some herds in this cluster do not exploit 
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Table 1. Cluster description for overall herd performance. 
 

  Cluster  
Variable High Medium Low 
Number of herds 18 36 17 
Herd size (median) 75.2 97.2 75.0 
Milking system (number of herds)    

Automatic 6 10 0 
Parlour 6 17 8 
Pipeline (tie stall) 6 6 9 

Production1    
kg ECM 10,996 9,909 8,468 
kg fat 442 397 339 
kg protein 361 328 277 
Milk value (CAN$) 8,032 7,188 6,127 
Genetic index for ECM 414 440 255 

Reproduction and health1    
Transition Cow Index2  426 260 −173 
Calving interval 405 403 451 
Days to first breeding 82 81 100 
Age at first calving 25.6 25 30 
Days dry 67 63 71 
% cows with SCC > 200,000 12.4 14.8 18.4 

Longevity1    
% involuntary culled 29 16 23 
% cows dead 4.7 2.8 5.3 
% cows left 44 30 35 
% cows left at 60 DIM 8.3 5.2 7.3 
% cows left for reproduction 8.8 4.6 5 
% cows left for feet problems 3.7 1.9 4.2 
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their genetic potential to the fullest as suggested by their lower milk performance and 
milk value. In addition, the High performing had the best transition cow management 
and a high reproduction performance. This further highlights the importance to pay 
attention to the non-producing cows and heifers within a herd. Nonetheless, these 
herds had a high involuntary culling rate and deficiencies in early lactation, in particular 
compared to the Medium performance cluster indicating a potential for improvement. 

Using a decision tree approach, the most important variables were identified that 
explain the adherence of a herd to either the High, the Medium and Low performing 
herd cluster (Figure 2). The top performing herds could be predicted via a low calving 
interval, low age at first calving, high involuntary culling rate, high energy-corrected 
milk yield, high turnover rate and percentage of cows left, and an excellent transition 
cow management. The decision tree suggested that the contribution of the genetical 
potential was low overall suggesting that some lower performing herds might not fully 
exploit their genetic potential. 

Using a model-agnostic approach, the model predictions were investigated in more 
detail. For a randomly selected herd (herd 61 in Figure 2), we noticed a high calving 
interval, suboptimal transition management and low turnover rate which were in line 
with other Low performing herds. However, its genetic potential was overall within the 
top 50% herds and thus considerably higher than that of its peers, suggesting that 
herd 61 does not fully exploit its high genetic potential. This approach allows therefore 
to investigate the decision rules for each individual herd and can help with decision 

Figure 1. Model response, as shown by an alluvial diagram with predicted cluster adherence as 
affected by the most important predictors ranked by their variable importance score. Nodes on 
the left denote the Medium (1), High (2), and Low (3) performance cluster; nodes for predictors 
with respective means were fixed to five nodes based on the frequency distribution (y-axis).  
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making by highlighting possible similarities or discrepancies among herds within the 
same cluster and by pinpointing to potential deficiencies for a producer to focus on. 

The findings presented here suggest that mining DHI data can give a valuable insight 
into best herd management practices and can be used to highlight opportunities for 
improvements. DHI records have a high potential for decision making support. Due 
to the type of records at hand, a more flexible approach using machine learning is 
recommended to deal with the large data volume and variety. Clustering allowed to 
identify 3 main herd clusters based on the overall herd performance using DHI data. 
High performing herds differentiated themselves from low performing herds mainly by 
adopting an optimal transition management, overall good reproduction performance and 
high attention given to the non-producing animals despite a potential for improvement 
in early lactation management. Decision tree induction further allowed to identify the 
most important DHI indicators explaining the adherence of a herd to one of the three 
clusters. This ultimately allowed to establish high-level recommendations and visualize 
which performance indicators a herd might want to focus on to improve overall herd 
performance. A local interpretable model fitted to single decision tree predictions 
allowed to add interpretability to the decision tree model and help with decision making 
by highlighting specific possible deficiencies within a herd. 

Figure 2. Contribution of variables of a randomly selected herd 
pertaining to the Low performing cluster (Cluster 3) based on a 
model agnostic approach.  

Conclusion 
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