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A B S T R A C T

Traditional clustering algorithms have often been used to categorize farmers but tend to overlook 
the underlying reasons for these groupings. Typically, clusters are formed based on common 
metrics such as dispersal and centrality, which provide limited insights into the relationships 
among key attributes. This study introduces an innovative approach using pattern and association 
rules analysis to better understand the characteristics of dairy production clusters. Focusing on 
Tanzanian smallholder farmers, the research moves beyond identifying clusters to uncovering the 
hidden relationships within them. Through pattern analysis, the study logically examines the 
behavioral mechanisms that define these clusters, highlighting service gaps that, if addressed, 
could enhance smallholder dairy farmers’ productivity. Frequent patterns with support ranging 
from 57 % to 93 % and confidence levels between 85 % and 100 % were identified, revealing 
critical challenges faced by these farmers. For instance, farmers using Artificial Insemi-
nation—typically younger or new entrants—face constraints related to farm size, land holdings, 
fodder production, lack of farmer groups, and insufficient formal training in dairy care. Mean-
while, seasoned farmers deal more with institutional barriers such as limited access to market-
places, extension services, and distant water sources. The study highlights the diverse challenges 
faced by different farmer groups and provides strategic recommendations for improving dairy 
productivity. Enhancing access to formal training, improving fodder production, supporting the 
formation of farmer groups, and addressing institutional barriers are key actions that could help 
Tanzanian smallholder dairy farmers increase milk yield and overall productivity.

Introduction

More than 150 million farm households worldwide are supported by smallholder dairy farming, which is characterized by small 
herds of 1–2 milking cows [1]. Nearly half of all cattle produced in Africa’s livestock farming industry is produced by smallholder 
farmers [2]. According to [1], the majority of farmers in developing nations operate small farms, where Tanzania is home to 24 million 
cattle, which accounts for 1.67 % of the world’s total cow population. Livestock raising is the primary source of income for about 50 % 
of Tanzanians [3]. Despite having a significant impact on milk production and satisfying market demand, smallholder dairy farmers 
face challenges that lower productivity [4]. For the majority of farmers who are actively engaged in farming, smallholder dairy farming 
initiatives are a crucial source of daily sustenance [2].

The rising demand for milk and dairy products has prompted research projects on how to increase milk productivity for smallholder 
farmers [4]. To ensure that the necessary services that aid smallholder dairy farmers in maximizing their productivity are easily 
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available, the proper framework and substructure have to be implemented [2]. Collaboration among smallholder dairy producers helps 
them develop new skills and cope with challenges more effectively [5]. Practically, heterogeneous groupings hamper service delivery, 
information sharing, and technology dissemination, especially for those wishing to maximize productivity and profitability, due to 
pertinent characteristics of farmers based on management practices [2]. It is necessary to identify homogenous groupings of dairy 
producers for more approachable intervention [6].

Farm typologies present a way of disaggregating individuals based on prominent attributes that define them. Characteristics 
derived from the farm typologies represent some of the challenges and supporting attributes attached to each production cluster. 
Through these characteristics, relevant interventions and policy support to the farmers can be defined. In Tanzania, the livestock 
industry is generally characterized by low production and unmet demands for meat and dairy products [7–9]. Existing data shows that 
the majority (86 %) of the smallholder dairy farmers in Tanzania live in rural with cattle herds dominated by traditional breeds [3].

Generally, the defining attributes of smallholder dairy farmers are a small number (3–5) of animals kept per farm, small pieces of 
land (2 ha or less), which are used for cash and food cropping [10,11] and low yields [12,8]. The reasons underlying low dairy 
production have been studied extensively and categorized as feeds [12], animal health, breed type, farm size, and distance to markets 
[9] among others. Knowledge of the nature of our dairy production systems has been identified through cluster-based characterization.

Characterization techniques through clustering, rely on common features using dispersal and centrality metrics but fail to capture 
the intricate relationships among the attributes under study. This paper introduces an innovative approach to unraveling the 
distinctive characteristics of dairy production clusters through pattern and association rules analysis. By delving into pattern analysis, 
we aim to provide a logical assessment of the behavioral mechanisms that underlie the commonalities observed in cluster analysis.

Traditional clustering algorithms have long been employed to understand and characterize various patterns in smallholder farming 
systems [13]. These algorithms typically group farms based on similarities in management practices and on-farm parameters, resulting 
in subgroups with high within-group similarity and low between-group similarity. However, despite their widespread use, these 
methods have significant limitations when it comes to providing comprehensive insights into the complex relationships and patterns 
within smallholder farming systems.

For instance, Herrero et al. [14] highlight that while clustering can identify groups with similar farm management practices, it falls 
short of uncovering the underlying features that influence group formation, farmer evolution patterns, and predictive modeling of 
future changes. This gap in knowledge hampers the ability to understand how various farm parameters and management practices are 
interlinked, which is crucial for devising effective intervention strategies and improving farm productivity [15].

Additionally, studies such as those by Sirsikar and Wankhede [16] have shown that traditional clustering methods often fail to 
account for the dynamic nature of farm management practices and their evolving impact on farm productivity. These methods 
typically provide a static snapshot of farm clusters without capturing the temporal changes and adaptations made by farmers in 
response to environmental and economic factors.

Moreover, work by Cai et al. [17] has demonstrated that clustering techniques are insufficient in revealing the socio-economic 
dimensions that influence decisions. These dimensions include factors like access to markets, credit availability, and extension ser-
vices, which play a crucial role in shaping farm practices but are often overlooked in purely quantitative clustering approaches.

In contrast, association rules mining offers a promising complementary technique to traditional clustering. This method focuses on 
the relationships among farmers, common management practices, and on-farm parameters, revealing frequent patterns that can inform 
decision-making processes. Arumugam [18] demonstrates the feasibility of using association rules mining in precision agriculture, 
where it helps farmers predict the outcomes of their management decisions and enables policymakers to design farm-specific 
interventions.

A review by Oyewole & Thopil [19], underscored the role of clustering in various application domains with an assessment of how 
such techniques can be combined with other analytical techniques for robust outputs. This paper presents an innovative approach that 
employs pattern and association rules ;’/analysis to uncover the characteristics of dairy production clusters. By moving beyond the 
mere identification of clusters, this study aims to understand the hidden relationships and compositions within dairy production 
clusters, particularly in the context of Tanzanian smallholder farmers. Pattern analysis offers a logical assessment of the behavioral 
mechanisms underlying the commonalities identified by cluster analysis, thereby providing a deeper understanding of the service gaps 
that, if addressed, could significantly enhance the productivity of smallholder dairy farmers.

For the case of Tanzania dairy farmers, a recent cross-sectional survey indicates a mismatch and unreliability for some services such 
as the use of Artificial Insemination [20]. Through pattern and association analysis, this paper identifies service gaps for different 
categories of farmers to improve adoption of interventions by various stakeholders. By dis-aggregating the farming systems, our 
approach clearly indicates service gaps for six production clusters which is an effort to minimize the use of generalized solutions for 
challenges in our farming systems.

Material and methods

The presented study is quantitative with Machine Learning techniques used in data analysis and characterization of dairy farms. 
Unsupervised Learning techniques were used for both clustering and association rules mining objectives.
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Study area and data preparation

The data used in this study was acquired from the PEARL1 project, which conducted a baseline survey of smallholder dairy farmers 
in six regions of Tanzania in 2015–2016. The survey study sites were; Arusha, Kilimanjaro, Tanga, Iringa, Njombe, and Mbeya. A meta- 
analysis was done to identify commonly used attributes in clustering smallholder dairy farmers based on a review paper [21] the 
attributes could be grouped into five main categories; feeding systems, breeding, health, milk yield, and sales, and farmer groups. 
These attributes have long been used in studying dairy production systems [22].

Based on cluster analysis with the Self-Organizing Maps (SOM) algorithm (a.k.a. the Kohonen SOM) [23], a pre-clustered data set 
with six farm typologies/production clusters was used to analyze frequent patterns associated with the farmers within and across 
groups. Data was available from a total of 3317 smallholder dairy households. Before association rules mining, data were transformed 
as follows: four continuous variables (total land available for dairy activities, peak milk yield, amount of milk sales, and amount of 
reserved milk for home consumption) were scaled into categories by deviating individual observations from the mean with upper and 
lower bounds of the boxplot distribution used as the thresholds to obtain three categories, high, medium and low for each trait.

These attributes were also used to provide an overview of households’ distribution in the dataset with a standard deviation (± SD) 
(Table 1). It is shown that the number of households with high values in all the four variables is smaller than number of households 
who are medium and low in the four variables. Table 1 details the distribution of households for the four variables.

Clusters were generated by using the Self-Organizing Maps (SOM) algorithm. In previous research [24] the Tanzania dairy pro-
duction clusters were derived and validated by considering the algorithm’s clustering consistency and total variance explained by the 
clusters on milk yield, sales, and choice of breeding method. One-way analysis of variance (ANOVA) was adopted as a means of 
comparison test across the clusters. To further understand the clustered dataset, Exploratory Factor Analysis (EFA) was adopted to 
show how the weight of all variables in the six clusters.

Production cluster one contained the highest number of farmers from three regions located in the southern highlands of Tanzania. 
Production cluster two consisted of farmers from Tanga and some from Iringa. The remaining clusters contained farmers from the 
north-east of Tanzania i.e., Arusha and Kilimanjaro (Table 2). The distribution of farmers in the production clusters across regions 
indicated the necessity of studying shared characteristics of farmers across different locations because farmers from the same location 
are not necessarily the same. Farm-level characteristics based on the attributes given in Tables 3 and 4 are further detailed in 
Appendix A.

Association rules mining

Mining for association rules proceeded with the Apriori algorithm based on the fact that: i) frequent items and patterns can be 
observed from the first parts of the data set and solutions are rare, so applying a depth-first search will require more time to generate all 
patterns, ii) The number of nodes in the data is finite even though the depth of the tree to be generated is infinite. Thus, depth-first 
search might fail to locate all children of nodes as it goes down, and iii) the primary interest was to find out frequent patterns and 
then find out how the patterns are related by visualizing them. Considering the existing literature [25,26] and the given assumptions, 
this research considered the use of the Apriori algorithm for association rules mining.

Data analysis was done in R software [27], Version R.4.1.0. Four measures of rules interestingness were: support, count, confi-
dence, and lift. Support is a count of the number of times an item appears in the data set. The count is a number of observations in the 
data set supporting a particular association rule. Confidence is a measure of likelihood of occurrence of a rule; for example, considering 
a rule [AUB] → C, confidence measure indicates the likelihood of this association rule by taking the ratio of the support of [[AUB] UC] 
to the support of [AUB] as represented in Eq. (1). Lift is a measure of the deviation of the support of a whole rule from the support 
expected under features’ independence, given the support of the antecedents and the consequent. Therefore, the higher the deviation 
the stronger the rule. From the example, [AUB]→C, Lift is given by Eq. (2). Association rules were generated using the Arules package 
and visualized using the ArulesViz package (See figures in Appendix B), by using graph and grouped matrix visualization [28,29]. In 
the graph and grouped matrix visualization, strong rules were indicated by higher lift values (strong color intensity) and high support 
levels denoted by the size of bubbles.

Minimum support denotes the least number of times an item/pattern has appeared in the dataset, and the minimum confidence 
denotes the least likelihood of occurrence for the item on the Right-Hand Side (RHS) upon occurrence of the item in the Left-Hand Side 
(LHS). During analysis, the values were set to 0.1 and 0.5, respectively. These values were adjusted on each run to produce a 
manageable number of rules (maximum 60) for visualization visualization. 

Confidence [AUB]→C =
Support [[AUB]UC]

Support [AUB]
(1) 

Where; [AUB] is the antecedent and C is the consequent. 

Lift =
Support [[AUB]UC]

Support[A].Support[B]. Support [C]
(2) 

1 Program for Emerging Agricultural Research Leaders
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Table 1 
Distribution of households into three categories used to transform continuous variables.

Variable High Medium Low

Total land (acre) (3.9 ± 20.1) 204 987 2126
Peak milk (Liters) (12.7 ± 4.9) 556 2382 379
Milk sold (Liters) (10.5 ± 9.6) 308 1893 1116
Reserved milk (Liters) (1.6 ± 2.6) 298 1383 1624

Table 2 
Production cluster densities and location of dairy households.

Production cluster Density Regions

1 1180 Iringa, Njombe, Mbeya
2 952 Tanga, Iringa
3 203 Arusha
4 295 Kilimanjaro
5 516 Kilimanjaro
6 171 Arusha

Table 3 
Production cluster characteristics based on factor loadings.

Factor Production cluster loadings

1 2 3 4 5 6

Vaccination frequency 2.038123 0.797619 1.258333 1.614583 1.738938 1.155039
Watering frequency 1.501466 1.869048 2.533333 1.75 2.146018 1.945736
Experience in dairy farming 1.283459 -0.40917 -1.27027 -0.36134 -0.6117 -0.89951
Distance to buyers -1.04301 1.145007 0.23089 1.11271 -0.49803 1.428073
Total land size -0.93538 0.62411 0.368615 0.60047 -0.56729 1.902952
Land for fodder -0.91741 1.610701 -2.64E-13 1.56806 -4.58E-13 -3.51E-13
Distance to breeding service 0.371558 1.384379 -1.56509 1.397133 -0.42205 -1.27521
Grazing land 0.901289 -1.58885 7.36E-11 -1.54591 7.36E-11 7.36E-11
Years of schooling 0.872069 -1.43285 -1.13005 -1.38332 -0.05523 0.867026
Sale of bulk milk -0.62271 -0.87143 2.347676 -0.90305 0.534935 0.353077
Visits by extension officers 0.210158 1.272907 -1.87464 1.2979 -0.54204 -0.37712
Number of milking cows -0.57839 -0.23662 -1.4048 -0.23724 1.433476 1.133085
Herd size -0.84404 0.584678 -0.81133 0.571074 -0.09112 2.086942
Liters of milk sold -0.59993 -0.48079 0.790488 -0.50688 1.753072 -0.62056
Distance to market 0.824873 0.493123 0.147668 0.500794 -1.8976 -0.42586
Total crop sale 0.431172 1.252638 -1.26026 1.266918 -0.28039 -1.69281

Table 4 
Means for all farm-level variables across farm typologies.

Factor Production cluster means for the analysis variables

1 2 3 4 5 6

Vaccination frequency 1.56 1.37 2.1 1.99 2.15 2.08
Watering frequency 2.33 2.2 1.8 1.42 1.67 1.63
Experience in dairy farming 10.82 11.73 16.87 19.06 20.03 20.37
Distance to buyers 2.55 3.13 1.22 1.59 1.57 0.95
Total land size 4.26 5.18 1.86 2.42 2.98 2.23
Land for fodder 0.93 0.91 0.64 0.59 0.65 0.72
Distance to breeding service 1.65 1.57 0.89 1.23 2.46 3.32
Grazing land 0.02 0.11 0 0 0 0
Years of schooling 8.41 8.64 8.09 8.22 9.48 9.59
Sale of bulk milk 15.72 145.1 389.01 278.3 515.1 429.4
Visits by extension officers 7.57 7.08 4.86 5.32 9.85 9.89
Number of milking cows 2.3 2.27 2.24 2.13 2.17 2.23
Herd size 5.03 5.29 4.74 4.56 4.57 5.1
Liters of milk sold 12.57 10.38 8.2 6.00 8.13 12.49
Distance to market 2.16 2.68 3.01 2.99 2.86 3.28
Total crop sale 4.34 4.44 4.12 4.78 5.77 5.02
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Where; [AUB] is the antecedent and C is the consequent. An association rule is stronger if its lift value is high, meaning that; the 
frequent items are much stronger together than when they are apart. Generally, good lift values must be greater or equal to 1.

Results

Association rules mining on production clusters

Factor loadings were used to study the characteristics of the farmers within production clusters by considering high and low 
loadings as positive and negative attributes, respectively. The naming of the production clusters was according to the attributes in both 
categories (Tables 3 and 4). The values in Table 3 are resulting from data scaling (mean of 0 and 1 standard deviation) as used during 
cluster analysis. For actual values, Table 4 shows the means for all cluster-level variables. One-way analysis of variance (ANOVA) was 
adopted as a means comparison test. For all farm-level variables, results indicated that there were significant differences across 
production clusters at p < 0.0001.

Production cluster one contained the majority of the households (36 %) consisting of “non-commercial dairy production households”, 
termed non-commercial since milk or crop sale characteristics did not come up for this production cluster. Farmers in this cluster were 
characterized by high vaccination and watering frequency, many years of experience in dairy farming, small distances to milk buyers, 
small land sizes, and small lands under fodder production. Production cluster two which had 29 % of the sampled households consisted 
of “Semi-intensive commercially oriented medium production households with limited access to improved breeding services”, and were 
characterized by high frequencies of cattle watering, large areas under fodder production, long distances to improved breeding service 
providers, low grazing lands, few years of formal education, and low sales of bulk milk.

Production cluster three contained 6 % of the households and consisted of the “commercially oriented and self-reliant high production 
households”. Production cluster three was characterized by high frequencies of cattle watering per day and vaccination rounds per year, 
high sales of bulk milk, low frequency of visits by extension officers, small distances to breeding service providers, and a small number 
of milking cows. Production cluster four consisted of 8.9 % of the households categorized as “Semi-intensive commercially oriented 
medium production households”. Production cluster four was characterized by high frequencies of watering and vaccination, large areas 
under fodder production, small grazing lands, a few years of schooling, and low sales of bulk milk. Clusters 2 and 4 were highly similar 
but their access to improved breeding services was found to be similar to production cluster 2 (long distances to service providers).

Fifteen percent (15 %) of the households formed production cluster five which was categorized as “Commercially oriented high 
production entrant households”. Key characteristics of the farmers in production cluster five were: high frequencies of watering, 
vaccination, and milk sales, small distances to market, low experience in dairy farming, and small land sizes. Production cluster six 
comprised 5.1 % of the households that were categorized as “Commercially oriented mixed crop-dairy low production entrant households”. 
Production cluster six was characterized by: long distances to water sources, large herd sizes, low crop sales, short distances to 
breeding service providers, and low experience in dairy farming. Characteristics of the production clusters are further described in sub- 
sections below.

Production cluster one: Non-commercial dairy production households
Based on the clustering results, this cluster consisted of farmers who have been practicing dairy farming for a long time (loading 

high on experience in dairy farming) with no trace of their commercialization focus (Table 3). Investigating the production cluster by 
using association rules revealed that, farmers in this group practice traditional dairy farming based on stall feeding, few numbers of 
milking animals (1–3), prefer the bull method for breeding and they do not have land for fodder production. These experienced dairy 
farmers have not attended any formal training and received very few visits for extension support (1 – 9 visits per year). Strong rules 
concentrated on the stall-feeding system appearing on both antecedent and consequent positions.

Characteristics of the smallholder dairy farmers in the production cluster were generated with good quality measures in terms of 
support, confidence, and lift. High lift values (>1) were observed in rules involving several milking cows 1 - 3, lack of training, stall 
feeding, preference and use of bull breeding, and lack of areas for fodder production. Clustering results (Table 3) indicated low loading 
on the distance to milk buyers. With these characteristics, the commercial orientation in this cluster was assumed to be low. These 
results indicate with high confidence (> 85 %) that more than 63 % of the farmers practice subsistence dairy farming. Table 5
summarizes quality measures for the generated rules.

Table 5 
Summary of quality measures for rules in production cluster one.

Support Confidence Lift Count

Minimum 0.6364 0.8506 0.9798 751
1st Quartile 0.6415 0.9126 1.0047 757
Median 0.6508 0.9405 1.0142 768
Mean 0.6538 0.9377 1.0816 771.5
3rd Quartile 0.6619 0.9636 1.0813 781
Maximum 0.6729 0.9987 1.2957 794
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Production cluster two: semi-intensive commercially oriented medium production households with limited access to breeding services
Clustering results characterized production cluster two as semi-intensive commercial farming with medium production. Farmers in 

this group plant fodder but also utilize small grazing lands. Association rules indicated their preference for bull breeding, which is 
associated with long-distance to improved breeding service providers. High lift values (>1.2) were observed in rules involving: stall 
feeding system, preference and use of bull breeding, average milk production, lack of farm laborers, no use of purchased fodder, short 
distance to water source (< 1 km), and 1–3 milking cows. Clustering results indicated low amounts for bulk milk sales, the presence of 
areas for fodder production, and small grazing lands (Table 3).

A graph of rules further indicated that lack of farm laborers and absence of purchased fodder are associated with stall feeding and 
preference for bull breeding. Given that these farmers have average milk production and low sales of bulk milk with a mixed feeding 
system (dominated by stall feeding), their production system is semi-intensive and commercially oriented. Therefore, it can be 
demonstrated at > 88 % confidence level that, 57 % of farmers in production cluster two have a medium commercial orientation. 
Further details on the quality measures are presented in Table 6.

Production cluster three: commercially oriented high dairy production households
From the clustering results, this production cluster had the high dairy production households with high loadings on the sale of bulk 

milk, vaccination frequencies per year, and low loadings on the frequency of extension visits and distance to improved breeding 
services. High lift values (>1) were observed for association rules covering: stall feeding, preference and use of bull breeding, two 
vaccination rounds per year, lack of farm labor, and no membership in farm groups. Farmers in production cluster three are 
geographically located in the same region as the Tanzania National Artificial Insemination Center (NAIC).

A grouped matrix for the rules in production cluster three shows that only the feeding system, breeding method, and the number of 
milking cows have appeared as antecedents and consequents of rules, indicating that they influence and are influenced by other at-
tributes. Attributes such as lack of employees, lack of farmer groups, vaccination frequency, and shorter distance to water sources (<1 
km) were concentrated on the left-hand side as antecedents of the rules. Given that these farmers have high amounts of milk sold in 
bulk, vaccinate their cattle at least twice a year, receive few or no visits from extension officers, and do not belong to farmer groups 
their production system is considered highly commercial and self-reliant. As such, it can be stated at a 97 % confidence level that, 87 % 
of farmers in production cluster three practice commercial dairy farming. A summary of the quality measures is shown in Table 7.

Production cluster four: semi-intensive low commercial oriented average production households
The analysis characterized production cluster four with large areas under fodder production and some small areas available for 

grazing. This production cluster was identified with low commercial orientation based on a low loading on the sale of bulk milk. 
Association rules revealed high lift values (>1) in rules covering: stall feeding, preference and use of bull breeding, lack of farm labor, 
and ownership of 1–3 milking cows. Milk production and sales coefficients did not appear as frequent items for this group. However, 64 
% of the farmers had average milk yield, 68 % had below-average milk sales and 59 % had below-average milk reserved for home 
consumption.

From the unique attributes given by the clustering results, a lowly educated farmer practicing a semi-intensive feeding system with 
average yield and low sales of bulk milk could be identified as an average producer with a low commercial orientation. Lack of training 
is assumed to be a complementing factor to the low commercial orientation for production cluster four. Preference and use of the bull 
breeding method appeared dominant for production cluster four which had farmers from Kilimanjaro region.

Quality measures for production cluster four rules indicate that minimum confidence and support were 0.90 and 0.84, respectively 
(Table 8).

Production cluster five: commercially oriented high production entrant households
Clustering results revealed this production cluster with high production, low experience, and with limited land sizes. High lift 

values (>1) were revealed in rules covering: stall feeding system, lack of farmer groups, distance to market 1–5 km, lack of formal 
training on dairy care, and reason for choice of stall feeding being insufficient land. Frequent pattern analysis revealed that the 
intensification system appeared to be a result of insufficient land available to the farmers. Although patterns show that, the number of 
milking animals in this production cluster is one to three, the commercial orientation of entrant dairy farmers is demonstrated by their 
high loadings on liters of milk sold and the short distance to markets (1 – 5 km) as given by the cluster analysis. Being close to formal 
markets, the commercial orientation for production cluster five appears to be on formal traders rather than neighbors who buy retail.

Lack of membership in farmer groups, lack of formal training on dairy care, and intensive feeding appeared as strong patterns in 

Table 6 
Summary of quality measures for rules in production cluster two.

Support Confidence Lift Count

Minimum 0.5735 0.8782 0.9935 546
1st Quartile 0.5851 0.9283 1.0332 557
Median 0.6024 0.9728 1.0691 573
Mean 0.6101 0.9609 1.1257 580.8
3rd Quartile 0.6229 0.993 1.2665 593
Maximum 0.6828 1 1.2733 650
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both RHS and LHS. It can be demonstrated at 88 % confidence that at least 69 % of farmers who have high amounts of milk sales in 
formal markets, practice intensive feeding in small land sizes, have no formal training in dairy care, and do not belong to farmer 
groups, are commercial oriented high production entrant farmers. Table 9 details further quality assessment of the rules.

Production cluster six: commercially oriented mixed crop-dairy low production entrant households
Production cluster six consisted of commercial entrants who loaded high on several cattle owned, walked long distances to water 

sources, were located near service providers for improved breeding (Artificial Insemination), and had few years of experience in dairy 
farming. Lift values from association rules were high (>1) in rules covering: land below average, number of milking cows being 1–3, 
preference to Artificial Insemination (AI), stall feeding system, lack of formal training in dairy care, and lack of farmer groups. Loading 
low on the distance to breeding service providers, association rules indicated that, this group of farmers prefer and use Artificial 
Insemination for breeding. Stall feeding is the default system used during rainy and dry seasons, associated with small pieces of land 
which are assumed to be used for crop farming.

Although cluster loadings indicated long distances to water sources, association rules revealed that, the majority of farmers in 
cluster six walk less than a kilometer to water sources.

Thirty rules from production cluster six were generated at a 100 % confidence level. The remaining rules (22) ranged between 95 % 
- 98 % confidence level for at least 83 % of the farmers. These quality measures imply that the rules can be used to generalize the 
characteristics of production cluster six. It could be demonstrated that at least 83 % of farmers in cluster six are commercial entrants in 
the mixed crop-dairy farming system. Table 10 details more on the quality measures for production cluster six rules.

Summary of findings

Farm characteristics
Dairy production cluster one was characterized by two times vaccination rounds per year, two times cattle watering per day, large 

land sizes, available areas for fodder production, stall feeding system, 1–3 milking cows, and bull breeding. Production cluster two was 
characterized by high frequencies of cattle watering per day, available areas for fodder production, small grazing land, use of bull 
breeding, no employed laborers, and no use of purchased fodder. Production cluster three was characterized by high frequencies of 
watering per day and cattle vaccination per year, 1–3 milking cows, bull breeding, no employed laborers, and two times cattle 
vaccination per year.

Production cluster four was characterized by high frequencies of watering per day, two vaccination rounds per year, available areas 

Table 7 
Summary of quality measures for rules in production cluster three.

Support Confidence Lift Count

Minimum 0.8719 0.9727 0.998 177
1st Quartile 0.8818 0.984 1.009 179
Median 0.8867 0.9944 1.02 180
Mean 0.8918 0.9923 1.033 181
3rd Quartile 0.9015 1 1.085 183
Maximum 0.931 1 1.086 189

Table 8 
Summary of quality measures for rules in production cluster four.

Support Confidence Lift Count

Minimum 0.8441 0.9088 0.9932 249
1st Quartile 0.8441 0.934 1.0043 249
Median 0.8508 0.9862 1.0098 251
Mean 0.8544 0.965 1.0296 252
3rd Quartile 0.8576 0.9961 1.0889 253
Maximum 0.9051 1 1.0967 267

Table 9 
Summary of quality measures for rules in production cluster five.

Support Confidence Lift Count

Minimum 0.6919 0.883 0.9898 357
1st Quartile 0.7422 0.9496 1.0042 383
Median 0.7539 0.9719 1.0078 389
Mean 0.7591 0.9645 1.011 391.7
3rd Quartile 0.7868 0.9858 1.0128 406
Maximum 0.8256 1 1.0479 426
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for fodder production, small grazing lands, use of bull breeding, no employed labors, and 1–3 milking cows and stall-feeding system. 
Production cluster five was characterized by high frequencies of watering per day and two vaccination rounds per year, small land 
sizes, 1–3 milking cows, and a stall-feeding system due to insufficient land sizes for dairy production. Cluster six was characterized by 
large herd sizes, high frequencies of watering per day, small land sizes, milking cows 1–3, use of artificial insemination for breeding, 
and stall-feeding system.

Farmer characteristics
Dairy production cluster one was characterized by many years of experience in dairy farming and no training in dairy care. Pro-

duction cluster two was characterized by a few years of formal schooling. Production cluster three was characterized by non- 
membership in farmer groups. Production cluster four was characterized by a few years of formal schooling and a lack of formal 
training in dairy care. Production cluster five was characterized by a few years of experience in dairy farming, no formal training in 
dairy care, and non-membership in farmer groups. Production cluster six was characterized by a few years of experience in dairy 
farming, no formal training, and non-membership in farmer groups.

Farm income
The results did not indicate an association between income parameters and production cluster one. Production cluster two was 

characterized by low sales of bulk milk, average milk yield, and regular sales. Production cluster three was characterized by high 
amount of milk sold in bulk implying their high commercial orientation. Production cluster four was characterized by low sales of bulk 
milk implying regular sales. Production cluster five was characterized by high amounts of regular milk sales. Production cluster six was 
characterized by low crop sales implying their crop-dairy low production.

Institutional settings
Dairy production cluster one was characterized by small distances to milk buyers and water sources and received 1–9 visits from 

extension officers per year. Production cluster two was characterized by long distances to improved breeding service providers and 
received 1–9 visits from extension officers per year. Production cluster three was characterized by low frequencies of visits from 
extension officers per year and short distances to improved breeding service providers. Production cluster four was characterized by 
low distances to water sources. Production cluster five was characterized by a short distance to formal markets (1–5 km). Production 
cluster six was characterized by long distances to water sources and short distances to improved breeding service providers.

Discussion

Pattern analysis and association rules mining on clustered datasets

This paper presents the use of pattern and association rules analysis as an approach to unveil the characteristics of dairy farm 
typologies as a complement to cluster analysis. Cluster analysis groups farmers in big blocks based on common features using dispersal 
and centrality metrics. However, Pattern analysis provides a logical assessment of the behavioral mechanisms underlying the com-
monality exhibited by the cluster analysis. Since evolvement and technological sophistication are a factor of behavior, the extension 
from cluster analysis methods are to find logical patterns that drive the farm typologies. Additionally, usability of the clustering results 
on different case studies can be grounded on the confidence of assigning individuals to the farm typologies without re-running a 
production cluster analysis. That confidence is given by the association rules mining through determining the individual’s belongness 
into a production cluster when several pre-identified attributes are seen together.

By applying the proposed techniques, this paper presents features of six dairy farming systems in Tanzania which could not be 
identified through cluster analysis alone.

Features of Tanzania’s dairy farming

The cluster solution indicated that farmers had similar features across different production systems for attributes with high 
loadings, while differences among the production systems were observed in attributes with low loadings. Similar features for Tanzania 
dairy farmers were adherence to best health management practices and cattle watering. Summary statistics revealed that at least 87 % 
of 3317 households indicated that they deworm and vaccinate their cattle. From that population, at least 37.42 % deworm their cattle 

Table 10 
Summary of quality measures for rules in production cluster six.

Support Confidence Lift Count

Minimum 0.8304 0.9586 0.9978 142
1st Quartile 0.8538 0.9655 1 146
Median 0.9123 1 1 156
Mean 0.8972 0.9879 1.0008 153.4
3rd Quartile 0.924 1 1 158
Maximum 0.9474 1 1.0075 162
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thrice per year (p < 0.0001) and at least 82.13 % vaccinate their animals once per year (p < 0.0001). Low milk production and sells 
could be marked as a mutual challenge for Tanzania farmers except for production cluster three. Association rules indicate stall feeding 
is dominant (at 90 % confidence) and is used even in the absence of localized fodder production. These finding concedes with other 
research on the dominant feeding system in Tanzania [30]. Identification of similarities on feeding systems could not be revealed 
through cluster analysis, underscoring the need to combine techniques for efficient characterization [19]. By complementing clus-
tering results with patterns and association analysis, this paper discusses prominent service gaps that should be addressed for farmer in 
the six analyzed typologies.

Dairy farms typologies in Tanzania and service gaps

The structure of the dairy production clusters considered the farm typologies attributes and the associations among the production 
cluster variables. Some characteristics support the development of the farm enterprises and others limit improvements in the same. A 
recent study by Kashoma & Ngou [20] done in Tanzania elaborated on gaps in Artificial Insemination services which are hindered by 
severe irregularities of services, unreliability of liquid nitrogen supplies, and unreliable transport. In agreement with our study, these 
examples of service gaps demonstrate areas of improvement for dairy production. Altogether, such areas of improvement or service 
gaps are termed as the farms’ evolvement determinants. The determinants have been grouped into four categories following a decision 
framework for smallholder dairy farmers [31]. The four categories are labeled as farm characteristics, farmer characteristics, farm 
income, and institutional settings.

For production cluster one, the 1–9 extension support visit was associated with the preference of using bull breeding at 94 % 
confidence. The use of bull breeding was associated with a lack of formal training in dairy care at 89 % confidence. Among the service 
gaps facing these farmers from Iringa, Njombe, and Mbeya are training in dairy care and handling, adequate extension service, and 
feed production. Formal training will help the farmers to adopt a commercial orientation in dairy farming. Such training can also foster 
changes in their choices of breeding methods. This can be achieved by providing adequate extension services to educate the farmers on 
best practices. Due to the shortage of extension officers, electronic platforms can be utilized to deliver knowledge as proposed in 
poultry farming [32,33]. Best practices can feature in the importance of fodder production which is a gap in this typology. By focusing 
on the identified gaps, three pillars of the decision framework (farm, farmer characteristics, and institutional settings) that limit dairy 
production in production cluster one will be solved.

Farmers from Tanga and Iringa forming production cluster two had a commercial orientation which could be observed through the 
feeding system. Adequate extension service is a limiting factor for growth in the cluster. High loadings in distance to improved 
breeding services indicated another gap on access to breeding service providers although farmers prefer and use Artificial Insemination 
(AI). Being confident in their feeding system, production cluster two highly depends on institutional factors (availability and reliability 
of AI breeding services and extension) for its development. The result agrees with [31] where AI usage was observed in farmers 
residing in the northern part of Tanzania.

Farmers in production cluster three limit their herd sizes to lower labor costs (number of milking animals associated with lack of 
labor at 99 % confidence). There appear to be common practices in dairy for these farmers as the use of bull breeding could be 
associated with two times vaccination at 99 % confidence. An institutional service gap is observed in breeding services where the 
production cluster loaded low in distance to improved breeding service and yet they use bull breeding. The National Artificial 
Insemination Center (NAIC) is located in Arusha, implying that production cluster three could be the frontiers in transforming breeding 
practices. Although education level, experience, or training could not be associated with the high yield for farmers within the cluster, 
farmer-based initiatives for high milk yield and public institutional failure were identified. To improve the experience of farmers in this 
production cluster, capacity building could be tailored in forming farmer groups where they can advocate for issues related to 
institutional setup.

Production cluster four was mostly similar to cluster two in terms of production cluster formation. The feeding system appears to be 
sufficient as in cluster two. Factors accounting for low sales of milk could be banked on lack of improved breeding and extension 
services. Kilimanjaro region is located at least 60 Km from the NAIC, therefore, the lack of proper breeding services highlights a service 
gap. Training in dairy care and handling was also underlined as key areas for improvement. Production cluster five from Kilimanjaro 
highlights the differences between experienced subsistence farmers and entrants with a commercial orientation. Both categories being 
untrained and lacking farmer groups, the production difference made by the commercial entrants reveals an un-winded potential of 
dairy farming. Although the use of AI could not be observed in frequent item sets, further investigation of the individual records 
revealed that, 72 % of the 516 members use AI for breeding. Capacity building for these farmers who are presumably youth/young 
adults should be channeled through farmer groups and training to improve their productivity.

As in production cluster five, farmers in cluster six are presumably youths or young adults who engage in dairy with a commercial 
orientation. Although cluster six loaded high on herd size, frequent patterns revealed ownership of 1–3 milking cows just as in other 
production clusters. The location of this production cluster (Arusha) highlights awareness of improved breeding services and the use of 
AI as the preferred breeding method. Limited access to cattle water could be observed from the high loading distance to water sources 
and low milk yields of these farmers who have adopted a stall-feeding system. These entrants are also limited in land for crop and 
fodder production. The low crop sales suggest a feed shortage for the animals. The strength of production cluster six is in the use of 
improved breeding services but highly constrained on farm and farmer characteristics.

For Kilimanjaro and Arusha regions where two production clusters were found for each, further studies need to be done to uncover 
the hidden trends i.e., the use of bull breeding by experienced farmers and the use of Artificial Insemination (AI) by entrants with a 
commercial focus. Although direct responses to these facts are beyond the scope of this paper results do agree with the risk assessment 
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done by Twine [34], where youth in the formal dairy value chain were observed to have the greatest risks. Here the risks could be 
under institutional settings (AI service provision, extension support) and absence/non-membership in farmer groups.

Conclusion

This paper investigated the characteristics of smallholder dairy farms by using patterns analysis and association rules mining 
approach. A clustered dataset of smallholder dairy producers was used. The clusters were referred to as dairy production clusters or 
dairy farm typologies in Tanzania’s smallholder dairy system. By taking advantage of the clustered dataset, the paper demonstrates 
how the differences among the clusters can be identified through the use of pattern analysis and association rules mining, revealing 
features that could be identified through a cluster solution alone. With the presented approach, unique features of six production 
clusters in Tanzania are described and discussed. Observed differences among the production clusters can assist stakeholders in the 
identification of service gaps and the design of appropriate intervention strategies.

The analysis has shown that even though some dairy farmers can be in the same geographical location, they experience different 
challenges in dairy farming which calls for the design of specialized interventions to improve on-farm productivity. Service gaps have 
been identified for each farm typology/cluster; for example, farmers who prefer to use Artificial Insemination (new in dairy farming 
and presumed to be youth) are highly constrained by farm and farmer characteristics i.e., herd size, land holding, fodder production, 
lack of farmer groups and lack of formal training in dairy care. These highlight key areas that can be improved to empower youth in 
dairy farming. On the other hand, in production clusters where the experience on dairy farming was high and the traditional dairy 
keeping was for household subsistence, constraints were observed in institutional settings.

Future work is proposed on transforming the identified patterns and associations into a recommendation model that can be 
deployed to assist farmers in decision-making. Such a model will be implemented as conditional logic evaluating the inputs of the user. 
Developed association rules will be coded at the back end with incremental updates based on the accumulation of new inputs from 
users. This can be realized as a mobile-based solution.
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Appendix A. Clusters, proportion in the pre-clustered dataset (n¼3317), attributes and name of production clusters

Cluster Proportion Attributes with high loadings Attributes with low loadings Name of production cluster

1 36 % Vaccination frequency, frequency of 
watering, experience in dairy farming

Distance to buyers, total land size, area 
under fodder production

Non-commercial dairy production 
households

2 29 % Frequency of watering, area under 
fodder production, distance to breeding 
service providers

Area under grazing, years of schooling, sell 
of bulk milk

Small stock semi-intensive commercial 
dairy households with limited access to 
breeding services

3 6 % Frequency of watering, sell of bulk milk, 
vaccination frequency

Frequency of visits by extension officers, 
distance to breeding service providers, 
number of milking cows

commercially oriented and self-reliant high 
dairy production households

4 8.9 % Frequency of watering, vaccination 
frequency, area under fodder production

Area under grazing, years of schooling, sell 
of bulk milk

Semi-intensive commercially oriented 
medium production households

5 15 % Frequency of watering, litres of milk 
sold, vaccination frequency

Distance to markets, experience in dairy 
farming, total land size

Commercially oriented high production 
entrant households

6 5.1 % Distance to water sources, total cattle 
owned, frequency of watering

Total crop sales, distance to breeding service 
providers, experience in dairy farming

Commercially oriented mixed crop-dairy 
low production entrant households
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