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Introduction

Genetic enhancement of cattle herd is one of the most effective long term techniques of
enhancing productivity, profitability and sustainability of livestock systems. The ease with
which artificial insemination (AI) and better semen technology have been used has led to the
rapid spread of high-quality germplasm and genetic gain in most areas (Rege ef al., 2011;
Vanraden, 2020) . Regardless of this progress, there is still an uneven adoption of better
breeding technologies in the low and middle-income countries where behavioral, structural and
institutional constraints are limiting the programs (Ashfaq et al., 2020).

In Pakistan, smallholder and semi-commercial farms are the main cattle production systems
that are characterized by heterogeneous management and high socio-economic impacts on the
decision-making processes. The province of Punjab has the largest number of cattle in the
country, but the productivity in the cattle industry is still lower than the world standards. Even
with the increased availability of improved semen source in both public and private sources,
adoption is not steady and the drop out rate of the breeding programs is high. The classical
extension methods are normally based on blanket dissemination techniques, which lack
efficiency where resources are limited and they do not consider the heterogeneity of the farmers
(Khan et al., 2008; Farooq et al., 2024).

The use of technologies in livestock farming is a complicated behavioral phenomenon,
conditioned by education, experience, production goals, attitude to risks, and the exposure to
innovations. Traditional adoption research bases are mainly on ex post inferential models which
describe historical behavior but give little advice on ex ante targeting. The recent developments
in machine learning provide the possibility to forecast the level of the adoption at individual
scale, as they model non-linear, heterogeneous relationship between complex predictor.
Behavioral-segmentation in combination with predictive-modeling might thus be useful in the
specific targeting of genetic-improvement interventions (Feder et al., 1985; Anderson and
Feder, 2007; Khan, 2022).

This paper uses the combined behavioral and machine-learning system to forecast the
willingness of farmers to use better semen technologies in cattle production systems of Punjab,
Pakistan, the aim of which is to enable breeding and extension programs to be targeted based
on the data.

Materials & Methods

The research was carried out in large cattle farms (agro-ecological zones) of Punjab, Pakistan,
which comprised of mixed crop-livestock and market-based dairy production. The survey
design used was a cross-sectional survey that targeted 900 cattle farmers that take on a direct
role in breeding decisions who were interviewed between July and October 2024 using a
structured questionnaire administered through face-to-face interviews.

The survey gathered the data of the farmers, farm attributes, household participation in farming,
production goals, mating customs, semen preferences, and the desire to join a well-organized
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genetic-enhance program. The willingness to participate was a binary outcome variable.
Categorical variables were coded as factors and continuous variables were verified to be
plausible. The lack of data was under 5% and complete-case analysis was used.

Farmer characteristics were summarized using descriptive statistics. Pearson chi-square tests
were used to evaluate bivariate relationships between willingness to participate and explanatory
variables where the effect sizes were the Cramer V. Multivariate logistic regression model was
fitted to provide adjusted associations and model diagnostics consisted of variance inflation
factors and Hosmer-Lemeshow goodness-of-fit test.

The Multiple Correspondence Analysis with Hierarchical Clustering on Principal Components
were used to make behavioral segmentation. The clustering structure was validated through the
Latent Class Analysis and the certainty of classification was evaluated. To predict in the future,
the dataset was divided into two parts train (70) and test (30) part. Random Forest, Extreme
Gradient Boosting, and logistic regression models were trained and assessed on repetitive cross-
validation. The performance of the models was measured by the area under the receiver
operating characteristic curve (AUC). The machine-learning models were then used to build a
Target Farmer Index in terms of how likely farmers are to adopt.

Results

The farmers had a mean age of 45.3 years, which came with a standard deviation of 11.2 years,
and this means that the majority of farmers participated in the survey were of an economically
active age group. The artificial farming experience was the average figure of 17.6 + 9.4 years,
implying that these farmers had a lot of experience with raising cattle thus reflecting their
abundant wisdom. The herd size was mixed, the mean being 6.8 and the shown wide variance
(SD = 4.9), thus indicating both smallholder and semicommercial production systems were
operated by different members of the study population. In terms of gender distribution, it was
very much skewed toward males, as 92.4% of the respondents were male, which mirrors
existing socio-cultural norms of cattle ownership and farm decision-making. The distribution
of education among the farmers was very heterogeneous: 31.6% of them were not educated at
all, 27.1% finished primary school, 24.8% completed secondary school, and 16.5% continued
studies at higher qualifications. This variance was a very clear basis for the assessment of
differences in the educational adoption behavior.

Farm structures showed that most of the farmers involved (54.2%) were on the small site, 31.8%
on the medium and only 14.0% on the relatively larger plots. Besides it, 48.7% of the informants
said that they were involved in activities apart from cattle farming, which showed their
diversified strategies of living. High (72.9%) Share of family in building management and
breeding decisions points out the household-based nature of cattle farming at a high level.
When it comes to production purposes, 38.4% of farmers expressed their choice of milk
production mainly being subsistence. 34.6% mentioned they were engaging in commercial milk
production and 27.0% were mixed objectives. Concerning the mating practices, 41.8% mainly
depended on the natural mating method, 37.3% went for artificial insemination, while 20.9%
show mixed types of mating practices. The preference for the type of semen was a further sign
of differentiation by the farmers, as 57.6% opted for indigenous semen while 42.4% showed
their preference to exotic or improved semen. As a matter of fact, 52.8% of the farmers who
were surveyed expressed their readiness to take part in orderly breeding or in genetic
improvement programs while 47.2% showed reluctance or were uncertain about it. This almost
equal distribution led to the necessity of deep inferential and predictive modeling that would
reveal determinants and priority groups.

The education level was the variable revealing the most strikingly significant relationship with
the tendency to participate (> = 24.5, p < 0.001), with a moderately strong effect size (Cramers
V = 0.29). Farmers who obtained secondary or higher level of education were substantially



more likely to be willing to do it as compared to those with no formal education at all. The goals
of the farmers concerning production were also strongly linked with the willingness (x> = 18.3,
p = 0.002, Cramers V = 0.25). Commercial crop farmers were more willing compared to
subsistence crop farmers. The mating type had the most important association with listening (y>
= 36.2, p < 0.001), and it was a moderate size effect (Cramers V = 0.35). Farmers already
practicing artificial insemination were markedly more willing to engage in breeding programs.
The preference for semen type was quite commonly found to be associated with the willingness
(* = 9.7, p = 0.021), though the effect size was smaller (Cramer’s V = 0.17). The regional
differences were also statistically significant (y* = 12.8, p = 0.012), which implies that there
was spatial heterogeneity in the extension exposure and access to the services. The farmers with
secondary or higher education had 2.35 times higher odds of willingness (OR = 2.35, 95% CI:
1.45-3.82, p < 0.01) than those who had no formal education. The farmers who practiced
artificial insemination had a significant increase in the willingness (OR = 3.67, 95% CI: 2.10—
6.42, p < 0.001). The liking for exotic semen was also a factor that increased the willingness
(OR =1.92, 95% CI: 1.12-3.29, p = 0.018) significantly. Age, gender, and herd size did not
demonstrate statistical significance after adjustment was carried out. Model diagnostics
suggested an excellent fit (Hosmer—Lemeshow p = 0.41). Multicollinearity was not found with
all variance inflation factors remaining under 2.3.

The predicted adoption and participation of target farmers in genetic improvement are shown
in Figure 1. Logistic regression reached an AUC of 0.79, which means that it could effectively
differentiate. Random Forest had an even better performance (AUC = 0.84) whereas XGBoost
showed the best accuracy (AUC = 0.87). The Target Farmer Index (TFI) was constructed by
merging the predicted probabilities from the Random Forest and XGBoost models. The farmers
who were in the top 20% of the TFI distribution had a mean predicted adoption probability of
0.81, in contrast to the 0.43 of the rest of the farmers. This division showed the clear existence
of high adoption potential mainly within a small fraction of the farmers.
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Figure 1: Farmer Targeting Distribution by Predicting their Adoption

Discussion
The findings illustrate that the artificial intelligence of farmers being identified beforehand
through behavioral variables integration becomes more reliable. Education is, for example, the



use of mating practices and the choice of semen that are consistently recognized as the main
factors through descriptive, inferential, and predictive analyses.

The findings prove that the behavioral preparedness and previous experience are the key factors
that hinge on the adoption of enhanced semen technologies in the cattle production systems and
not the size of the herd or simple demographics (Khan ez al., 2008; Farooq et al., 2024). Studies
on genetic-improvement technologies have already suggested that education increases the
capacity of farmers to consider long-term benefits and risk management in the adoption
technology, which is consistent with previous adoption studies (Anderson and Feder, 2007,
Rege et al., 2011). Historical experience with artificial insemination proved to be the most
significant element, which emphasizes the importance of experiential learning and path
dependency in the reproduction process (Athey, 2017; Vanraden, 2020).

The high predictive accuracy of machine-learning models proves them useful in ex ante high-
probability adopters. Behavioral segmentation combined with predictive analytics allows the
translation of descriptive typologies to operational decision-support tools, which is a major
weakness of traditional extension methods. The Target Farmer Index offers a viable tool of
prioritizing scarce breeding and extension resources, which is consistent with new precision
extension ideas (Meuwissen ef al., 2001; Anderson and Feder, 2007; Ashfaque, 2018).

Conclusions

This paper confirms that behavioral analysis coupled with machine-learning prediction
provides a powerful model of accuracy targeting towards cattle genetic-improvement programs.
The major factors that contributed to the willingness to adopt was the education of farmers, a
history of artificial insemination, and preference of the semen. The suggested Target Farmer
Index will facilitate effective ex ante recognition of high-priority farmers, facilitate more
resource-saving extension policies and accelerated genetic advantages in limited-resource
livestock frameworks.

Acknowledgements
The authors acknowledge the support of Livestock and Dairy Development Department Punjab
and the cooperation of all participating farmers.

References

Anderson, J.R. and G. Feder. 2007. Handb. Agric. Econ. 3:2343-2378. doi.org/10.1016/S1574-0072(06)03044-1

Ashfaq, M., R. Kousar, M.S.A. Makhdum and J. Nasir. 2020. JAPS J. Anim. Plant Sci. 30.

Ashfaque, K. 2018. Animal Breeding Policies and Strategies in Pakistan. Anim. Breed. Policies Strateg. South
Asia 107.

Athey, S. 2017. Science (80-. ). 355:483-485. https://doi.org/10.1126/science.aal4321

Farooq, U., M. Idris, H. Rashid. 2024. Trop. Anim. Health Prod. 56:157. doi.org/10.1007/s11250-024-04013-y

Feder, G., R.E. Just and D. Zilberman. 1985. Econ. Dev. Cult. Change 33:255-298.

Khan, M.S. 2022. Cattle breeding in Pakistan-some policy options.

Khan, M.S., Z.U.R. Rehman, M.A. Khan and S.A. Sohail Ahmad. 2008. Genetic resources and diversity in
Pakistani cattle.

Meuwissen, T.H.E., B.J. Hayes, M. Goddard. 2001. Genetics 157:1819-1829.
doi.org/10.1093/genetics/157.4.1819

Rege, J.E.O., K. Marshall, A. Notenbaert, J.M.K. Ojango and A.M. Okeyo. 2011. Livest. Sci. 136:15-28.
doi.org/10.1016/j.1ivsci.2010.09.003

Vanraden, P.M. 2020. How to implement genomic selection. doi.org/10.3168/jds.2019-17684



https://doi.org/10.1126/science.aal4321
https://doi.org/10.1007/s11250-024-04013-y
https://doi.org/10.1093/genetics/157.4.1819
https://doi.org/10.1016/j.livsci.2010.09.003
https://doi.org/10.1016/j.livsci.2010.09.003
https://doi.org/10.3168/jds.2019-17684

