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Abstract 

The study aimed to evaluate the performance of Generalized Additive Mixed Models (GAMMs) in fitting and predicting cattle 

milk production variables in Tanzania. The study used the National Panel Survey data collected between 2012 and 2021. GAMM 

(gamma), GAMM (lognormal), and GAMM (inverse normal) were fitted, and their performance was evaluated using Akaike 

Information Criterion (AIC), proportional of deviance explained, Root Mean Squared Error (RMSE), and Mean Absolute Error 

(MAE). The findings show that the GAMM with the lognormal distribution performed best, having a balanced good fit and 

predictive performance (AIC=4714.36, deviance explained = 94%, RMSE = 4.72, and MAE=2.94). Although the GAMM with 

the gamma distribution had a slightly better prediction accuracy (RMSE = 4.27 and MAE =2.77), it had a higher AIC (5027.75) 

and a smaller proportion of deviance explained (59%), making it less suitable for identifying factors affecting cattle milk 

production. The GAMM with the inverse normal distribution showed the poorest performance, with the highest AIC (5366.34), 

lowest deviance explained (37.3%), and largest errors (RMSE = 13.64, MAE = 4.46). Despite the poor performance of the 

GAMM with the inverse normal distribution, the overall results demonstrate that GAMMs are an effective tool for fitting and 

predicting cattle milk production variables, particularly when data are collected repeatedly from the same units over time. The 

GAMM with the lognormal distribution not only provided accurate predictions but also offered valuable insights into nonlinear 

relationships between milk production and household inputs. These insights can guide dairy farmers and policymakers in 

optimizing milk production by focusing on key factors such as improved breeding practices, proper feeding, health 

management, and labour efficiency. 
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1. Introduction 

The dairy sector has been recognized as an important part 

of livestock production, playing a crucial role in supporting 

the achievement of the Sustainable Development Goals, 

boosting the Gross Domestic Product (GDP), and providing a 

significant source of household income. The importance of 

the dairy sector in Tanzania has been recognized by the United 

Republic of Tanzania, which reports that the sector contrib-

utes 30% to the GDP of the livestock industry [1]. Milk pro-

duction in Tanzania is projected to increase from 2,037,765 

tonnes in 2016 to 3,384,970 tonnes by 2031 [2]. Despite the 

increase in milk production, cattle productivity in Tanzania is 

still low [2, 3]. All over the world, livestock keepers intend to 

produce animal products efficiently and economically to 

reduce household poverty and foster national GDP. However, 

poverty incidence among livestock keepers in Tanzania is still 

high [2]. Therefore, effective investment decisions in the 

livestock sector are crucial for improving cattle milk produc-

tivity. To make informed decisions, it is essential to under-

stand the various factors influencing milk production, in-

cluding household inputs and management practices. In this 

regard, analysing the relationships between household inputs 

and milk production can provide valuable insights for im-

proving efficiency in the sector [4, 5]. These relationships 

provide more understanding and insights regarding which 

input parameter is worth more effort to improve per-head 

cattle milk productivity. 

Inputs into livestock production consist of land, housing, 

water, labour, animal health, and livestock feed [2]. These 

inputs play a critical role in determining milk production, and 

many studies have explored their relationships. A significant 

body of research has examined the effect of feeding practices 

on milk production. Various feeding practices and their effects 

on milk yield and composition in cattle and camels in Kenya 

have been studied [6]. The influence of labour and fodder type 

(green, dry, and concentrate) on daily milk production has also 

been examined [7]. These studies emphasize the significance 

of feed availability and quality in milk production. The impact 

of restricted water intake on milk yield, body weight, and 

blood composition in dairy cows has likewise been explored, 

underscoring water access as another critical factor influenc-

ing cattle milk productivity [8]. 

In addition to feeding, labour and water, housing systems 

also play a key role. The effects of two major housing systems, 

loose and tie-stall, on the welfare and milk yield of dairy cows 

in Italy [9]. This research highlights how housing conditions 

can affect both the well-being and productivity of livestock. 

The use of generalized linear models to examine the effects of 

breeding and feeding systems on milk production and repro-

ductive performance has contributed to a broader understand-

ing of how farm management practices influence milk produc-

tivity [10]. Animal health, particularly in relation to disease, is 

also a key factor. The effect of gastrointestinal nematode in-

fections on daily milk production among smallholder farmers 

in Kenya has been investigated, demonstrating the direct im-

pact of health management on cattle milk productivity [11]. 

Despite the wealth of research on these various household 

inputs, much of it relies on linear models (associating a 

straight-line relationship between household inputs and milk 

production), which limits their ability to capture nonlinear 

relationships. Additionally, these studies have used 

cross-sectional data, which restricts their capacity to account 

for both fixed and random effects. Fixed effects refer to var-

iables that are considered to have a constant influence on the 

outcome across all observations, meaning their impact does 

not vary between groups (households) or over time. This 

limitation can lead to biased parameter estimates and less 

accurate predictions [12]. 

On the other hand, when relationships are considered non-

linear, Artificial Neural Networks (ANNs) have been widely 

used [13]. Studies have compared the predictive ability of 

generalized linear models and ANNs [4, 5, 14-17]. ANNs are 

known to be effective in capturing nonlinear relationships 

between variables, but they pose challenges in interpreting 

these relationships [18]. This limitation has made the availa-

ble studies effectively predict milk production but not capture 

the relationship between milk production and household in-

puts. Therefore, the studies cannot inform on the significant 

household inputs affecting cattle milk production and hence 

do not guide dairy farmers and policymakers on how they can 

optimize milk production. 

In light of the limitations of the existing studies that pre-

dominantly rely on cross-sectional data and consider nonlin-

ear models that lack interpretability, this study aimed to pro-

vide a more comprehensive understanding of household in-

puts affecting cattle milk production by evaluating the per-

formance of Generalized Additive Mixed Models (GAMMs). 

The importance of Generalized Additive Mixed Models 

(GAMMs) has been highlighted in previous research [19, 20]. 

These models can capture fixed, random, and nonlinear rela-

tionships between variables. Furthermore, they provide in-

terpretable smooth functions for nonlinear effects, which can 

be visualized to gain insights into the relationships among 

variables. Therefore, this study effectively captured both fixed 

and random effects, leading to improved parameter estimates 

and predictive accuracy. The study also captured interpretable 

nonlinear effects contributing to a better understanding of the 

significant household inputs affecting cattle milk production. 

The study’s insights into significant household inputs can 

guide dairy farmers and policymakers in optimizing milk 

production. 

2. Materials and Methods 

2.1. Data Source and Study Variables 

The study used data from the National Panel Surveys (NPS) 
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waves 3, 4, and 5. The datasets were collected by the National 

Bureau of Statistics (NBS) in collaboration with the Office of 

the Chief Government Statistician – Zanzibar. Datasets were 

requested through the National Bureau of Statistics [21]. The 

NPS data are collected biannually with the third, fourth, and 

fifth waves undertaken in the years 2012/2013, 2014/2015, 

and 2020/2021, respectively. To focus on understanding the 

key household inputs affecting cattle milk production, the 

target population of the study includes all households that 

participated in waves 3, 4, and 5 of the survey and owned at 

least one milked cow. The study employed a complete enu-

meration approach, meaning no sampling was necessary. This 

census methodology ensures comprehensive coverage of all 

households with at least one milked cow across the three 

waves, providing a representative dataset for analysing dairy 

farming practices without sampling bias. In total, the popula-

tion size of the study included 1266 households, of which 505, 

352 and 409 participated in waves 3, 4, and 5, respectively. 

The pooled dataset was obtained by merging all the variables 

of interest from section 2A of the Agriculture questionnaire 

and sections 2 to 6 of the livestock and fisheries questionnaire. 

Data were merged for each wave, thereafter all three wave 

datasets were appended. 

Table 1 presents the list of twenty-four (24) variables se-

lected for analysis from the NPS questionnaire. The variables 

include milk production in litres per cow per day and various 

household inputs affecting milk production. The variables 

consist of both numerical and categorical measures. Cate-

gorical variables with more than three categories from the 

NPS questionnaire were recoded into new variables with two 

or three categories to simplify the interpretation of results. 

The table also includes wave/year of data collection and 

Household ID. 

Table 1. List of Selected Variables from the Tanzania National Panel 

Survey (NPS) Questionnaire. 

S/N Variable 

1 Milk production 

2 Area owned 

3 Number of cattle 

4 Total cost of veterinary services 

5 Total cost of labour 

6 Total cost of feeding 

7 Total cost of water 

8 Feed purchases 

9 Use of vaccine 

10 Use of tick treatment 

11 Use of dewormer 

S/N Variable 

12 Major Feeding practices 

13 Person administered vaccine 

14 Person administered tick treatment 

15 Person administered dewormer 

16 Hiring Labour 

17 Average frequency of watering cattle 

18 Main source of water 

19 Water purchases 

20 The main housing system used for cattle 

21 Practice mating/breeding 

22 Main practised mating/breeding 

23 Household ID 

24 Year (wave) 

2.2. Modelling 

To assess multicollinearity among the variables and avoid 

redundancy, the correlation matrix and Variance Inflation 

Factor (VIF) were used. When a study includes categorical 

variables, these variables can be transformed into numeric 

ones using an indicator matrix of dummy variables [22]. The 

Spearman’s rank correlation coefficient was employed to 

assess the strength and direction of the relationship between 

pairs of ranked variables. This method was chosen because it 

is considered one of the most robust tests for evaluating as-

sociations between variable pairs [23]. Variables with a biva-

riate correlation coefficient exceeding 0.8 were regarded as 

highly correlated, and one of the variables was removed until 

the VIF for each independent variable fell below 10 [24]. This 

threshold was set because a VIF greater than 10 suggests weak 

estimation of regression coefficients due to multicollinearity 

[24]. 

GAMMs are models with higher flexibility and complexity, 

they are capable of modelling complex datasets with hierar-

chical structures by considering fixed and random effects, 

smooth terms, and a non-normal response [20]. The current 

study fitted Generalized Additive Mixed Models (GAMMs) 

as represented by the following equation. 

   *

1

p
b

j j

j

G X f x Zb  


     

 .G is a monotonic differentiable link function. 

b  is a conditional mean of the response. 

  is the linear predictor. 

  is the vector of fixed parameters. 
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*X  is the fixed effects model matrix. 

jf  is the smooth function of the covariate jx . 

Z  is the random effects model matrix, and 

b  is the random effects coefficient assumed to be distrib-

uted as   0,N D   and   is a variance component. 

There were six (6) smoothers and each is a function of only 

one covariate (numeric household input). Each smoother 

 j jf x  is represented by  , ,

1

K

j k j k j

k

b x


 , where ,j kb

smaller functions are known as basis functions. ,j k are 

corresponding coefficients which need to be estimated and K  

is known as “basis size,” or “basis complexity,” and it is used 

to determine the maximum complexity of each smoother. The 

Effective Degrees of Freedom (EDF) was used to measure the 

complexity of penalized smooth terms. The EDF is a measure 

of the model's flexibility in fitting the data. Values greater than 

1 suggest a nonlinear relationship between household inputs 

and milk production. 

To estimate the effect of categorical variables on milk 

production, all categorical variables were dummy-coded. For 

categorical variables with more than two categories, the most 

frequent category was chosen as the reference category to 

enhance the stability and precision of the estimates. The effect 

of time on milk production was evaluated by treating the year 

(wave) variable as a categorical fixed effect, with the first 

wave (2013) serving as the reference category. 

Statistical inference in GAMMs is concerned with the 

estimation of nonparametric functions  .jf , the smoothing 

parameters    and the parametric terms. Estimation of 
was achieved under the restricted maximum likelihood 

method, since it provides a good fit to the data [19]. A di-

agnostic check for the fitted models was done by first in-

specting the value of k  which is a smooth term that controls 

for extra flexibility. 

The quantile-quantile (Q-Q) plot of residuals and a plot of 

residuals versus linear predictor were used to assess the va-

lidity of the models. The residuals should approximately 

follow a straight line in the plot to indicate that parts which are 

not explained by the model (the residuals) are assumed to 

represent a random noise. Heteroscedasticity was assessed by 

the residuals versus linear predictor plot. The t-value was used 

to test the significance of parametric terms in GAMMs, and 

the significance of smoothing functions was tested by using 

the F-value. The analyses used R version 4.4.1 (2024-06-14, 

Universal C Runtime). The Mixed GAM Computational Ve-

hicle – mgcv R package version 1.9-1 was used to fit the 

models. 

The milk production variable is characterized by 

non-negative, positively skewed continuous data, with zero 

being an impossible value [25]. Consequently, Gamma, 

Lognormal, and Inverse Normal distributions were selected 

as the potential distributions for the data. The Log link 

function was chosen for all three distributions to facilitate 

clear interpretation. Performance evaluation of the models 

was done during the model fitting and testing stages. To 

achieve this, the dataset was randomly partitioned into 

training and testing datasets. The training dataset had 90% of 

the data (1140 households), while the test dataset had 10% of 

the remaining data (126 households). During model fitting, 

the best GAMM amongst the three fitted models was se-

lected based on the smallest Akaike Information Criterion 

(AIC) and highest deviance explained. During model testing, 

the best GAMM was selected based on the smallest values of 

Root Mean Squared Error (RMSE) and Mean Absolute Error 

(MAE). 

3. Results and Discussion 

3.1. Results 

The study transformed fifteen (15) categorical variables 

into twenty-three (23) dummy variables, resulting in a total of 

twenty-nine (29) household inputs (independent variables). 

However, only twenty-three (23) variables were included in 

the modelling process. This was due to the Spearman rank 

correlation analysis, which identified six (6) dummy variables 

(use of vaccine_No, use of dewormer_No, use of tick treat-

ment_ Yes, all animals at least once, hiring labour_No, water 

purchases_No and feed purchases_No) as redundant. After 

removing the six (6) variables, the Variance Inflation Factors 

(VIFs) for the remaining twenty-three (23) variables fell be-

low 10, indicating that the collinearity issue had been re-

solved. 

Before evaluating the performance of GAMMs, the fitted 

models were diagnosed by checking if the default basis com-

plexity k for all smoothing functions was sufficient. The di-

agnostic check results show that the default basis complexity 

(k=10) was sufficient for all smoothing functions of the three 

GAMMs. This is because EDF for all estimated smoothers 

were well below their maximum possible degree of freedom, 

the p-values for the observed index (a measure of residuals 

pattern) were greater than 0.05, and all k-indices were very 

close to 1. Therefore, there is no extra structure that can be 

captured by increasing the value of k . 

Figure 1 shows diagnostic plots of GAMMs presenting the 

Q-Q plot and Residuals vs. Linear Predictor. The upper, 

middle and lower panels of the figure present diagnostic plots 

for the GAMM (gamma), GAMM (lognormal) and GAMM 

(inverse normal), respectively. 

 

http://www.sciencepg.com/journal/mma


Mathematical Modelling and Applications http://www.sciencepg.com/journal/mma 

 

35 

 
Figure 1. Diagnostic Plots of Generalized Additive Mixed Models: QQ Plot and Residuals vs. Linear Predictor. 

The Q-Q plots are presented on the left panel while the right 

panel presents the plots of residuals versus linear predictor. 

The Q-Q plots on the left panel indicate an approximately 

normal distribution of residuals (deviance) for each fitted 

GAMM. This is because the residuals approximately follow 

the straight line in the Q-Q plot of each GAMM, which indi-

cates that parts not explained by the model (i.e. the residuals) 

are assumed to represent a random noise. On the right panel of 

the figure, residuals versus linear predictor plots of each 

GAMM indicate residual variance was not increasing much 

causing an obvious V-shape (heteroscedasticity). It can be 

seen, that some of the residuals were nearly zero with in-

creased values of linear predictor. Generally, diagnostic plots 

indicate the models best fit the given data. 

Table 2 presents performance metrics during model de-

velopment and testing stages for the three fitted GAMMs. It 

was found that among these models, GAMM (lognormal) had 

the smallest AIC (4714.36) and highest deviance explained 

(94%), indicating the best overall fit to the data despite 

slightly higher RMSE (4.72) and MAE (2.94). GAMM 

(gamma) performed moderately, with AIC=5027.75, deviance 

explained=59%, and the smallest RMSE (4.27) and MAE 

(2.77). GAMM (inverse normal) with the highest AIC 

(5366.34), lowest deviance explained (37.3%) and the largest 

errors (RMSE = 13.64 and MAE = 4.46), demonstrated the 

poorest fit and predictive accuracy. Therefore, GAMM 

(lognormal) is the best-performing model based on its low 

AIC and high deviance explained, while its RMSE and MAE 
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are slightly higher than those of GAMM (gamma), the sig-

nificantly greater deviance explained suggests it captures the 

relationship between cattle milk production and household 

inputs more effectively than GAMM (gamma). 

Table 2. Performance Comparison of GAMMs: AIC, Deviance Explained, RMSE, and MAE for GAMM (gamma), GAMM (lognormal), and 

GAMM (inverse Normal). 

Models AIC Deviance Explained (%) 
RMSE (litre/per cow/per 

day) 

MAE (litre/per cow/per 

day) 

GAMM (gamma) 5027.75 59 4.27 2.77 

GAMM (lognormal) 4714.36 94 4.72 2.94 

GAMM (inverse normal) 5366.34 37.3 13.64 4.46 

Note: AIC = Akaike Information Criterion, RMSE = Root Mean Squared Error, MAE = Mean Absolute Error 

Table 3 presents the significance of nonlinear effects 

(smoothing functions) for cattle milk production from the 

GAMM (lognormal). The table shows the model had six 

smoothing functions (total cost of feeding, total cost of vet-

erinary services, number of cattle, total cost of labour, total 

cost of water, and area owned). All smoothing functions were 

significant since their p values of the F test were less than 

0.05. The estimated Effective Degree of Freedom (EDF) 

values ranged from 2.76 (area owned) to 6.99 (total cost of 

veterinary services), indicating varying levels of nonlinearity 

among the household inputs affecting cattle milk production. 

Additionally, the random effect (Household ID) was signifi-

cant ( 0.05p ), indicating substantial variation in cattle milk 

production attributable to household differences. 

Table 3. Significance of Nonlinear Effects for Cattle Milk Production from the GAMM (lognormal). 

Smooth function of a variable EDF F-Value P-value 

Total Cost of Feeding 6.38 5.57 <0.001 

Total Cost of Veterinary Services 6.99 10.37 <0.001 

Number of Cattle 5.47 20.74 <0.001 

Total Cost of Labour 4.93 5.44 <0.001 

Total Cost of Water 3.40 3.88 0.004 

Area Owned 2.76 4.09 0.006 

Household ID 616.11 3.86 <0.001 

 

Figure 2 presents nonlinear relationships between 

smoothing functions and cattle milk production, highlighting 

how significant continuous household inputs affect cattle milk 

production in a complex, nonlinear fashion, supporting the 

findings presented in Table 3. The figure includes six plots, 

each illustrates the individual effect of a smoothing function 

on the log-transformed scale, with all other terms in the model 

held constant at zero. Figure 2a and 2b show that the total cost 

of feeding (TCF) and area owned (AO) exhibit positive non-

linear relationships with cattle milk production, as indicated 

by the plots above zero. However, for higher values of both 

the total cost of feeding and the area owned, the relationships 

tend to show downward trends. Figure 2c and 2f reveal that 

the total cost of veterinary services (TCV) and the number of 

cattle (NC) also have positive nonlinear relationships with 

cattle milk production, with the plots remaining above zero. In 

contrast, figure 2d and 2e illustrate that the total cost of labour 

(TCL) and total cost of water (TCW) have predominantly 

negative nonlinear effects on cattle milk production (the plots 

are below zero), showing downward trends for lower and 

intermediate values of labour and water costs. However, for 

higher values, both relationships show upward trends. 
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Figure 2. Plots of Nonlinear Relationships between smoothing functions and cattle milk production. 

Table 4 presents the estimates of fixed effects for factors 

(household inputs) affecting cattle milk production from the 

GAMM (lognormal). Each fixed effect quantified its unique 

contribution to the logarithmic changes in the average cattle 

milk production relative to the reference category of each 

categorical household input. The significant  0.05p

household inputs identified by GAMM (lognormal) include 

average frequency of watering cattle, major feeding practices, 

use of vaccines, use of tick treatments, person administered 

tick treatment, person administered de-wormer, main prac-

ticed mating/breeding, and main housing system. These 

household inputs showed significant associations with cattle 

milk production, with varying directions and magnitudes of 

effects. The estimates, standard errors, t-values, and signifi-

cance levels for the significant household inputs are presented 

in Table 4. 

Table 4. Fixed Effects Estimates for Factors Affecting Cattle Milk Production, GAMM (lognormal). 

Parameter Estimate Standard error t-value P-value 

Intercept 1.37    

Average Frequency of watering cattle     

Cattle were given water: reference     

Cattle get water on their own -0.19 0.05 -4.10 <0.001 

Major feeding practices     

Grazing: reference     

Feeding 0.46 0.08 5.62 <0.001 

Use of vaccine     
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Parameter Estimate Standard error t-value P-value 

Yes, all animals at least once: reference     

Yes, some 0.32 0.07 4.48 <0.001 

Use of tick treatment     

No: reference     

Yes, some -0.22 0.10 -2.18 0.03 

Person administered tick treatment     

Not Applicable: reference     

Veterinary clinic 0.14 0.06 2.51 0.01 

Others 0.06 0.05 1.27 0.2 

Person administered de-wormer     

Not applicable: reference     

Veterinary clinic -0.03 0.05 -0.64 0.02 

Others 0.14 0.06 2.51 0.14 

Main practised mating/breeding     

None: reference     

Natural mating -0.02 0.08 -0.23 0.82 

Artificial insemination 0.63 0.12 5.32 <0.001 

Main housing system     

Confined: reference     

Others -0.14 0.20 -0.68 0.5 

None 0.22 0.08 2.58 0.01 

 

3.2. Discussion 

The primary aim of this study was to evaluate the perfor-

mance of Generalized Additive Mixed Models (GAMMs) in 

fitting and predicting cattle milk production variables in 

Tanzania. The study employed panel data, which allowed for 

the consideration of both random and fixed effects, offering a 

thorough examination of the relationships over time and 

across various households. The performance of the GAMM 

(gamma), GAMM (lognormal), and GAMM (inverse normal) 

was compared based on model fitting and prediction perfor-

mances. The GAMM (lognormal) emerged as the 

best-performing model among the models. While the GAMM 

(gamma) model demonstrated slightly better predictive ac-

curacy based on lower RMSE and MAE values, we prioritized 

explanatory power in selecting the GAMM (lognormal) as the 

preferred model. This decision aligns with the primary ob-

jective of the study, which was to understand the relationship 

between cattle milk production and household inputs more 

effectively, rather than solely to optimize out-of-sample pre-

diction. The lognormal model explained 94% of the deviance, 

substantially outperforming the gamma model in capturing 

the variability inherent in the data. This higher explanatory 

power offers deeper insight into the relationships between 

predictors and response, which is crucial for informing policy 

and theoretical implications [26]. 

Studies have compared prediction techniques like Artificial 

Neural Networks (ANNs) and Multiple Regression in fore-

casting milk production [5, 15, 16]. While ANNs are effective 

at capturing complex nonlinear relationships, the GAMMs 

models compared in this study provided more interpretable 

results that can be directly linked to management practices. 

This interpretability stems from the models providing esti-

mates for both fixed and random effects, allowing stakehold-

ers to understand how changes in household inputs affect 

cattle milk production. Additionally, the models allowed 

visualization of nonlinear relationships between household 

inputs and cattle milk production. 

In addition to identifying the best-performing model, this 

study highlighted several key household inputs as significant 

predictors of cattle milk production. These predictors included 

linear and nonlinear relationships with cattle milk production, 

demonstrating the complex nature of the factors influencing 
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dairy performance. Nonlinear relationships were observed with 

predictors such as the total cost of feeding and total labour costs. 

These findings are consistent with earlier research [7]. How-

ever, our study identified additional household inputs, includ-

ing the total cost of water, total cost of veterinary services, 

number of cattle, and area owned that also significantly af-

fected cattle milk production. Moreover, the nonlinear nature of 

these relationships could not be captured by linear models. 

The results also revealed a significant random effect for 

household ID (EDF= 616.11, F-value =3.86, p<0.001), indi-

cating that differences between households contribute signif-

icantly to the variability in cattle milk production. This sug-

gests that household-specific factors, which may not have 

been fully captured by the fixed effects, play an important role 

in shaping cattle milk production. Consequently, the variabil-

ity due to household differences could not be explained by the 

fixed effects alone. This finding highlights the importance of 

incorporating random effects in models when analysing data 

with hierarchical or grouped structures, such as livestock data 

at the household level. Furthermore, it justifies the use of 

GAMMs, which are well-suited to account for both fixed and 

random effects and capture complex relationships between 

predictors and the outcome. This approach provides a more 

accurate understanding of the underlying factors influencing 

cattle milk production, especially when there are unobserved 

variations across different households. 

The results further indicated that major feeding practices had 

a positive relationship with milk production. This finding is 

consistent with earlier research that explored the effect of var-

ious feeding practices on smallholder dairy cattle and pastoral 

camel herds [6]. Despite using cross-sectional data, their study 

identified several feeding practices that were associated with 

higher milk yields in smallholder dairy cattle herds. In contrast, 

our study categorized feeding practices based on whether cattle 

primarily relied on grazing or purchased feed, offering a 

broader perspective on cattle feeding strategies. Additionally, 

our study revealed that the average frequency at which cattle 

sourced water on their own (i.e., cattle getting water inde-

pendently) had a negative relationship with milk production. 

This highlights the importance of not only optimizing feeding 

practices but also ensuring that cattle have consistent and ad-

equate access to water. The findings are in line with previous 

research, which concluded that milk yield decreased signifi-

cantly with increasing water deprivation [8]. 

In addition, our study identified cattle health variables as 

key predictors of milk production, suggesting that animal 

health management plays a crucial role in determining milk 

production. These results are consistent with previous re-

search, which similarly demonstrated the importance of ani-

mal health in optimizing milk production [27]. Our findings 

are also in line with the broader literature, which emphasizes 

the importance of veterinary services in improving production 

efficiency within extensive livestock systems. In particular, 

practices such as tick treatment and vaccinations were found 

to be essential for boosting milk yields. This highlights the 

critical need for integrating veterinary services into livestock 

management, not only to improve animal health but also to 

enhance food production. The significance of these veterinary 

services is further supported by research emphasizing the 

necessity of continued multidisciplinary collaboration and 

coordinated action across sectors to ensure global food secu-

rity and equitable access to animal-based nutrition [28]. 

It is important to note that artificial insemination, as the 

primary breeding method, has the largest positive effect on 

cattle milk production in this study. This finding is particu-

larly notable given the relatively lower influence of other 

management practices. Notably, this result aligns with find-

ings from a study conducted in the same area, which reported 

that 89% of respondents recognized artificial insemination as 

an effective breeding method for increasing cattle milk pro-

duction [29]. However, while that study relied on descriptive 

statistics, our analysis builds on this by employing more ad-

vanced statistical modelling. 

The study also revealed a negative association between 

cattle milk production and two household-level interventions: 

partial tick treatment of herds and deworming carried out by 

veterinary clinics. While these practices are generally in-

tended to support animal health, this finding may seem 

counterintuitive. One possible explanation is that treating only 

a few animals within a herd may contribute to acaricide re-

sistance in tick populations, leading to suboptimal health 

outcomes and reduced milk production in the study area [30]. 

Similarly, the observed association with deworming through 

veterinary clinics could be related to issues in the application 

or choice of dewormers. For example, Tanzanian farmers 

often rely on inexpensive options such as albendazole, which, 

due to frequent and prolonged use, has shown reduced effi-

cacy against gastrointestinal nematodes [31]. These potential 

mechanisms, while consistent with existing literature, remain 

speculative and warrant further investigation to confirm their 

role in influencing milk productivity. 

A fundamental limitation of this study is the model's ina-

bility to consider interactions between household inputs. 

While the model successfully evaluates the independent ef-

fects of individual variables on cattle milk production, it does 

not account for the potential combined effects or interde-

pendencies between these household inputs. In real-world 

settings, factors such as feed purchases, water usage, and the 

main housing system may not operate independently but 

rather interact in complex ways, influencing cattle milk pro-

duction in ways that cannot be captured by the current model. 

Future studies could benefit from incorporating interaction 

terms to better reflect the multifaceted relationships between 

these inputs, providing a more comprehensive understanding 

of their collective impact on cattle milk production. 

Another significant limitation of this study arises from the 

absence of detailed animal-level data. The NPS dataset, which 

was used for this analysis, primarily focuses on house-

hold-level information and does not provide specific details 

about individual animals, such as breed, lactation stage, age, 
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or parity. These animal characteristics are known to be im-

portant factors influencing productivity and milk production 

in cattle. Consequently, our analysis could not account for the 

potential variation in productivity due to differences between 

individual animals. Despite this, we believe that the house-

hold-level variables we included still provide valuable in-

sights into factors that influence cattle milk production at a 

broader scale. For future research, the inclusion of detailed 

animal-level data such as breed, lactation stage, and age 

would enhance the understanding of the specific factors that 

influence cattle milk production. 

Furthermore, given the unexpected negative associations 

between cattle milk production and the use of tick treatment 

on only a few cattle within a herd, as well as the application of 

dewormers by veterinary clinics, future studies should aim to 

explore these relationships in greater depth. Specifically, 

research could examine the effectiveness of partial or selec-

tive tick treatment strategies within herds to determine 

whether more uniform treatment protocols would lead to 

improved cattle health and milk production outcomes. Pre-

vious studies have examined the timing, frequency, and dos-

age of dewormer treatments; however, further research is 

needed in Tanzania, where climate variability may influence 

the effectiveness of these treatments [32, 33]. 

Additionally, the study recommends that any strategy aiming 

at increasing milk production and overall productivity should 

prioritize key factors such as improved breeding practices, 

proper feeding, effective health management, and enhanced 

labour efficiency. Specifically, the study recommends that 

improved breeding strategies, particularly the use of artificial 

insemination, should be emphasized. Also, proper feeding 

strategies should include providing balanced and nutritious 

diets that meet the specific needs of lactating cows and ensuring 

that feed quality is consistently maintained to support optimal 

milk yields. Furthermore, livestock keepers should collaborate 

with local veterinary services to ensure that accurate and ef-

fective tick treatment, deworming, and vaccination programs 

are followed appropriately. Lastly, labour efficiency can be 

enhanced through better training of farm workers, investment 

in labour-saving technologies, and streamlined management 

practices to maximize productivity per unit of labour. By fo-

cusing on these key factors, farmers can create a sustainable 

approach to increasing milk production. 

4. Conclusion 

This study advances the understanding of predictive mod-

elling in cattle milk production by examining the relationships 

between cattle milk production and household inputs using 

generalized additive mixed models (GAMMs). A key con-

tribution of this study lies in its novel application of a GAMM 

framework to nationally representative panel data on livestock 

production. Previous studies have largely relied on linear or 

less flexible modelling techniques, whereas our approach 

captures complex nonlinear relationships while accounting 

for hierarchical data structure. To our knowledge, this is the 

first time GAMMs have been used to analyze this dataset in 

the context of smallholder dairy production in Tanzania, of-

fering new insights into household inputs affecting milk 

production. The study provides practical recommendations 

for optimizing farm management, including the use of artifi-

cial insemination, improved labour management, adherence 

to vaccination, deworming, and tick treatment schedules. 

Additionally, sustainable feeding practices are emphasized. 

The methodology used in this study provides key insights and 

lays the groundwork for future research, especially in im-

proving predictive models by exploring how interactions 

between household inputs affect cattle milk production. 
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Data Availability Statement 

The data used in this study were obtained from the Tanzania 

National Panel Survey (NPS) waves 3, 4, and 5, available 

through the World Bank Microdata Library. The data can be 

accessed by creating an account and requesting access 

through the Microdata Library portal at 

https://microdata.worldbank.org. Please note that access to 

these datasets may require approval from the data provider. 

Additional Information 
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questionnaire for waves 3, 4, and 5, which is available for 

reference. Descriptive statistics derived from the data are 

included in this study. For further details on the questionnaire 

and descriptive statistics, refer to the supplementary materials 

provided. 
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