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ABSTRACT
Background: Zimbabwe has been experiencing a tremendous shrinkage in the dairy industry for the past two decades; hence, the
future is uncertain. The single-variable time series analysis is a useful tool for forecasting supply and demand, particularly for small
and medium businesses. As a result, models based on historical data patterns can easily proffer plausible forecasts that are critical
for improved planning. The study aimed to investigate the trends of actual milk production and forecast the volume of milk at the
Nharira-Lancashire dairy scheme.
Methods: The present study forecasts milk supply for up to 2 years using historical data from 1995 – 2020. The ARIMA time-series
(p, d, q) model was applied to predict monthly milk yield. Twenty-five years of data on milk yield collected from the milk collection
centre (MCC) were used for modelling. The presence of a trend was checked through time series plot, stationarity through
autocorrelation (ACF) and partial auto-correlation functions (PACF).
Result: The ARIMA (1, 1, 1) model was found to be the best-fitted model for the prediction of monthly milk yield. The results showed
that milk yield data is seasonal and follows a particular trend. The milk production is critically low during the months of August to
September, while 2009 had the lowest volumes of milk.  The forecasts showed that milk yields would increase by 27.5% in 2022.

Key words: ARIMA, Milk output, Seasonality, Trend analysis.

INTRODUCTION
Zimbabwe is witnessing a tremendous decline in the dairy
industry (LIMAC, 2018;  Washaya and Chifamba, 2018).
Milk production has decreased from 262 million litres per
year in 1995 to 54.3 million litres in 2018 (LIMAC, 2018).
Milk is viewed as nature’s only complete (Deshmukh and
Paramasivam, 2016) food and, therefore, has immense
importance in the day-to-day lives of all individuals and
households (Mishra et al., 2020). It provides all the
essential nutrients that are required for the growth and
development of the body. In principle, milk is produced and
consumed in basically all countries and ranks, both in
quantity and value, among the top five agricultural
commodities (FAO, 2013). Globally, whole fresh cow milk
represents 82.7%, followed by buffaloes (13.3%), goats
(2.3%), sheep (1.3%) and camels (0.4%) (FAO, 2013). Cows
are by far the most common dairy animals, with farmers in
developing countries usually keeping them in herds of 2 or 3
(Washaya and Chifamba 2018; Katsande et al., 2013). It is
interesting to note that approximately 150 million
households worldwide are engaged in milk production (FAO
2013). In most developing countries, milk is produced by
smallholder farmers, where it contributes to household
livelihoods (Tadesse, 2018), food securityand nutrition
(Maleko et al., 2018; Pandit et al., 2022). Milk provides
relatively quick returns for small-scale producers and is
an important source of cash income. In these production
systems, dairy animals are a regular and consistent source
of food and cash. Because of this, milk and milk products
are either consumed or sold every day, which is not the

case with crops or meat. It is estimated that world milk
production is projected to increase by 177 million metric
tonnes by 2025, at an average growth rate of 1.8% per year
in the next 5 years (FAO, 2013). In the same vein, per capita
consumption of dairy products is also projected to increase
by 0.8% to 1.7% per year in developing countries and by
0.5% to 1.1% in developed economies (FAO, 2013).
However, the current trends in Zimbabwe indicate
otherwise. It is therefore essential to know the future
production at certain localities that contribute to the growth
and development of the dairy sector. There is always a
great demand for milk and milk products among people
(Taye et al., 2020) and most developing countries are failing
to fulfil this need (Shankar et al., 2023) hence, deliberate
efforts to improve and expand production systems and
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techniques are germane. To achieve this objective, nations
should consider milk monitoring as an operations
management tool used for both individual cows and herd-
level management. As suggested by Haloun et al. (2016)
the economic profitability of dairy farms is dependent on
milk yield. Several studies and much focus have been
centred on individual cow data to predict future trends as
well as the main factor which influences milk production
(Ayadi et al., 2014; Taiwo and  Adewumi, 2017).
Nevertheless, dairy production is influenced by a plethora
of challenges such that a general knowledge of a particular
problem may be inadequate to effect an appropriate
managerial decision, hence a timeline may be convenient
to capture correctly trend, seasonal and cyclic components.
Previous research on modelling milk production in cows
focused on fitting linear or nonlinear deterministic models
to daily, weekly, or monthly milk measurements from
lactations either partial or complete lactation data sets (Taye
et al., 2020). This study was designed to examine the trend
of milk production at the Nharira-Lancashire dairy scheme
as an example, to fit the appropriate model and forecast
the milk production for the future, based on the previously
recorded data from 1995 to 2020.

MATERIALS AND METHODS
Study site
This study was conducted at Nharira Lancashire Milk
Collection Centre (MCC) which is located in Agro-ecological
Region III, 172 km southeast of Harare in the Chikomba
District of Mashonaland East Province. It lies 1450m above
sea level on latitude 19.2S and longitude 30.35 E. The
area receives between 600 to 800 mm of rainfall per
annumand the temperature ranges from 5C to 35C.
Ground frost is common during the cold winter months
(May to July). Granite-derived sandy soils dominate this
area which is highly susceptible to leaching. Sandy clays
are also predominant and are characterized by water
logging during peak rainfall months. Tree Bush Savanna
is the predominant vegetation type comprising of
Brachystegia, Julbernadia and Acacia species.

Data and methods
Milk yields were recorded in litters per cow daily and
averaged on a monthly and yearly basis over time, so this
study employed only secondary data. The time series
analysis method was employed for data analysis. The basic
time series models as introduced by Box and Jenkins
(1976) were employed in the current study to choose the
best-fitting linear model.

Time series method
Time series analysis comprises methods or processes
that break down a series into components and explainable
portions that allow trends to be identifiedand estimates
and forecasts to be made (Kantz and Schreiber, 2004).
Time series analysis probes data points in an attempt to

understand a principal underlying context by use of a model,
then forecast future values based on known past values. In
the current study autoregressive integrated moving average
(ARIMA) model was used. An ARIMA model is a statistical
model used to estimate the temporal dynamics of an
individual times series. ARIMA models have three
components: (1) an autoregressive (AR) component, (2)
an integration (I) component and (3) a moving average
(MA) component. In ARIMA (p, d, q) time series; p denotes
the number of autoregressive terms (AR), d the number of
times the series has to be differenced before it becomes
stationary (I) and q the number of moving average terms
(MA). ARIMA models were used because they are univariate.
For ARIMA models to be useful,  the main assumption is
that past data patterns continue to be evident in the future
(Ramasubramanian and Kannan, 2006). Therefore, these
models use the pattern to predict future expected values.

Trend analysis
Because the data collected was extensible and showed a
term tendency of data to grow or to decline, trend analysis
was performed. The trend model used was the linear trend,
in which the mean of Yt is expected to change linearly with
time where Yt = β0 + β1t based on the least square estimation
method and moving average.

RESULTS AND DISCUSSION
Descriptive statistics for milk yield
The overall mean monthly and yearly milk yield of the series
are presented in Fig 1 and 2 respectively. The highest milk
yield was observed in January throughout the series while
the lowest yield was received in August, however, results
show a remarkable seasonal nature, in which milk yield
decreased from summer, autumn and winter to spring.
Over the year’s milk production dropped and the least milk
yield was recorded in 2009. There is also evidence of yearly
fluctuations over the series. Autocorrelation was evident
across all months.

Model identification
Milk yield data for Nharira-Lancashire forecasting was non-
stationary and showed seasonality (Fig 3). Fig 3 suggests
that statistical properties (mean, variance, autocorrelation)
are not constant over time hence data was seasonal, thus
the time series is trendy (increasing or decreasing over
time). The first bar, where the lag = 0 will always equal 1.0,
that is, an observation Yt is always perfectly correlated with
itself. The drop off after 0 of ACF bars, is suggestive of a MA
(1) model.

Because data was not stationary first order differencing
was done using AR (1) and MR (1) models to give the
autocorrelation function (ACF), a partial autocorrelation
function (PACF) and IACF as shown in Fig 4. A spike at lag
1 (ACF graph) for milk data means that January’s outputs
are correlated with December’s, December’s outputs are
correlated with November’s and so on. In this case, the
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spike is negative which means the relationship is negative
from one month to the next, indicating a decline in milk
yield from one month to the next. However, there were
positive correlations at lags 3, 4, 6, 7, 10 and 11 within the
first 12 months. Nonetheless, the bars do not extend
outside two standard errors, which leads us to believe that
they are not significant, yet lags 1, 5 and 12 were significant.
The PACF adjusts for all previous lags, in contrast to the
ACF which does not adjust for other lags. So, for example,
the PACF at lag 5 is the correlation that results after
removing the effect of correlations due to the terms at lags
4, 3, 2 and 1. The drop in PACF bars after 1 is suggestive of

an AR (1) model thus PACF spikes indicate lags to try for a
pure AR model.

Parameter estimation and validation
 A diagnostic check for different ARIMA models was done in
IBM Corp (SPSS version 22) (2013) based on the criteria of
minimum MAPE and BIC values and the results are shown
in Table 1. ARIMA model (1, 1, 1) has a lower MAPE (100)
and BIC (18.07) and the highest R – square (48%) and is
thus considered for further analysis as shown in Table 2.
Although Models (0,1,1); (0,1,0) and (1,1,0) had lower MAPE
values their BIC and R-square values were high and low

Fig 1: Descriptive analysis of the series of Nharira- Lancashire milk production per month.

Fig 2: Descriptive analysis of the series of Nharira- Lancashire milk production per year.
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Fig 4: Trend analysis of Nharira –Lancashire milk output data from 1995 - 2020.
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Fig 3: The ACF, PCAF and IACF for milk output in Nharira Lancashire from 1995 - 2020.

Table 1: Diagnostic checking for Nharira –Lancashire milk yield data.

Models               SPSS
RMSE MAPE MaxAPE MAE MaxAE  BIC R square

1,1,1 8091.639 100.576 4730.660 4571.167 60454.898 18.076 0.480
1,0,0 8317.374 118.713 58054.252 4609.481 5516.900 18.104 0.460
1,0,1 8333.454 116.152 5325.847 4654.827 58085.822 18.134 0.461
0,1,1 8729.783 35.299 582.628 4682.173 57465.349 18.201 0.395
0,1,0 8921.302 31.331 772.015 4259.813 59499.172 18.219 0.365
0.0,1 9206.981 221.331 11429.794 6140.769 62979.467 18.308 0.339
1,1,0 8781.864 33.698 630.380 4570.333 57948.068 18.213 0.388
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respectively. The R-square values are average which is
not generally the case with continuous data and regression
models, the values were not spurious. White noise for the
data was checked and the results are shown in Table 3.

This is an approximate statistical test of the hypothesis
that none of the autocorrelations of the series up to a given
lag are significantly different from zero. In this case, the
white noise hypothesis is rejected very strongly. The p-
value for the test of the first six autocorrelations is printed
as <0.001. The ACF graph also confirms that data is white
noise because there are significant spikes in the ACF (Fig 2),
thus there is a systematic variation that can be extracted
from the series.  The form of the estimated ARIMA (1, 1, 1)
model for milk yield is shown in Table 4.

Forecasting
Forecast for milk output was done for five years but data
representing 2021 and 2022 are shown in Table 5.
Forecasted results continue to show the seasonality ofmilk
yield.

The series analysed in the current study is considered
consistent and stable and did not present abnormal values
and showed remarkable fluctuations and yearly peaks in
which the highest milk yields occurred between December
and April. Milk yield historically shows trend and seasonality
(Moura et al., 2020; Sanchez et al., 2014). The effects of
season on milk yield have been proposed (Sánchez et al.,

2014) thus the seasonality of milk output is inevitable to
model future productions (Thakur and Gupta, 2020), the
current study also confirms this observation. The main
reason for this trend is to do with pasture availability and
adequate grazing as mentioned by Tavirimirwa et al. (2019);
Ngongoni et al. (2007) and Phiri et al. (2007). Agricultural
production data generally is non-stationary because of
seasonality and trend (Taye et al., 2020). In the current
study milk yield data was non-stationary and first-order
differencing was applied to achieve stationarity, however,
the time series data was considered not strictly stationary
i.e. because some of the data properties remain unaffected
by a shift in the time origin (Montgomery et al., 2008). In
such a case a second form of a time series stationarity,
which is called covariance stationary, where the mean and
variance are finite should be considered as prescribed by
(Heymans et al., 2014), this was however not considered
in the current study.

Stationarity indicates that the marginal distribution of Y
is the same at any point in time (Haloun et al., 2016), results
from the current study do not show strict stationarity. A non-
stationary time series is, therefore, a time series that does
not have either a constant mean, variance, or covariance
over time (Savit 2018; Taye et al., 2020; Heymans et al.,
2014; Moura et al., 2020). The lack of strict stationarity,
even after differencing, was suggestive of a trend because
there was a long-term tendency for the data to increase or
decline. When second-order differencing was employed,
the volatility around the mean became limited, indicative of
over-differencing; hence, we disregarded second-order

(1-B)milk yield t = 19.7029 +
( 1 - 0,3775B)
( 1 - 0,90467B)

at

Table 3: Autocorrelation check for white noise.

                   Autocorrelation check for white noise
To Lag Chi-square DF Pr > ChiSq                                                           Autocorrelations

6 174.90 6 <.0001 0.678 0.470 0.326 0.198 0.100 0.082
12 312.99 12 <.0001 0.090 0.147 0.240 0.356 0.449 0.468
18 378.84 18 <.0001 0.413 0.283 0.152 0.062 0.143 0.020
24 464.09 24 <.0001 -0.015 0.056 0.142 0.254 0.359 0.388

Table 4: Estimated ARIMA (1,1,1) model for milk yield at Nharira-Lancashire dairy scheme.

Model for variable milk yield
Estimated mean 19.70296
Period(s) of differencing 1,12

Autoregressive factors Moving Average Factors
Factor 1: 1 - 0.37752 B**(1) 1 - 0.90467 B**(1)
Factor 2: 1 - 0.08416 B**(12) 1 - 0.99976 B**(12)
The estimated model shown in this output is.

Table 2: Model statistics for Nharira-Lancashire milk yield data.

                                                                Model statistics

Model 1 Number of predictors                      Model fit statistics Ljung-box Q(18)
Stationary R2 R-squared Statistics DF Sig.

Milk output - 0 0.185 0.483 56.097 16 0.000
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66 differencing in the current study. The R2 values in the current

study would be considered average and not as high as
would be expected for most regression models (Heymans
et al., 2014; Haloun et al., 2016), so they were non-spurious.
Spurious results are characterised as empirical results
with very high R-squared estimates and very low Durbin-
Watson statistics, which can be regarded as excellent
results but are not of any use (Heymans et al., 2014). The
monthly and yearly correlation in milk yield in the current
study was expected, however, the autocorrelation was not,
hence, we checked for white noise, of which the hypothesis
was strongly rejected. The only plausible explanation for
this was that the series showed seasonal variation.

CONCLUSION
Milk yield follows seasonality, which entails that it’s governed
by grazing. There is a greater potential within the study
area for improvement, particularly during the dry season,
when milk outputs drop significantly. The observed
fluctuations could be due to climatic factors and weather
conditions as well. Apparently, these fluctuations adversely
affected the monthly milk yield and the contribution of small-
scale dairy farmers to the national milk output. Different
orders of auto-regression and the moving average process
of monthly milk yield were selected by estimating the ARIMA
models at different p,d, q values and  ARIMA (1, 1, 1) was
found to be the best-fitted model. It was demonstrated that
the application of ARIMA models in the prediction of milk
production can be achieved and relied on for future decision-
making in the dairy sector.
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