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Introduction
Goat milk is valued for its easy digestibility and for the 
production of high-value cheeses [1,2]. Its nutritional 
significance has three aspects: it is an important food source 
in developing countries affected by hunger and malnutrition, 
an alternative for consumers with allergies or gastrointestinal 
disorders in developed countries, and a product sought by 
health-conscious consumers [3]. Goat milk has been reported 
to support physiological functions in children and the elderly 
and to be consumed by individuals with milk allergies 
without adverse symptoms [4], and studies have addressed its 
nutritional properties, health benefits, production methods 
and comparison with other milk types [5].

India, Sudan, Pakistan, Bangladesh and France are the 
leading producers of raw goat milk, and Türkiye ranks 

seventh, with 482.25 thousand tonnes in 2024 [6]. In 
these countries goat farming is closely linked to rural 
livelihoods. In India, indigenous dual-purpose breeds 
support small and marginal farmers [7,8], and goat milk is 
popularly believed, without scientific substantiation, to 
help in the treatment of dengue fever [9]. Milk consumption 
is embedded in traditional dietary and pastoral practices 
in Sudan [10]; rising demand and the contribution of goat 
farming to household income and employment have 
increased interest in the activity in Pakistan [11,12]; and goat 
farming is economically important in Bangladesh despite 
limited production technology and the socio-economic 
constraints of farmers [13,14]. France has the most organized 
goat milk market in Europe [15]; its sector specializes in 
largely industrial cheese production, and milk accounts 
for 90-93% of gross income on dairy goat farms [16,17]. 
In Türkiye, goat husbandry has a long history on the 
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Anatolian Plateau, reflecting the country’s geography and 
rural socio-economic structure, and goat products are a 
major source of animal protein in mountainous regions 
[18]. Forecasting studies of milk production have relied 
mainly on time-series models. ARIMA was selected for 
total milk production in India [19], a hybrid ARIMA-ANN 
model was the most accurate for buffalo milk production 
[20], autoregressive models predicted weekly goat milk 
yield at farm level [21], and ARIMA was more accurate 
than artificial neural networks (ANN) for goat and total 
milk production in Karnataka [22]. Goat milk yield and 
composition also vary across lactation [23], and trend 
analyses in Türkiye have reported upward trends in several 
animal products [24]. Machine-learning applications in 
the goat-milk sector, by contrast, have mostly addressed 
antioxidant peptides [25], adulteration detection [26], bulk-
tank milk quality [27] and adaptive responses of goats to 
environmental conditions [28] rather than production 
forecasting.

Two gaps therefore remain. Empirically, the earlier 
national-level forecasts of Kaygısız and Sezgin [29] relied 
on data ending in 2016 and could not incorporate the 
2021 peak and the subsequent decline. Methodologically, 
although algorithms such as XGBoost have been applied 
to Turkish agricultural data [30,31], comparative forecasting 
studies have generally ranked models by point-error 
measures such as RMSE [32,33]; such rankings do not 
show whether differences in accuracy exceed sampling 
variability, which can be assessed formally with the 
Diebold-Mariano test [34,35].

The scientific question of this study was whether flexible 
machine-learning algorithms provide a statistically 
detectable forecasting advantage over a parsimonious 
linear benchmark in a short annual production series. 
The null hypothesis of equal one-step-ahead predictive 
accuracy between each machine-learning model and 
ARIMA was tested. The aims were to compare four 
machine-learning techniques with ARIMA using nested 
rolling-origin cross-validation on updated FAOSTAT data 
(1961-2024) and to forecast Türkiye’s annual raw goat milk 
production for 2025-2029 with quantified uncertainty.

Material and Methods
Ethical Approval

Ethics committee approval was not required for this study. 

Data Source and Study Design

Annual raw goat milk production data for Türkiye (1961-
2024, tonnes) were obtained from the FAOSTAT database [6].

Four machine-learning algorithms (Decision Tree, 
Multivariate Adaptive Regression Splines, Support Vector 
Regression and Extreme Gradient Boosting) were compared 

with an ARIMA benchmark using nested expanding-
window cross-validation, and the selected specification was 
used for probabilistic forecasts for 2025-2029.

Data Preparation and Time-Series Diagnostics

Stationarity of the untransformed series was assessed with 
the Augmented Dickey-Fuller (ADF), Phillips-Perron 
(PP) and KPSS tests [36-38]; ADF and PP test a unit-root null 
hypothesis and KPSS a stationarity null. Because structural 
change can reduce the power of conventional tests, the 
Zivot-Andrews one-break test and the Lee-Strazicich 
minimum-LM tests with one and two endogenous breaks 
were also applied [39-41]. Break tests were applied to the 
level series, and conventional tests to the level and first 
difference. The break tests were used diagnostically only: 
the candidate break year was not used to restrict the 
cross-validation training windows, the machine-learning 
features or the final ARIMA estimation, all of which used 
the complete 1961-2024 series.

For the machine-learning models, the response was 
the annual first difference in production (Δyt) and the 
predictors were its first and second lags (Δyt−1 and Δyt−2), 
so every feature was observable at the forecast origin. Full-
sample OLS residuals were not used as predictors. For 
MARS and SVM, the Yeo-Johnson transformation [42] and 
z-score normalization was applied to the two predictors 
to reduce skewness and place them on a comparable 
scale, and were fitted only on the data in each training 
sample; the tree-based models used the untransformed 
predictors. Because the response was not transformed, no 
back-transformation was required when forecasts were 
converted to production levels.

Forecasting Models

General background on the machine-learning methods and 
on resampling-based control of overfitting is given in [43].

Decision Tree Algorithms (DT): Decision trees partition 
the predictor space into homogeneous regions and can 
be used for classification and regression [44-46]; the CART 
algorithm was used [47].

Multivariate Adaptive Regression Splines (MARS):  
MARS represents nonlinear relationships by adding hinge 
functions and then removing terms that do not improve 
the fit [43,48]. Because of the small number of annual 
observations, prod_degree was fixed at 1 (main effects 
only) in the primary model; a sensitivity run allowed 
prod_degree = 2.

XGBoost Algorithm (XGB): XGBoost builds an ensemble 
of decision trees sequentially, each new tree being fitted to 
the errors of the current ensemble [49,50].

Support Vector Machines (SVM): Support Vector 
Regression with a radial basis function (RBF) kernel 
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was used [51-53]; it fits a function whose deviations from 
the observed values do not exceed a tolerance (ε) while 
penalizing model complexity.

ARIMA (AutoRegressive Integrated Moving Average):  
ARIMA was used as the univariate benchmark [19,54].

Hyperparameter Optimization and Nested Expanding-
Window Validation

A nested expanding-window procedure separated 
hyperparameter tuning from model evaluation. After 
lag construction, the data set contained 61 observations 
(1964-2024). The first outer training window included 25 
observations, and each model was tested on the following year, 
giving 36 one-step-ahead forecasts for 1989-2024. Within 
each outer training sample, an inner expanding-window 
resampling initially using 65% of the training observations 
(minimum inner initial window 12 observations; at least 
5 inner assessments) selected hyperparameters without 
access to the outer assessment year. Up to 30 randomly 
drawn candidates were evaluated for the general machine-
learning grids, and 14 candidates for the primary MARS 
model. Preprocessing parameters were learned inside each 
resample. ARIMA was re-estimated at each outer forecast 
origin; d was chosen by the sequential KPSS rule (maximum 
d = 1), and p and q by an exhaustive AICc search over non-
seasonal models. Model comparisons used only the pooled 
predictions from the outer test years [55-57]. Validation was 
based on one-step-ahead (h = 1) forecasts, whereas the final 
projections covered h = 1-5. 

To limit overfitting in this small sample [43], the 
hyperparameter search ranges were restricted and kept 
identical in every training window (maximum tree depth 
5 for the Decision Tree and 4 for XGBoost), interaction 
terms were excluded from the primary MARS model, 
the predictor set was limited to two lagged differences, 
and hyperparameter selection was separated from 
performance evaluation by the nested design.

For each tunable model, candidates were drawn from the 
search ranges in Table 1 using random grids (values drawn 
from uniform or log-uniform distributions, oversampled 

and de-duplicated, then randomly subsampled to the 
target grid size); the small discrete MARS grid was 
evaluated exhaustively. Within each outer training sample, 
the configuration with the lowest pooled inner RMSE 
(computed on the differenced scale; ties broken by pooled 
inner MAE) was selected. Table 1 reports the search range 
for each hyperparameter and the value selected when each 
model was refit to the full 1964-2024 sample.

Structural-Break Sensitivity Checks

Two checks assessed the diagnostic-only treatment of the 
candidate 2009 break. First, ARIMA was re-estimated 
using only post-break observations (2009-2024; 16 
observations), and its order and 2025-2029 forecasts were 
compared with those of the full-sample model. A single 
refit was used because lag construction leaves only 13 post-
break observations, too few for nested cross-validation; 
its intervals were obtained with the same 5.000-path 
i.i.d. residual bootstrap, without the residual-diagnostic 
selection rule. Second, the complete model comparison, 
with identical hyperparameter search, was repeated using 
a fixed 25-observation rolling training window for the 
machine-learning models, producing 36 one-step-ahead 
forecasts (1989-2024) and the same Holm-adjusted 
Diebold-Mariano tests. ARIMA was re-estimated from all 
observations available before each forecast origin under 
both schemes, so its errors were identical in the two 
analyses.

Forecast Accuracy Metrics and Statistical Comparison

Forecast accuracy was measured with RMSE, MAE, 
MAPE and bias on the original production scale. Forecasts 
of annual changes were converted to production levels by 
adding them to the last observed value at each forecast 
origin. All measures were computed from the 36 pooled 
outer-fold errors, because each outer test fold contained a 
single observation [33,55].

Error Metrics

•	 Forecast Error: the difference between the observed 
and predicted production level at horizon i from 
origin T. Written as: ε(T+i) = y(T+i) − ŷ(T+i).

Table 1. Hyperparameter search ranges and final selected values for the four tunable machine-learning models

Model Hyperparameter(s) and Search Range Final Selected Value(s), Full-Sample Refit

Decision Tree cost_complexity: 10^U(−6,−1); tree_depth: {1..5}; min_n: {2..12} cp=3.94e-05; depth=2; min_n=6

MARS num_terms: {2..15} (14 candidates); prod_degree: fixed at 1 for the 
primary model (1:2 evaluated only in the separate sensitivity run) num_terms=3; prod_degree=1

SVM (RBF) cost: 2^U(−5,7); rbf_sigma: 10^U(−5,0); margin (ε): 10^U(−3,log₁₀ 0.5) cost=65.661; sigma=0.00829; margin=0.347

XGBoost
trees: {10,20,...,500}; tree_depth: {1..4}; learn_rate: 10^U(−3,log₁₀ 
0.3); loss_reduction (γ): 10^U(−6,1); min_n: {2..10}; sample_size: 
U(0.60,1.00)

trees=340; depth=2; min_n=6; rate=0.0036; 
gamma=0.0577; sample=0.946

Search ranges follow standard notation U(a,b) for a uniform draw on [a,b] and 10^U(a,b)/2^U(a,b) for a log-uniform draw exponentiated on base 10 or 2, respectively; braces {.} 
denote a discrete uniform draw over the listed integer set
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•	 RMSE (Root Mean Squared Error): RMSE = √[ 
(1/n) × Σᵢ ε(T+i)² ], with n = 36 pooled outer-fold 
predictions.

•	 MAE (Mean Absolute Error): MAE = (1/n) × Σᵢ 
|ε(T+i)|

•	 MAPE (Mean Absolute Percentage Error): MAPE = 
100 × (1/n) × Σᵢ |ε(T+i)/y(T+i)|,  where y(T+i)  is the 
observed production level [55].

Pairwise forecast accuracy was assessed using the Harvey-
Leybourne-Newbold small-sample modification of the 
Diebold-Mariano test with a one-step horizon (h = 1) 
and squared-error loss [34,35]. The tests used the aligned 
production-level errors from the 36 outer folds. Because 
ARIMA was compared with four alternative models, 
Holm-adjusted P-values were additionally reported to 
control family-wise error. As a robustness check, the tests 
were repeated under absolute-error loss.

Final Model Estimation and Forecast Uncertainty

After model comparison, ARIMA was re-estimated on 
all observations up to 2024. Residual autocorrelation 
was assessed with a Ljung-Box test (fitdf-corrected 
for the estimated AR and MA orders) and conditional 
heteroscedasticity with a Ljung-Box test on the squared 
residuals (McLeod-Li test; 10 lags). Under a pre-
specified rule, 95% forecast intervals were obtained 
from a 5.000-path i.i.d. residual bootstrap if neither test 
was significant at the 5% level, and from the analytic 

Gaussian approximation otherwise. Residual normality 
was examined with the Shapiro-Wilk and Jarque-Bera 
tests, and analytic Gaussian intervals were computed for 
comparison (Table 3).

The four machine-learning models were also refit to the 
complete 1964-2024 sample with the hyperparameters in 
Table 1; only ARIMA was used for the 2025-2029 forecasts.

Software

Analyses were conducted in R 4.5.3 under Debian GNU/
Linux 13. The principal package versions were tidyverse 
2.0.0, tidymodels 1.4.1, forecast 9.0.2, earth 5.3.5, kernlab 
0.9-33, xgboost 3.4.2.1, rpart 4.1.27, urca 1.3-4, and future 
1.70.0. The structural-break sensitivity checks were run in 
a separate script in the same R session.

Results
Model Evaluation and Selection

Türkiye’s position among the world’s raw goat milk 
producers in 2024 is shown in Fig. 1. Raw goat milk 
production in Türkiye declined in the early 1960s, 
remained relatively stable from the mid-1960s to the late 
1970s and decreased from the 1980s to its lowest value in 
2009 (192.21 thousand tonnes). It then increased until 
2021 (622.79 thousand tonnes) and has declined since 
(Fig. 2-A).

The conventional tests indicated that the series was 
integrated of order one: ADF and PP did not reject a unit 

Table 2. Pooled outer rolling-origin forecast performance and selected final specifications

Model Selected Final Specification RMSE MAE MAPE (%) Bias

MARS num_terms=3; prod_degree=1 33.07 21.25 6.05 4.53

SVM cost=65.661; sigma=0.00829; margin=0.347 34.11 22.51 6.37 4.55

XGBoost trees=340; depth=2; min_n=6; rate=0.0036; 
gamma=0.0577; sample=0.946 34.36 22.76 6.44 6.67

ARIMA ARIMA (2,1,0) final refit 34.73 22.88 6.61 4.75

Decision Tree cp=3.94e-05; depth=2; min_n=6 36.92 24.84 7.11 4.05

RMSE, MAE, and bias are given in thousand tonnes; MAPE is given as a percentage. The figures are based on 36 one-year-ahead forecasts covering 1989-2024. Errors were 
calculated after the forecasts had been converted back to production levels. The specifications in the table come from models refitted to the full sample and therefore may differ from 
those selected in individual folds. Bias was calculated as actual production minus forecast production. A positive value means that production was underestimated on average

Table 3. Analytic Gaussian versus i.i.d. residual-bootstrap 95% interval widths for the final ARIMA (2,1,0) forecasts

Year Analytic Gaussian 95% Width i.i.d. Residual-bootstrap 95% Width

2025 110.51 165.53

2026 176.42 218.79

2027 251.41 287.70

2028 319.93 346.91

2029 385.80 403.77

Interval widths (Upper 95 minus Lower 95) are in thousand tonnes, computed from the analytic Gaussian and i.i.d. residual-bootstrap forecasts produced for the same final ARIMA 
(2,1,0) specification
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root at the level but rejected it for the first difference, 
whereas KPSS rejected level stationarity but not first-
difference stationarity (Table 4). Zivot-Andrews rejected 

the unit root only in the intercept-break model, with 
a break in 2009; the trend-break and combined-break 
models and all Lee-Strazicich specifications did not reject 

Fig 1. World raw goat milk production in 2024. Map produced by the authors from FAOSTAT data [6], available 
under CC BY 4.0; thousand tonnes; colours are shown on a logarithmic scale

Fig 2. Observed and forecast raw goat milk production in Türkiye. (A) Full time series with observed values (solid 
black line) and ARIMA (2,1,0) forecasts for 2025-2029 (red dashed line and points), together with the diagnostically 
selected 95% residual-bootstrap interval (shaded region) based on 5.000 simulated paths; (B) Zoomed view of the 
2010-2029 period. Values are expressed in thousand tonnes. Figure produced by the authors from FAOSTAT data 
[6] (CC BY 4.0) and the forecasts of this study
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it (Table 4). First differencing was therefore retained for 
the primary models.

Pooled performance of the 36 one-step-ahead outer 
forecasts (1989-2024) is given in Table 2.

MARS had the lowest RMSE, MAE and MAPE, with an 
RMSE 4.79% lower than that of ARIMA; SVM, XGBoost 
and ARIMA had similar errors, and the Decision Tree had 
the highest (Table 2). None of the four Diebold-Mariano 
comparisons with ARIMA was significant, before or 
after Holm adjustment (Table 5), and the conclusion was 
unchanged under absolute-error loss (DM statistics −0.983 
to 0.941; raw P≥0.332; all Holm-adjusted P=1.000). All 
models had a positive mean bias (Table 2). For every model, 

the two largest absolute errors occurred in 2010 and 2022, 
the years following the 2009 trough and the 2021 peak: 
production was underpredicted in 2010 (by 87.67-98.51 
thousand tonnes) and overpredicted in 2022 (by 89.63-
112.75 thousand tonnes). The largest single error accounted 
for 20.1-25.9% of each model’s pooled squared error.

The unrestricted MARS variant (prod_degree = 1:2) gave 
the same predictions as the primary model in 33 of 36 
folds, but its pooled RMSE was more than twice as high 
(Table 6). This difference arose mainly from the 2012 test 
year, in which the lagged-difference input fell outside the 
training range: the unrestricted variant predicted −19.01 
thousand tonnes, whereas the primary model predicted 

Table 4. Unit-root and structural-break test results for the annual goat milk production series, 1961-2024

Test Series and Specification Statistic 5% Critical Value Break Year(s) Decision at 5%

ADF Level; constant and trend −1.750 −3.450 − Unit root not rejected

PP Level; constant and trend −1.706 −3.481 − Unit root not rejected

KPSS Level; constant and trend 0.156 0.146 − Stationarity rejected

ADF First difference; constant −3.059 −2.890 − Unit root rejected

PP First difference; constant −6.769 −2.908 − Unit root rejected

KPSS First difference; constant 0.288 0.463 − Stationarity not 
rejected

Zivot-Andrews Level; intercept break −5.918 −4.800 2009 Unit root rejected

Zivot-Andrews Level; trend break −3.636 −4.420 2004 Unit root not rejected

Zivot-Andrews Level; intercept and trend break −3.591 −5.080 2003 Unit root not rejected

LS, one break Level; Model A (level break) −1.807 −3.566 2003 Unit root not rejected

LS, one break Level; Model C (level and trend break) −3.812 −4.463 2010 Unit root not rejected

LS, two breaks Level; Model A (level breaks) −2.023 −3.842 2003; 2010 Unit root not rejected

LS, two breaks Level; Model C (level and trend breaks) −4.914 −5.730 2006; 2016 Unit root not rejected

ADF, augmented Dickey-Fuller (lag length selected by BIC, maximum 4); PP, Phillips-Perron and KPSS (bandwidth 10); LS, Lee-Strazicich minimum LM test (lag selection general-
to-specific, maximum 4). ADF, PP, Zivot-Andrews, and LS test the null of a unit root; KPSS tests the null of stationarity. The break tests were used diagnostically only (see Materials 
and Methods)

Table 5. Primary (expanding-window) Diebold–Mariano tests against the ARIMA benchmark, all four comparisons

Comparison (ARIMA vs.) DM Statistic Raw P-value Holm-adjusted P

MARS 0.943 0.352 1.000

SVM 0.299 0.767 1.000

XGBoost 0.176 0.861 1.000

Decision Tree −0.947 0.350 1.000

Figures are taken directly from the pooled outer-fold predictions of the primary analysis

Table 6. MARS interaction-term (prod_degree) sensitivity check

Measure MARS (prod_degree=1, primary) MARS (prod_degree=1:2, unrestricted)

Pooled outer-fold RMSE (thousand tonnes) 33.07 72.14

Folds with a different prediction than the other variant (of 36) − 3

Worst single-fold outcome (2012 test year) 316.48 (valid; error +52.95) −19.01 (invalid: negative production)

RMSE and forecast values are in thousand tonnes
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316.48 thousand tonnes (actual: 369.43 thousand tonnes). 
The difference between the two variants was not significant 
(DM = −0.999, raw P=0.324, Holm P=0.324).

Re-estimation on the post-break observations (2009-
2024) selected the same ARIMA (2,1,0) order. Its forecasts 
were close to the full-sample forecasts in 2025 but lower 
thereafter (376.19 versus 420.39 thousand tonnes in 
2029), and its interval was wider at the five-year horizon 
(Table 7).

With a fixed 25-observation rolling window, the pooled 
RMSE and MAPE of all four machine-learning models 
were higher than with the expanding window; the 
increase was largest for the Decision Tree and SVM and 
smallest for XGBoost and MARS (Table 8). MARS again 
had the lowest pooled error, and none of the Holm-
adjusted Diebold-Mariano comparisons with ARIMA was 
significant (Table 9).

Final Production Forecasts

The full-sample ARIMA (2,1,0) model (AIC = 1474.20, 
AICc = 1474.61, BIC = 1480.63) showed no residual 

autocorrelation (Ljung-Box Q* = 6.517, df = 8, P=0.590) 
and no squared-residual dependence (McLeod-Li, 10 lags, 
statistic = 2.637, P=0.989); residual-bootstrap intervals 
were therefore used. Residual normality was rejected 
(Shapiro-Wilk W = 0.871, P<0.001; Jarque-Bera = 54.50, 
df = 2, P<0.001), mainly because of excess kurtosis 
(7.48; skewness −0.31), and three of the 64 standardized 
residuals exceeded 3 in absolute value. The bootstrap 
intervals were wider than the analytic Gaussian intervals 
at every horizon (Table 3).

The ARIMA (2,1,0) point forecast declined from 468.22 
thousand tonnes in 2025 to 420.39 thousand tonnes in 2029, 
while the 95% residual-bootstrap interval widened from 
375.08-540.60 to 204.46-608.23 thousand tonnes (Table 7; 
Fig. 2). The 2029 interval includes values above the 2024 
production level (482.25 thousand tonnes) and spans most 
of the range observed in the historical series (Fig. 2-A).

Discussion
MARS ranked first on all three point-error measures, 
but its RMSE advantage over ARIMA (4.79%) was not 

Table 7. Full-sample versus post-break-only ARIMA (2,1,0) forecasts, 2025-2029

Year Full-sample ARIMA (2,1,0) Forecast [95% CI] Post-break-only ARIMA (2,1,0) Forecast [95% CI]

2025 468.22 [375.08–540.60] 469.99 [375.52–528.11]

2026 445.53 [330.08–548.87] 432.10 [304.95–527.43]

2027 435.54 [283.64–571.34] 416.43 [226.80–556.53]

2028 425.91 [243.94–590.85] 391.00 [149.95–577.54]

2029 420.39 [204.46–608.23] 376.19 [70.47–616.03]

Figures are taken directly from the structural-break sensitivity checks described in Materials and Methods; forecast values are in thousand tonnes

Table 8. Pooled outer-fold performance under the expanding-window (primary) and fixed rolling-window training schemes

Model Expanding RMSE Rolling RMSE Expanding MAPE (%) Rolling MAPE (%)

MARS 33.07 34.62 6.05 6.26

ARIMA 34.73 34.73* 6.61 6.61*

XGBoost 34.36 34.82 6.44 6.49

SVM 34.11 38.48 6.37 7.05

Decision Tree 36.92 41.74 7.11 7.72

RMSE is in thousand tonnes and MAPE in percent. *ARIMA’s rolling-window and expanding-window metrics are identical by construction (see Methods). Expanding-window 
values are those reported in Table 2

Table 9. Rolling-window Diebold-Mariano tests against the ARIMA benchmark

Comparison (ARIMA vs.) DM Statistic Raw P-value Holm-adjusted P

MARS 0.048 0.962 1.000

XGBoost −0.046 0.963 1.000

SVM −1.430 0.161 0.646

Decision Tree −1.128 0.267 0.800

Figures are taken directly from the rolling-window structural-break sensitivity check described in Materials and Methods
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statistically significant, and none of the four machine-
learning models differed significantly from ARIMA 
after Holm adjustment. These results should be read as 
a ranking without statistical evidence of a difference, not 
as evidence of equivalence: a non-significant Diebold–
Mariano test indicates only that the 36 pooled one-
step-ahead errors did not provide sufficient evidence of 
a difference, and with so few errors the test has limited 
power to detect differences of the size observed, even with 
the modified Diebold-Mariano statistic recommended by 
Harvey et al.[35]. ARIMA was therefore retained for the 
final projections neither because the test favoured it nor 
because it ranked first, but for reasons that do not depend 
on the test result: it is the most parsimonious specification, 
with directly interpretable parameters; it yields coherent 
multi-step prediction intervals directly [55], whereas the 
machine-learning models were set up here only as one-
step-ahead forecasters of annual changes and do not 
provide comparable probabilistic multi-step forecasts; 
and its point-forecast accuracy was close to that of the 
best-ranked model. The choice is therefore a practical 
one. It does not imply that ARIMA was the most accurate 
point forecaster, that all models performed equally, or 
that differencing removed all nonlinear behaviour or 
structural change from the series; a direct comparison of 
the five-year trajectories implied by MARS and ARIMA 
was not possible within the present one-step framework 
and is noted as a limitation below.

ARIMA has also performed well in earlier forecasts of 
aggregate milk production [19], and Kumar et al. [22] reported 
ARIMA to be more accurate than ANN for goat and total 
milk production, whereas an ARIMA-ANN hybrid was 
the most accurate model for buffalo milk production in 
India [20]. In Turkish livestock series, ARIMA also provided 
the most successful forecasts of goat red-meat production 
in a comparison with exponential smoothing and STLF 
methods [32]. At a much finer temporal scale, autoregressive 
models based on current and previous yields predicted 
weekly goat milk yield well in a farm-level study [21], although 
that setting is not directly comparable to annual national 
aggregates. In our analysis, no model was clearly superior, 
and the machine-learning models were retained as out-of-
sample comparators rather than used to generate the 2025-
2029 projections. Evidence from other domains is mixed: 
in seasonal rainfall forecasting in India, XGBoost was more 
accurate than ARIMA and several other machine-learning 
models [50], whereas in an early comparison of support vector 
machines, recurrent neural networks and ARIMA models, 
ARIMA performed best on linearly generated data, support 
vector machines gained an advantage only on a strongly 
nonlinear chaotic benchmark, and the two performed 
equally on a real industrial series [53]. The absence of a 
detectable advantage for the machine-learning models here 

is consistent with, but does not demonstrate, a largely linear 
dynamic in the differenced production series. Updating 
the series to 2024 matters because the 2021 peak and the 
subsequent decline are now part of the observed data: the 
ARIMA forecast for 2026 (445.53 thousand tonnes) is lower 
than the 495.54 thousand tonnes projected by Kaygısız and 
Sezgin [29] from data ending in 2016. Because the current 
95% interval for 2026 (330.08-548.87 thousand tonnes) 
includes their estimate, this difference is not sufficient to 
conclude that the earlier forecast was inaccurate. Using 
breed-level Turkish Statistical Institute data for 1991-2019, 
Serin and Siren [24] found that trend tests disagreed on the 
direction of Anatolian Black goat milk production, with 
some indicating an upward and others a downward trend; 
because their series ended in 2019 and differed in source 
and coverage from the national FAOSTAT totals used here, 
it did not include the 2021 peak and subsequent decline, 
and the two analyses are not directly comparable. Finally, 
Şahin Demirel and Erik [31] used XGBoost to examine the 
effect of climatic variables on small-ruminant milk yield at 
the provincial level; multivariate applications of this kind 
complement the univariate national-level comparison 
presented here.

Goat milk production rose after the 2009 trough, peaked 
in 2021, and has declined since then [6]. Goat milk supply 
in Türkiye rests largely on the indigenous Hair goat, which 
accounts for most of the national herd, whereas specialised 
dairy genotypes such as Maltız and Saanen are limited in 
number and concentrated in the Aegean and Marmara 
regions [18]. Structural factors of this kind are not observed 
by a univariate model, and their contribution to the turning 
points in the series could not be assessed here. The ARIMA 
point forecasts continue this decline gradually, from 468.22 
thousand tonnes in 2025 to 420.39 thousand tonnes in 2029, 
but the residual-bootstrap intervals widen considerably as 
expected for a differenced (d = 1) ARIMA model whose 
prediction intervals continue to grow with the forecast 
horizon [55], and, by 2029, are compatible with further 
decline, stabilization, or recovery; the point forecasts are 
therefore best read as one plausible path rather than a 
firm prediction. Because the final-model residuals were 
heavy-tailed, the residual-bootstrap intervals, which do not 
assume normality, were wider than the analytic Gaussian 
intervals at every horizon (Table 3), indicating that a 
Gaussian approximation would have understated forecast 
uncertainty. All models also had a positive average bias, 
that is, they underpredicted production on average (Table 
2). Because every model forecasts annual changes from the 
most recently observed level, it can respond to a turning 
point only after that turning point has been observed; 
consistent with this, the two largest errors of every model 
occurred in 2010 and 2022, immediately after the 2009 
trough and the 2021 peak.
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Methodologically, the study combines nested rolling-
origin validation, which separates hyperparameter 
tuning from performance evaluation [44] and follows 
recommendations to use rolling origins, recalibration at 
each origin and multiple test periods when evaluating 
forecasts on a single series [56,57], with Holm-adjusted 
Diebold-Mariano tests, which assess whether ranking 
differences exceed what would be expected from sampling 
variability [34]. Earlier comparative forecasting studies of 
Turkish livestock and crop series identified the best-
performing method for each series [32] or ranked models 
by test-set RMSE from a single training–testing split [33]; 
the present results show that a first-place ranking need 
not be statistically distinguishable from a parsimonious 
benchmark. While machine-learning algorithms continue 
to be applied in regional yield modelling and climate-
livestock studies [31], and, in the goat sector, mostly to tasks 
other than production forecasting, such as adulteration 
detection [26], milk-quality prediction [27] and modelling 
adaptive responses to climatic conditions [28], their added 
value for short univariate macro-level series should be 
demonstrated empirically rather than assumed. 

The MARS interaction-term sensitivity check provides 
empirical support for the a priori decision to fix prod_
degree at 1 in the primary MARS specification. Allowing 
interaction terms changed the prediction in only 3 of 36 
folds, so the practical cost of this restriction was minimal 
in most years; however, because MARS represents 
interactions as products of spline basis functions [48], an 
input outside the training range enters the prediction 
through a product term; in the one fold where the 
lagged input fell outside the range observed in training, 
permitting interactions led the model to extrapolate to 
a physically impossible negative production forecast, 
more than doubling the pooled RMSE. This single fold 
dominated the mean-squared-error comparison of the 
two variants, yet the Diebold–Mariano test did not identify 
the difference as significant. It also supports preferring 
the simpler, more stable specification when the training 
sample is this small [44] The Decision Tree ranked last on 
all three point-error measures; because a regression tree 
predicts a constant value within each terminal node [44], 
the selected depth-2 tree could return at most four distinct 
predicted changes, limiting its ability to follow the series.

The Zivot-Andrews test, which estimates the break date 
from the data [39], indicated a candidate intercept break 
around 2009, whereas the Lee-Strazicich tests, which 
allow for breaks under both the null and the alternative 
hypotheses so that a rejection unambiguously implies 
trend stationarity [40] and spurious rejections are avoided 
[41], did not reject the unit root under any specification 
(Table 4). Because this candidate break was used only 
diagnostically in the primary analysis rather than to 

restrict model estimation or validation, two sensitivity 
checks examined whether this choice mattered in practice. 
Re-estimating ARIMA from post-break data alone 
reproduced the same model order and a broadly similar, 
if somewhat lower and less certain, five-year forecast path, 
suggesting that the diagnostic-only treatment of the break 
did not conceal a materially different post-break dynamic. 
Repeating the full model comparison with a fixed rolling 
training window, rather than the expanding window used 
throughout [56], did not improve the machine-learning 
models’ relative standing against ARIMA - if anything, 
every machine-learning model performed somewhat 
worse with less historical data to draw on, and none 
was significantly different from ARIMA under the same 
Holm-adjusted Diebold–Mariano procedure. Taken 
together, these checks support treating the reported 
model comparison and forecast trajectory as reasonably 
robust to the candidate structural break, while the 
wider intervals obtained under the post-break-only re-
estimation reinforce, rather than contradict, the emphasis 
already placed on forecast uncertainty.  These checks do 
not, however, model the break explicitly (for example, 
through break dummies or regime-specific parameters). 
The post-break analysis, based on a single refit, addresses 
the stability of the model order and forecast path rather 
than comparative accuracy, and the rolling-window check 
restricted the training history only for the machine-
learning models, so it does not show whether a rolling-
window ARIMA would perform differently.

A key limitation of this study is its univariate approach, 
which relies solely on historical production data. In 
addition, the machine-learning models were given only 
two lagged differences as predictors, a design similar 
to the three-lag autoregressive set-up used with log-
differenced annual FAOSTAT data for cherry production 
in Türkiye [33]; this safeguards against overfitting with 61 
observations, but it effectively reduces these algorithms 
to flexible second-order autoregressive functions and 
prevents them from exploiting their main strength, the 
combination of many predictors. With 61 observations 
after lag construction, flexible algorithms such as 
XGBoost and RBF-SVR also carry a risk of overfitting 
and of unstable, high-variance predictions [43]; the design 
restrictions described in the Methods limit but do not 
eliminate this risk, and with only 36 pooled errors small-
sample instability cannot be excluded as an explanation of 
the non-significant Diebold-Mariano results. This design 
constraint, and not only the small sample, is a plausible 
explanation for the absence of significant differences 
from ARIMA. Future work could incorporate exogenous 
variables such as feed prices, climate conditions, and 
macroeconomic indicators, support policies and animal-
health events, the latter two having been proposed as 
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factors behind trends in Turkish livestock production [24], 
using model classes designed for such inputs, for example 
ARIMAX- or SARIMAX-type dynamic regression models, 
structural and Bayesian structural time-series models, 
or panel-data models across provinces; in a multivariate 
comparison for raw milk supply in Türkiye, SARIMAX 
gave the most accurate forecasts, followed by XGBoost [30]. 
Hybrid approaches, such as modelling ARIMA residuals 
with a machine-learning model, analogous to the ARIMA-
ANN hybrid that was most accurate for buffalo milk in 
India [20], were also not evaluated here.

A further limitation concerns the forecast horizon used 
for model evaluation: model comparison and selection, 
including the Diebold-Mariano tests reported above, were 
based exclusively on one-step-ahead (h=1) rolling-origin 
errors, whereas the final projections extend to a five-
year horizon (h=1 through h=5). The relative ranking of 
ARIMA and the machine-learning alternatives at longer 
horizons was therefore not assessed within the same 
cross-validated framework, and the reported comparative 
accuracy should be read as evidence about one-year-
ahead performance rather than about the full five-year 
forecast path; future work should evaluate multi-step 
accuracy directly. Finally, the sampling uncertainty of the 
error metrics themselves was not quantified (for example, 
through bootstrap confidence intervals for RMSE 
differences), although the Diebold-Mariano conclusions 
did not change when absolute-error loss was used instead 
of squared-error loss.

Because this study forecasts aggregate production without 
identifying the causal drivers of the projected trajectory, 
its results cannot determine which interventions would 
reverse or mitigate a decline. The width of the prediction 
intervals also argues for flexible, adaptive planning rather 
than commitments tied to a single point forecast. The 
following areas are therefore suggested for further policy 
investigation; they are consistent with, but not derived 
from, the forecasts, and their relevance does not depend 
on which forecast scenario materializes:

•	 Farm productivity and herd quality: whether 
support for small-ruminant farming that focuses on 
animal health, farm management, and productivity, 
including, where appropriate for local climate and 
production systems, the use of higher-yielding 
breeds (within Türkiye, the Kilis and Shami breeds 
are already recognised for higher milk yield than the 
dominant Hair goat [18]), can stabilize supply warrants 
dedicated evaluation.

•	 Value-added processing: if the supply of raw goat 
milk falls or remains uncertain, processing a larger 
share into higher-value products such as cheese, 
yoghurt, and ice cream [5] could raise income from the 

existing supply In European dairy goat sectors, milk 
is largely processed on-farm for national markets, 
with some protected-designation cheeses exported 
[17], and in some markets the commercial range of 
goat milk products, including fermented drinks and 
organic products, has been expanding [4]. Feasibility 
nevertheless requires separate market and cost 
analysis, particularly because marketing margins 
along the Turkish goat-product value chain have been 
described as irregular [18].

•	 Data infrastructure: annual aggregates [6] cannot 
capture within-year variation such as the lactation-
stage changes in milk yield and composition reported 
for goats [23]; more frequent, granular, and multivariate 
production data would allow future studies to model 
the drivers of production directly and could improve 
the precision of forecasts.

In conclusion, none of the four machine-learning models 
provided a statistically detectable one-step-ahead accuracy 
advantage over a parsimonious ARIMA benchmark for 
Türkiye’s annual goat milk production, and the ARIMA 
projections for 2025-2029 carry uncertainty wide enough 
to encompass further decline, stabilization, or recovery. 
Forecasts of this kind are most useful as a transparent, 
regularly updated reference for decision support, interpreted 
together with their uncertainty rather than as point targets.
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