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Abstract 

Can paired-sample permutation tests offer reliable inferential power when distributional assumptions 

fail? This research develops a modified permutation testing framework for dependent observations in 

agricultural forecast settings. The method extends Fisher-Pitman procedures by incorporating variance-

stabilizing transformations before permutation, controlling type I error rates under non-normal paired 

differences. We applied the technique to six years of palm oil yield records from Sumatra, Indonesia, 

with 72 matched pairs across growing seasons (2017 2022). The permutation algorithm generated 

exhaustive reassignments for small samples and Monte Carlo approximations with 10,000 resamples for 

larger subsets. The modified test-maintained significance levels within 0.3 percentage points of the 

nominal 5% threshold, outperforming the paired t-test which showed inflation up to 2.1 percentage 

points. Forecast accuracy reached 4.7% MAPE for one-step-ahead predictions. These findings suggest 

permutation methods provide a practical, distribution-free alternative for paired agricultural data. 

 

Keywords: Permutation tests, paired samples, palm oil production, distribution-free inference, variance 
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Introduction 

What happens to the validity of paired-sample inference when the underlying distributional 

assumptions break down? This question carries practical weight in agricultural forecasting, 

where yield data often display skewness and seasonal heteroscedasticity that violate the 

Gaussian framework behind standard parametric tests [1]. The paired t-test relies on the 

assumption that differences between matched observations follow a normal distribution — an 

assumption that tropical plantation data rarely satisfy [2]. 

Permutation tests sidestep distributional requirements by deriving the reference distribution 

directly from the observed data [3]. For paired designs, the procedure considers all possible sign 

changes of differences and computes the test statistic under each reassignment, giving an exact 

p-value for small samples or a Monte Carlo approximation for large ones [4]. Yet permutation 

tests have seen limited adoption in agricultural forecasting, partly because practitioners lack 

guidance on handling temporal dependence in multi-season records [5]. Sumatra’s palm oil 

sector offers a useful testing ground: Indonesia contributes roughly 58% of global palm oil 

output, and prior forecasting work has relied mainly on ARIMA models with conventional 

hypothesis tests [6, 8]. 

This research introduces a modified permutation framework for paired agricultural samples 

that incorporates variance-stabilizing transformation before permutation and demonstrates how 

permutation-derived confidence intervals can sharpen forecast calibration. The analysis uses 

yield records from 72 matched plot pairs in central Sumatra, 2017 2022 [9]. 

 

Theoretical background 
The mathematical foundation of paired-sample permutation tests rests on the exchangeability 

principle. Under the null hypothesis that the treatment effect equals zero, the signs of the  
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Paired differences are equally likely to be positive or 

negative, making each of the 2ⁿ sign assignments 

equiprobable [10]. Let dᵢ = Xᵢ − Yᵢ denote the i-th paired 

difference. The observed Statistic T₀ is compared against the 

permutation distribution obtained by flipping each dᵢ to±dᵢ. 

When differences are not identically distributed, a Box-Cox 

variance-stabilizing transformation is applied before 

permutation [11]. Monte Carlo variants replace exhaustive 

enumeration with B random sign flips, producing p̂ = (1 + ΣI 

(Tᵦ ≥ T₀))/ (B + 1), correcting discreteness bias [12]. For 

forecast calibration, the permutation distribution of residuals 

generates distribution-free prediction intervals that adapt to 

empirical variability of past forecast errors [13]. 

 

Material and Methods 

Material 
This research was conducted at the Department of 

Mathematical Analysis, Dodoma Graduate School of 

Probability Studies, Dodoma, Tanzania, from March 2022 to 

November 2023. The dataset originated from the Indonesian 

Palm Oil Board covering six harvest years (2017 2022) from 

Riau and Jambi provinces of central Sumatra. Seventy-two 

matched pairs of plantation blocks were selected, each 

consisting of two adjacent blocks (average 4.2 hectares) 

receiving different fertilization regimes: standard NPK versus 

an augmented blend with boron and zinc micronutrients [6]. 

Yield was recorded as fresh fruit bunch weight in metric tons 

per hectare per year. Data access was granted under protocol 

IPOB-2022-047, dated 15 January 2022. 

 

Simulation Parameters 
Monte Carlo permutation tests used B = 10,000 random sign 

reassignments per sample pair. For subsets with n ≤ 12, 

exhaustive enumeration of all 2ⁿ permutations was applied 

instead. The variance-stabilizing transformation followed a 

Box-Cox procedure with the optimal λ estimated via 

maximum profile likelihood on the paired differences. 

Forecast models were fitted using ARIMA (1, 1, 1) with 

seasonal order (0, 1, 1)₁₂, selected by the corrected Akaike 

information criterion. All simulations ran on Python 3.10 with 

NumPy 1.24 and SciPy 1.11 on a workstation equipped with 

an Intel Xeon E5-2680 processor and 64 GB of RAM. 

 

Methods 
The analysis proceeded in three stages. First, paired 

differences were computed for each block pair within every 

harvest year, and the Shapiro-Wilk test assessed normality. 

The Box-Cox parameter λ was estimated on the pooled 

difference vector [14]. Second, the modified permutation test 

was applied with the sum of absolute transformed differences 

as the test statistic. Type I error was evaluated through 5,000 

synthetic paired samples of sizes n = 10, 20, 40, and 72 

generated under the null hypothesis. Third, permutation-based 

prediction intervals were constructed from one-step-ahead 

ARIMA forecast residuals, with the 2.5th and 97.5th 

percentiles defining 95% bands. Forecast accuracy was 

measured by MAPE and RMSE over a rolling one-year 

window from 2019 to 2022 [15]. 

 

Results 
 

Table 1: Type I error rates (nominal α = 0.05) across sample sizes 

and testing methods 
 

Sample Size 

(n) 

Paired t-

test 

Wilcoxon 

SR 

Standard 

Perm. 

Modified 

Perm. 

10 0.071 0.054 0.053 0.049 

20 0.064 0.052 0.051 0.048 

40 0.059 0.051 0.050 0.047 

72 0.053 0.050 0.049 0.048 

 

Table 1 present’s empirical type I error rates from 5,000 

replications. The paired t-test showed the largest inflation at 

small sample sizes (0.071 at n = 10). The modified 

permutation test with variance stabilization produced the 

tightest control, never exceeding 0.049. 

 

 
 

Fig 1: Schematic overview of the modified permutation test procedure for paired samples 
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Figure 1 illustrates the sequential stages of the proposed 

method, from data collection through variance-stabilized test 

statistic computation to the permutation-based rejection 

decision. 

 
Table 2: Forecast accuracy metrics for palm oil yield predictions 

(2019 2022) 
 

Year MAPE (%) RMSE (t/ha) 95% CI Coverage 

2019 5.3 1.41 0.938 

2020 6.1 1.78 0.944 

2021 4.2 1.12 0.951 

2022 3.1 0.89 0.958 

Table 2 summarizes forecast performance. MAPE ranged 

from 3.1% to 6.1%, with the highest error in the drought-

affected 2020 season. The 95% CI coverage from the 

permutation approach remained near or above the nominal 

level in every year. 

 

 
 

Fig 2: Observed versus predicted palm oil production with permutation-based 95% confidence intervals, 2017-2022 

 

Figure 2 displays observed and predicted values alongside the 

95% permutation confidence band. Observed production fell 

within the band in every year except a marginal exceedance in 

2020. 

 

Discussion 
The results confirm that the modified permutation test 

maintains tighter type I error control than both the paired t-

test and the standard permutation test when paired differences 

exhibit non-normality. At n = 10, the t-test exceeded its 

nominal rate by more than 40%, while the modified procedure 

stayed within 2% of the target. This improvement stems from 

the variance-stabilizing step, which reduces the influence of 

outlying differences on the test statistic [3]. 

The permutation-derived prediction intervals achieved near-

nominal coverage across all four evaluation years. The 2020 

drought season still produced the widest intervals and highest 

MAPE, a reminder that no purely statistical method can fully 

compensate for extreme climatic shocks [7]. But the 

computational cost of 10,000 Monte Carlo permutations was 

modest — under eight seconds per annual dataset. One 

limitation is that exchangeability can be violated when 

treatment effects vary systematically across pairs, and future 

work might consider stratified permutation schemes 

accounting for known grouping factors such as palm age class 
[16]. 

 

Conclusion: This research developed and applied a modified 

permutation test for paired samples that incorporates variance 

stabilization to improve small-sample inference. When 

applied to Sumatran palm oil production data, the method 

kept type I error rates within half a percentage point of the 

nominal level across all sample sizes examined. Forecast 

bands derived from the permutation distribution of ARIMA 

residuals achieved coverage rates between 93.8% and 95.8%, 

providing a practical tool for one-step-ahead production 

planning. 

The variance-stabilizing transformation addresses the well-

known sensitivity of permutation tests to heteroscedasticity in 

paired designs, extending their applicability to datasets with 

unequal variability across pairs. Integration of permutation 

intervals into a forecasting pipeline shows that distribution-

free inference can complement model-based predictions 

without additional parametric assumptions. Future research 

should evaluate the method on other tropical commodity 

crops and explore adaptive choices of the variance-stabilizing 

function. 
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