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ABSTRACT

For agricultural planning and management in monsoon-dependent regions, accurate classification of annual rainfall
into risk categories is crucial. The predictive effectiveness of several models for rainfall forecasting has been compared
in numerous studies, but the diagnostic significance of model disagreement has not been examined. This study aimed to
analyse whether there is a link between the disagreement between autoregressive integrated moving average (ARIMA)
and Random Forest (RF) and the difference in the accuracy of the predictions given by the two models in seven districts
of Punjab, India (1970-2024). Prior to modelling, a pre-specified, data-driven district selection protocol was used,
which was based on the coefficient of variation (CV) of rainfall, avoiding outcome-driven selection bias. The data were
discretized into three categories (bins) with training-set bin edges to avoid data leakage. Fisher’s exact test, Wilson score
confidence intervals, and block permutation testing were used for statistical inference. In the five reliable districts (cells
n > 3), the prediction accuracy was significantly greater when the model disagreed with the data than when it agreed
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(0.83 vs. 0.52; Fisher’s exact p = 0.022; block permutation p = 0.038). However, the Mansa district (dis.: 0.25; agree:

0.33) had a reverse pattern, indicating that the relationship was not pervasive. The findings are empirically consistent

with the heuristic intuition of ensemble diversity theory but are not derivable from known theorems. The disagreement

between ARIMA and RF can be used as a realistic uncertainty indicator for real-time rainfall monitoring. The findings

are exploratory and hypothesis-generating, as there are small test sets per district.

Keywords: Rainfall Classification; Model Disagreement; ARIMA; Random Forest (RF); Ensemble Diversity; Punjab
Hydrology; Coefficient of Variation; Southwest Monsoon (SWM)

1. Introduction

Punjab, the breadbasket of India, is one of the most
agriculturally productive states in India. The spatial and
temporal distribution of monsoon rainfall is necessary
for the economy and food security of India. Most of the
annual precipitation in the region is due to the southwest
monsoon (SWM), which is normally experienced between
June and September. In Punjab, the monsoon season of 77
days extending from July, August and September, receives
rainfall at an average rate of 6 mm/day ") There is a great
deal of spatial and temporal variability in SWM rainfall
throughout the Indian subcontinent. Kumar et al. affirmed
a considerable spatio-temporal fluctuation of southwest
monsoon rainfall by district in Punjab over 1981-2020
and stressed the prerequisite of robust district-level rainfall
forecasting models . A complex system can be termed a
climate, which influences the atmosphere, hydrosphere,
lithosphere, and cryosphere . Moreover, climate change
and unpredictable monsoons may also be significant wa-
ter stressors in Punjab Y. Both droughts and extreme wet
years are deviations from expected rainfall that have direct
effects on crop yields, groundwater recharge, and irrigation
demand. Extreme events have been continuously increas-
ing because of human-induced activities that have led to
climate change . The variability is further enhanced at
the regional level, whereby local climatic processes and
land-atmosphere interactions result in large inter-district
variability in rainfall distribution. In data-constrained en-
vironments where rainfall data are available only as annual
totals, prediction of rainfall is not the only task; it is also
necessary to understand the variability of rainfall to use
that variability directly to decide. The nonlinearity, ran-
domness, and regional heterogeneity of rainfall patterns,

which are becoming increasingly extreme due to climate

change, make accurate forecasting difficult . Here, con-
sistent categorisation of rainfall into risk levels (low, medi-
um, or high) is a decision-relevant activity in agricultural
planning, flood management, and drought preparedness.
The division of rainfall into discrete risk levels gives an
oversimplified but useful depiction of climatic conditions
and is coherent with the output of models and their usage
in agriculture and water management.

Rainfall forecasting in South Asian settings has been
undertaken with a broad array of techniques, including
classical time-series techniques to current machine learn-
ing models. ML is an Artificial Intelligence (AI) branch
that induces regularities and patterns to offer easier im-
plementation at a low computation cost, quicker training,
validation, testing, and evaluation with higher performance
than physical models, and relatively less complexity .
The measured climate indices and hydro-meteorological
parameters are assimilated in data-driven approaches to
offer more insight ). ARIMA has long been a benchmark
for hydrological forecasting, which provides a parame-
terisation that is interpretable and which has theoretical
underpinnings in time-series analysis. In modern contexts,
ensemble methods like Random Forest (RF) have been
used to solve hydrology problems by taking advantage of
non-linear relationships and feature interactions unavail-
able to ARIMA. As Cheng et al. suggest, the traditional
forecasting methods, including ARIMA methods, cannot
reflect the development of such systems in terms of fore-
casting accuracy, computation load, and their sensitivi-
ty to the amount and quality of the a priori input data ).
Tien Bui et al. also compared the performances of ANN,
SVM, and RF to general application to floods, where RF
performed the best '”. This increasing methodological di-
versity is the subject of most comparative studies, which

concern which model is more accurate. When model dis-
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agreement is viewed as a nuisance, and not potentially
informative. Variability between model predictions may
be utilized to anticipate uncertainty, particularly in circum-
stances with little data, according to recent machine learn-
ing attempts """, Furthermore, two modeling approaches
typically reflect opposing aspects of the complex system;
this finding suggests that conflict may be the result of sig-
nificant data rather than simple error ',

By investigating the diagnostic potential of the dis-
crepancy between ARIMA and RF in the context of rainfall
category prediction, this study closes a gap in the litera-
ture. Two structurally dissimilar models may agree be-
cause of the true signal or because of a shared bias brought
on by the sparse data. When there is disagreement, at least
one model identifies a pattern that the other does not, and
this variety can increase the possibility that one of the two
models will predict the right category. The machine learn-
ing theory’s ensemble diversity principle is heuristically
related to this technique. Crucially, the current ensemble

13141 are based on an ensemble’s total

diversity theorems
error rather than per-case accuracy, which is dependent on
whether two members agree with one another. In the cur-
rent work, disagreement is seen as an empirical indicator
rather than a formal theoretical deduction, and this intu-
ition is interpreted in a disaggregated manner.

The study makes three contributions: First, a
pre-specified, data-driven strategy for district selection is
used to suggest an objective regime categorization (struc-
tured, unstable, sparse) without model outputs (when using
the coefficient of variation (CV) of rainfall). Second, a dis-
agreement analysis methodology that assesses the correla-
tion between prediction accuracy and inter-model disagree-
ment was applied in seven districts of Punjab. Third, the
statistical inference based on Fisher’s exact test is pooled
across all the districts, and this is more powerful than the
test of the core hypothesis that would be supported by each
of the districts separately.

2. Literature Review

2.1. ARIMA in Hydrological Forecasting

The most distinguished time series model, or more

precisely, ARIMA "*! proposed by Box et al. has been

extensively used for hydrometeorological time series %

Moreover, during the last several decades, ARIMA models
have become instrumental tools for various meteorologi-
cal tasks to understand the effects of precipitation and air
temperature ", They are natural candidates with annual or
seasonal rainfall data because of their capability to model
autocorrelation structures in both stationary and differenced
sequences. Several studies have used ARIMA to analyse
Indian rainfall. Mishra and Desai were able to show how
ARIMA can be useful in streamflow forecasting in Indian
river basins "™, whereas Nirmala and Sundaram used ARI-
MA to predict seasonal rainfall in Tamil Nadu ", Sharma
and Singh applied ARIMA to monthly rainfall data from
eight stations in the district of Mandi, Himachal Pradesh "
Dahiya et al. utilized a seasonal ARIMA model on month-
ly rainfall in the Punjab and Haryana states from 1951 to
2020 and found that the ARIMA (1,1,2), (0,1,1) model fit-
ted best to precipitation in Punjab, and forecasted precipi-
tation patterns until 2030, showing the ongoing efficacy of
ARIMA -based methods, such as SARIMA, have also been
applied to study long-term rainfall trends in Punjab and
Haryana, but point forecasting using classification is less
widespread !,

One drawback of ARIMA when it comes to the clas-
sification of rainfall is that it is more of a forecasting model:
it generates continuous predictions, and these need to be
broken into categories by a post-processing step. This brings
a binning decision that influences the accuracy of classifica-
tion independent of model skill. Because ARIMA generates
continuous forecasts, converting their results into discrete
formats creates another source of uncertainty that is not due
to the performance of the underlying model **. Moreover,
classic time-series models can have trouble with non-lin-
ear and complex patterns and tend to be poorer in highly
variable climatic regimes ). The present study can help
overcome this by applying identical, training-set-based
bin edges to ARIMA and RF results, making a reasonable

comparison.

2.2.RF for Rainfall Classification

The RF proposed by Breiman is a collection of deci-
sion trees trained on bootstrapped subsets of data with a ran-
dom selection of features at each split *. The decorrelation
of the trees was achieved by randomly selecting features at

each split and minimizing overfitting *”'. Each tree generates
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a predictor set of response values that are related to a set of
independent values **'. In addition, a collection of such trees
chooses the most appropriate set of classes, which has been
observed to be highly effective in hydrology applications
because it is resilient to noisy data and nonlinear feature
relationships. Shortridge et al. compared RF to ARIMA in
streamflow prediction and discovered that RF was com-
petitive, especially in non-stationary catchments *”. Wani
et al. compared RF with SVR, ANN, and KNN to predict
rainfall across an altitudinal gradient in the North-Western
Himalayas in data-limited scenarios **’. RF can be used
to complement the linear time structure of ARIMA in the
context of rainfall classification because it can represent
lagged relationships and nonlinear thresholds. Associating
ARIMA with RF, Support Vector Machine, Artificial Neu-
ral Network, and XGBoost in seasonal rainfall forecasting
over India, Mishra et al. discovered that “ARIMA models
are likely to overfit the training information”; however,
machine learning models better explained non-linear rain-
fall trends across regions, which justifies the dual-mod-

¥ In addition, Alam and Majumder

el design used here
conducted a comparative study on ARIMA and statistical
approaches to rainfall prediction in Kolkata and found that
none of the models was always dominant under all condi-
tions .

In the current analysis, RF was set to have one lag
(Lag 1, the rainfall of the last year) because of the limited
richness of the data and the fact that parity with the uni-
variate ARIMA model was required. RF works with lag
characteristics to model temporal relationships because it
is inherently unable to remember past observations . Al-
though this is a bare-bones feature set, it is well suited for
an exploratory comparison when the model structure and

not predictive performance maximization is of interest.

2.3. Ensemble Diversity and Disagreement The-
ory

The literature on ensemble learning provides the the-
oretical core of this study’s key hypothesis. Krogh and Ve-
delsby demonstrated that ensemble error could be broken
down into average individual error, excluding ensemble
diversity, which means that diverse models decrease aggre-
gate error even when individual models are not perfect ',

Dietterich generalizes this model further to validate that

model disagreement, as caused by structural differences
and not noise, acts as a diversification of error, and at least
one diverse model will capture patterns that the other mod-
els will not "', Conflict among models has been employed
as a criterion for detecting informative samples in active
learning . Wood et al. pioneered a cohesive theoretical
framework of diversity in ensemble learning, formalising
the circumstances in which model diversity can minimise
aggregate prediction error to provide a contemporary the-
oretical foundation for the hypothesis that structurally
different models (ARIMA and RF) will exhibit a comple-
mentary pattern of error BU In recent years, the connection
between ensemble disagreement and predictive uncertainty
has been revived, and ensemble disagreement has been de-
scribed as indicative of epistemic uncertainty, with areas of
high inter-model disagreement being interpreted as under-
represented and ambiguous inputs in the training distribu-
tion %,

These theoretical verdicts are generally shown to be
true when combined with ensembles (e.g., majority vote,
averaging) rather than on the selective analysis of the
agreement vs. disagreement cases. In the current study, this
lens is used in a slightly unique way: rather than summing
the results of the models, it questions whether, in situations
where the two models are inconsistent, at least one of them
is more likely to be accurate than in situations where both
models agree. It is a disaggregated form of the diversity ar-

gument at the level of single test observations.

2.4. Rainfall Studies in Punjab, India

There has been extensive research on rainfall vari-
ability in Punjab. The non-stationarity of rainfall time
series data is one of the leading problems. The tradition-
al stationary assumptions of statistical models lose their
significance when there is a sudden shift in the mean and
variance of rainfall distributions caused by climatic vari-

"1 Thus, examining rainfall trends

ability and change
across various spatial contexts is essential for comprehend-
ing the fluctuations in rainfall patterns within the disci-
plines of meteorology, hydrology, and climatology global-
1y [33-35

of rainfall in Punjab from 1981 to 2020 using a modified

! Kumar et al. analysed the fluctuations and trends

Mann-Kendall test, revealing a significant increase in an-

nual rainfall across the state . Recent studies conducted
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by Madane and Waghaye utilized the Mann-Kendall and
innovative trend analysis across 20 districts in Punjab from
1951 to 2021, revealing a decline in annual rainfall trends
in various southwestern districts, including Bathinda and
Mansa, while the northwestern districts showed compara-
tively stable or rising trends %

These works all encourage the regime-based ana-
lytical framework that will be taken here: considering all
Punjab districts as a homogeneous population would mask
significant behavioural variations that impact model per-

formance and disagreement.

3. Study Area and Data

3.1. Study Area

Punjab, located in the northwestern part of India
(29.5° N-32.5° N, 73.9° E-76.9° E), encompasses an area
of approximately 50,362 km’ and is divided into 23 admin-

Bathinda

Scale: 1 cm = 21 km

o 25
km

Bl Amritsar
I Bathinda

B Gurdaspur
Hl Mansa

I Jalandhar
Hl Mansa

istrative districts. There are roughly 2.77 million people
living there (Statistical Abstract of Punjab, 2020). With a
distinct monsoon season that lasts from June to September
and provides 70-80% of the yearly rainfall, the climate is
semi-arid to sub-humid. Significant gradients linked to the
Himalayan range and the Bay of Bengal monsoon are im-
plied by the average rainfall amounts, which are noticeably
high and exhibit a wide range (ranging from 180 mm in
the state's southwestern region, like Mansa, to more than
950 mm in the northeastern foothills, like Gurdaspur). The
northwest of Punjab receives abundant rainfall of up to 900
mm, whereas the southwestern part of the state gets much
less at 360 mm "7,

Seven districts were incorporated in this study: Am-
ritsar, Ludhiana, Jalandhar, Gurdaspur, Hoshiarpur, Mansa,
and Bathinda. These districts span the full north-south ex-
tent of the state and represent the range of rainfall regimes

present in Punjab, as shown in Figure 1.

Hoshiarpur

Figure 1. Map of Punjab State, India.

3.2.Dataset

Annual rainfall data for seven Punjab districts were
obtained for the period 1970-2024 from the Open Gov-
ernment Data (OGD) platform released under the National
Data Sharing and Accessibility Policy (NDSAP), yielding
a primary dataset of approximately 55 years per district. In
order to use the India Meteorological Department (IMD)
operational category thresholds in the sensitivity analysis
and to confirm district-level information, the Indian Mete-

orological Department's Rainfall Information of India

was utilized as a secondary source. There are acknowl-
edged gaps in the data; for example, several districts are
missing from the years 1971-1973 and 2012 since the data
was not available at that time. These gaps were analyzed
rather than imputed. There are no administrative rainfall
records for Mansa previous to 1992 because the district
was formally created on April 13, 1992, from the pre-ex-
isting Bathinda district. The Bathinda and Mansa districts
are located in Punjab's south-western agro-climatic zone,
which is known for brackish groundwater, an average

annual rainfall of about 400 mm, and an agro-landscape

204



Research in Ecology | Volume 08 | Issue 04 | August 2026

that is primarily canal-irrigated *”. This is accurately cap-

tured in the dataset, since there are missing data between
1970 and 1991 and only post-1992 Mansa data (around 32

years) were utilized in all analyses. No proxy imputation

was done during the period before 1992.

To make the models predictive, each district's iso-

lated missing years from the training period were linearly

interpolated, and test-set years with missing values were

eliminated. Depending on the distribution of gaps, each
district can use 32-53 annual observations from the final
dataset.

Figure 2 presents the annual rainfall time series for
all seven districts from 1970 to 2024, clearly illustrating
the inter-district variation in mean rainfall levels and in-
ter-annual variability that motivates the regime-based ana-

lytical approach adopted here.

(solid line = annual; dashed = S-year moving average)
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Figure 2. Annual rainfall (mm) for seven Punjab districts, 1970-2024, with a 5-year moving average (dashed).
Note: Horizontal grey line = district mean. Vertical dotted line in the Mansa panel = 1992 (district formation date).

4. Methodology

4.1. Pre-Specified District Selection

To prevent the outcome-driven district selection

that can result in artificially favourable outcomes, the

three districts to be focused on to analyse the regime

were selected by a pre-specified, data-driven protocol ap-

plied prior to any modelling. The coefficient of variation

(CV = o/p) of the annual rainfall of all seven districts was

calculated based on the complete historical record. CV

ranked the districts in terciles. There were three types of

regimes:

1. Structured regime: The district having the lowest CV
in the bottom tercile (Gurdaspur, CV = 0.246), which
is the most predictable pattern of rainfall.

2. Unstable regime: The district with the highest CV in
the top tercile (Mansa, CV = 0.521), which reflects
the most unstable inter-annual variability.

3. Sparse regime: The district with the lowest average
yearly precipitation irrespective of CV (Bathinda,
mean = 316.9 mm), which is a low-rainfall, and pos-

sibly a data-sparse region.

This choice was fixed before any model fitting or
examination of results. The other four districts (Amrit-

sar, Ludhiana, Jalandhar, Hoshiarpur) were retained in the
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dataset and incorporated in all pooled analyses, which add-

ed some extra statistical power to the testing of the core

hypothesis. Table 1 shows the CV-based ranking of all

seven Punjab districts.

Table 1. CV-based ranking of all seven Punjab districts.

District Regime Mean (mm) Std Dev CvV N (Years) Selected
Gurdaspur Structured (low CV) 959.6 236.2 0.246 52 Yes
Hoshiarpur — 775.4 276.3 0.356 52 No
Ludhiana — 569.6 211.3 0.371 52 No
Amritsar — 547.4 206.7 0.378 53 No
Bathinda Sparse (lowest mean) 316.9 142.3 0.449 52 Yes
Jalandhar — 642.1 298.0 0.464 52 No
Mansa Unstable (high CV) 187.5 97.6 0.521 32% Yes

Note: Mansa data span 1992-2024 due to administrative formation date. Bolded rows indicate the three districts selected for regime-based analysis. CV = coefficient of

variation (o/p). *: Due to data availability, only 32 years of observations were available for Mansa.

4.2. ARIMA Model

In each district, the time series was annualized and
resampled to an annual start frequency (asfreq('YS')), and
any remaining missing values in the training period were
handled by linear interpolation. All the observations except
the last ten years constituted the training set and the re-
maining formed the test set. The training series was tested
via an Augmented Dickey-Fuller (ADF) test to identify the
correct difference order: d = 0 when the series was at the
5% level stationary (ADF p < 0.05), and d = 1 when the
series was not. Maximum likelihood estimation was then
used to fit an ARIMA (1,d,1) model. Recursive forecasting
was applied to the model to produce out-of-sample fore-
casts for the ten test years.

Continuous forecast values were then discretised
into Low, Medium or High categories based on bin edges
calculated only using the training-set rainfall distribution
(binning with equal widths over the training range, 1%
boundary padding to accommodate edge cases). This was
done to make sure that test-set rainfall values were not
used during the bin boundaries determination to avoid data
leakage.

The results of the ADF test statistic, p-value, selected
differencing order, and Ljung-Box test results for residual
diagnostics are presented in Table A1 (Appendix A) for
each district. Five districts were stationary at the 5% level
(d = 0): Amritsar (ADF p = 0.015), Jalandhar (p < 0.001),
Gurdaspur (p = 0.028), Mansa (p < 0.001), and Bathinda
(p <0.001). Ludhiana (p = 0.964) and Hoshiarpur (p =

0.189) required first differencing (d = 1). Six of the seven
districts had adequate fit, according to Ljung-Box residual
diagnostics (p > 0.05 at both lag 5 and lag 10). The resid-
ual autocorrelation of the Ludhiana district at lag 10 (p =
0.011) warrants attention, since the ARIMA (1,1,1) mod-
el might not be the best fit for the data from this district.
The Akaike Information Criterion (AIC)-based robustness
checks (Table A2), which allow district-specific order se-
lection, provide a complementary perspective on this lim-

itation, which is further discussed.

4.3. RF Classifier

An RF classifier with 100 trees and a fixed random
seed (42) was trained for each district. The input feature
was only Lag 1, which was the amount of rainfall in the
previous year. This sparse set of features was chosen to
preserve structural equivalence with the univariate ARIMA
configuration and to point towards the fact that annual-res-
olution data has only narrow information. The classifica-
tion criterion was the equivalent three-category (Low, Me-
dium, High) of the annual rainfall with the training-set bin
edges applied to ARIMA classification. The training and
test sets were constant in terms of time length as the ARI-
MA.

To perform a sensitivity check, Lag 2 (rainfall two
years prior) was added as the second RF feature. This find-
ing is not an artifact of the single-feature design of Lag 1,
since the directional pattern (disagree accuracy > agree ac-

curacy) was preserved for the same set of reliable districts.
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4.4. Disagreement Analysis

In each test-year observation, both models made
a categorical prediction (Low, Medium, or High). A dis-
agreement indicator was described as:

Disagreement = 1 if the ARIMA prediction # RF
prediction, 0 otherwise.

The empirical indicator was whether either or both
two models predicted the actual amount of rainfall correct-
ly. This is the true definition, which reflects the diagnostic
power of model diversity: as the disagreement increases,
the likelihood that one model is correct is greater, and it
becomes an error-diversification mechanism. The accuracy
was calculated on the subset of test years where the models

agreed and, on the subset, where the models disagreed.

4.5. Statistical Inference

Fisher’s exact test (one-sided, H,: agreement accura-
cy < disagreement accuracy) was used on the cross-district
data and within the individual districts. The pooled test
added all agree case and disagree case observations in all
seven districts to a 2 x 2 contingency table that facilitat-
ed stronger inference as distinguished from each district
analysis. The primary confirmatory analysis consisted of a
sensitivity analysis that was restricted to four districts with
sufficient cell sizes (n > 3 or more in agreement and dis-
agreement states).

Wilson (1927) score 95% confidence intervals were
computed for all reported accuracy proportions, using the

formula:
Cl=(p+z*/2n+2" [p(l-p)/n+2*/4n])/(1+2* /n), where z = 1.96.

Wilson CIs are preferred over normal approximation
Cls for small cell sizes, as they remain valid when p'= 0 or
p=1

To address the independence assumption of Fisher’s
exact test, a block permutation test (N = 10,000) was per-
formed, permuting agreement labels independently within
each district block. This retains a within-district temporal
autocorrelation and detaches a cross-district association for
the test. The permutation p-value is a more conservative
estimate of significance that does not assume indepen-

dence between observations.

4.6. Sensitivity to the Binning Scheme

An equal bin width over the range of the training-set
rainfall was used for the main analysis to identify the Low,
Medium and High categories. The analysis was replicat-
ed using a simplified three-class approximation of IMD
operational thresholds **: Deficient (<80% Long Period
Average (LPA)), Normal (80-120% LPA), and Above Nor-
mal (>120% LPA). Note that the official IMD scheme uses
five categories with narrower bands (deficient: <90% LPA;
near-normal: 96-104% LPA; excess: >110% LPA); the
three-class simplification was adopted to maintain parity
with the three-category equal-width binning scheme of the
primary analysis. The no-leakage principle was maintained
by calculating the LPA for each district using only the
training series, without leakage. Table A3 (Appendix A)
reports per-district and pooled results under this alternative
scheme, where the pooled result among reliable districts
was significant (p = 0.009).

5. Results

5.1. Model Performance

Table 2 summarizes the ARIMA and RF accura-
cies, balanced accuracies, disagreement rates, and naive
baseline accuracies for all seven districts. Whereas the
RF models' accuracy varied from 0.20 (Mansa) to 0.70
(Hoshiarpur), the ARIMA models' accuracy ranged from
0.30 (Mansa) to 0.80 (Ludhiana). It's interesting to note
that for all ten test years, Hoshiarpur had no conflict be-
tween the two models; that is, both ARIMA and RF pre-
dicted the same category in every year. Consequently,
Hoshiarpur cannot be utilized in the disagree-state analy-
sis despite its relative accuracy.

While RF performed at or above the majority-class
baseline in four of the seven districts, ARIMA did so in all
seven. Five of the seven districts in both models showed
upward deviations from the persistent baseline, suggesting
that the temporal structure is exploited for purposes other
than simple prediction. The persistence baseline was be-
tween 0.20 and 0.60, and the majority-class baseline accu-
racy was between 0.30 (Mansa) and 0.80 (Ludhiana). The
disagreement rate showed significant variations between
0.0 (Hoshiarpur) and 0.6 (Jalandhar and Gurdaspur), and
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the highest disagreement rate appeared to be associated

with districts having complex or variable rainfall.

Table 2. Per-district model accuracy, balanced accuracy (Bal.), disagree rate, and naive baselines.

District NTest ARIMAAce. RFAce. ARIMABal. RFBal. Disagree Rate  Majority Class (Acc.) Persistence Acc.
Amritsar 10 0.50 0.50 0.50 0.50 0.4 Low (0.50) 0.40
Ludhiana 10 0.80 0.50 0.33 0.21 0.3 Medium (0.80) 0.50
Jalandhar 10 0.50 0.50 0.50 0.50 0.6 Medium (0.50) 0.60
Gurdaspur 10 0.40 0.50 0.33 0.63 0.6 Medium (0.40) 0.50
Hoshiarpur 10 0.70 0.70 0.50 0.50 0.0 Low (0.70) 0.60
Mansa 10 0.30 0.20 N/A N/A 0.4 Medium (0.30) 0.20
Bathinda 10 0.60 0.50 0.50 0.42 0.2 Medium (0.60) 0.60

Note: N/A = balanced accuracy is not computable due to single-class predictions. Majority class column shows predicted class with accuracy in parentheses.

5.2. Accuracy Conditioned on Agreement and
Disagreement

The core findings are presented in Table 3: predic-
tion accuracy given a model agreement/disagreement,
along with the 95% CI of Wilson “” and Fisher's exact test.
The Amritsar, Ludhiana, Jalandhar, Gurdaspur, and Man-
sa districts had a sufficient number of cells (n > 3) in both
states. For these five, four had an accuracy comparable to
or higher than the agreed accuracy. Mansa was the excep-

tion: the accuracy was 0.33 when agreeing and 0.25 when

disagreeing, which is in opposition to the main directional
claim. This is not a fluke but a real discovery to be treated
as such.

The two models showed no disagreement cases
for the district of Hoshiarpur (n_disagree = 0) for all test
years; therefore, a disagree-state accuracy could not be
calculated. There were only two cases with disagreements
in Bathinda (n_disagree = 2), making it difficult to draw
reliable inferences. The two districts were not included in
the primary analysis; they were included for completeness

only.

Table 3. Accuracy conditioned on model agreement vs. disagreement, Wilson 95% Cls, and Fisher's exact test (one-sided, Hi: agree

acc. < disagree acc.).

District Reliable n Agree Acc. (Agree) 95% CI  nDisagree Acc. (Disagree) 95% CI  Fisher’s p
Amritsar Yes 6 0.50 [0.19, 0.81] 4 1.00 [0.51, 1.00] 0.167
Ludhiana Yes 7 0.71 [0.36, 0.92] 3 1.00 [0.44, 1.00] 0.467
Jalandhar Yes 4 0.50 [0.15,0.85] 6 1.00 [0.61, 1.00] 0.133
Gurdaspur Yes 4 0.50 [0.15, 0.85] 6 0.83 [0.43,0.97] 0.333
Hoshiarpur No 10 0.70 [0.40, 0.89] 0 N/A — N/A
Mansa Yes* 6 0.33 [0.10, 0.70] 4 0.25 [0.05, 0.70] 0.833
Bathinda No 8 0.62 [0.30, 0.86] 2 0.50 [0.09, 0.91] 0.867
Pooled (5 reliable districts) — 27 0.52 — 23 0.83 — 0.022
Pooled (all 7 districts) — 45 0.58 — 25 0.80 — 0.051

Note: Mansa meets cell-size criteria but contradicts the directional claim. Cell size n <3 or n = 0; results are not interpretable. Bolded row = primary pooled result (5 reli-
able districts). Italics row = all-7-district robustness check. *: Meets the cell-size criterion for reliability but contradicts the directional hypothesis.

5.3.Pooled Analysis
The 2 x 2 table for the five reliable districts had 27

observations that agreed with the state and 23 disagree-
ment observations (accuracies of 0.52 and 0.83, respec-
tively). The p-value of Fisher's exact test was 0.022, which

was statistically significant at an a value of 0.05. In the

all-district pooled analysis (n = 70), the p-value was 0.051,
which is just above the conventional value, due to the ze-
ro-disagreement data from Hoshiarpur and Mansa's contra-
dictory results.

The Fisher combined p-value method for the seven

individual p-values yielded a non-significant result (y° =
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11.97, df = 14, p = 0.609). The correct interpretation is that
no single district test provides significant evidence by it-
self; therefore, the statistically significant pooled result is
completely dependent on the aggregation across districts.
It is important to note that this is an effect of the combined
dataset and should not be interpreted as a per-district effect
that can be replicated.

To have a valid check on the main fixed-specified
analysis (ARIMA (1,d,1)), the orders of ARIMA were re-
specified by AIC grid search (p, q € {0-3}) for each district,
which consequently gave each district a different order in-
stead of fixing it at (1,d,1). The orders chosen by the AIC are
listed in Table A2. The pooled disagree accuracy was also
higher than the agree accuracy for reliable districts (Fisher's
exact p = 0.095; agree = 12/23 = 0.522 vs. disagree = 20/27
= 0.741), but not as significant as conventional (p = 0.05).

Both types of specifications are reported transparently; the
direction finding remains valid under flexible ordering of
specifications, but it is less statistically safe.

To test the independence assumption used in Fisher's
exact test, a block permutation test (N = 10,000) was per-
formed. Within each district block, agreement labels were
permuted independently, such that there was a temporal
structure within each block but no cross-block association
between agreement status and accuracy. The difference
between the observed statistic (agree accuracy — disagree
accuracy = —0.222) was observed at the 3.8th percentile of
the permutation distribution (i.e., p = 0.038) and was found
to be statistically significant at the 5% significance level,
given a test that does not assume independence across ob-
servations or districts. Figure 3 shows the permutation dis-

tribution.

p = 0.0381 (N=10,000)
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Figure 3. Block permutation test distribution (Data: 1970-2024, N = 10,000).

6. Discussion

6.1. Interpretation of the Core Finding

The significant differences in prediction accuracy
obtained from the table of model agreement and the ability
of the models to better predict the observed data (Fisher’s
exact test, p = 0.022; block permutation, p = 0.038) sup-
port the heuristic intuition behind ensemble diversity theo-
ry in the five reliable districts. Previous ensemble diversity
theorems "*'** focused on the ensemble's prediction er-
ror rather than the per-case accuracy given the agreement

or disagreement of the two members. Thus, the present

finding is an empirical extension of this intuition and not
something that follows from the theory.

The two models (ARIMA and RF) use structurally
different parts of the data; ARIMA uses temporal autocor-
relation, and RF uses the non-linear relationship between the
rainfall in the previous year and the category of the current
year. In three out of four supporting districts (Amritsar, Lud-
hiana, and Jalandhar), the disagree accuracy was 1.00, indi-
cating that one of the two models was always correct when
the two models disagreed. The absolute improvement with
model disagreement ranged from +0.33 (Gurdaspur: 0.50
— 0.83) to +0.50 (Amritsar, Jalandhar: 0.50 — 1.00) across
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these four districts, with a pooled absolute improvement
of +0.31 (0.52 — 0.83). In practical applications, years of
conflicting models are the years when both models are most
useful (not in terms of the greatest uncertainty).

The practical importance of this finding for agricul-
tural early warning systems in Punjab is that when ARI-
MA-RF disagrees, it could be used as a real-time warning
to produce an additional warning to prompt further inves-
tigation or consultation with other stakeholders without
using another model or extra data. To realize such a sys-
tem in practice, there is a natural classification framework,
which is the operational category of the India Meteorologi-

cal Department **,

6.2. The Mansa Exception

The directionality of the claim is contradicted by a
high cell size in only one district, Mansa (agree cell size
0.33, as opposed to disagree cell size 0.25). There are sev-
eral reasons why this could occur. First, Mansa has only 32
years of data (the district was formed in 1992), the shortest
record of any district studied. Second, for Mansa, the mean
rainfall is extremely low (187.5 mm), and the coefficient
of variance is relatively high (CV = 0.521), which might
lead to a distribution of rainfall with such sharp classifica-
tion boundaries that the choice of bin edges is even more
critical. Third, the six agree state and four disagree state
cases are still too small a sample to allow for conclusions
of any kind; the reversal observed may be the result of ran-
dom variation, not structural. The frank answer is that the
main finding, that there is a disagree-accuracy advantage,
is not found across the Punjab rainfall regime, and Mansa's

result is a testament to that.

6.3. Limitations

There are several shortcomings that must be taken
into consideration. To begin with, the test sets per district
are small (n = 10 years each), which constrains the power
of individual district tests and doesn’t allow high power to
be drawn at the district level. The pooled analysis address-
es this to some degree but assumes that the relationship
between agreement and accuracy is widely constant across
districts—an assumption that might not be true in all hy-

drological situations.

Second, the RF model operates on only one feature
(Lag 1), which can be a low estimate of its potential per-
formance. Meteorological covariates (including tempera-
ture, humidity or large-scale climate variability indices,
e.g., (El Nifio—Southern Oscillation (ENSO), Indian Ocean
Dipole (IOD)) might be of significant value to RF accura-
cy and shift the pattern of disagreement. The existing con-
figuration does not focus on RF performance optimisation
but structural comparability to ARIMA.

Third, the best-fit AIC for each district was calculat-
ed, but each ARIMA model order from (1,0,0) to (3,1,3)
across districts was pooled into a single Fisher's exact
test to determine the overall significance, which gives p
= 0.095, a result that is not significant at the conventional
level (o = 0.05). This finding is marginal even in the flex-
ible, data-driven model selection, and with the small num-
ber of reliable districts (n = 4), it must be interpreted with
caution.

Fourth, residual autocorrelation was observed for AR
at lag 10 (Ljung-Box p = 0.011) in Ludhiana, which makes
ARIMA (1,1,1) a suboptimal model for this district. There-
fore, caution should be exercised when interpreting the re-
sults for Ludhiana.

Fifth, it is limited to seven districts in one state. Rep-
lication with independent data is needed to generalize to
other Indian states or semi-arid regions internationally.

Sixth, the independence of test observations across
the 70 observations in the pooled Fisher's exact test is not
fully satisfied by the temporally autocorrelated series from
several districts in one state. The block permutation test (p
= 0.038) provides a more conservative estimation of the
structure within the districts. The nominal Fisher p-value
should be considered in conjunction with the block permu-
tation p-value.

Seventh, the overall-7-district Fisher p-value is
0.051, which is not significant at o = 0.05, and is only con-
sidered marginal. The main confirmatory result was based
on a reliable five-district subset (p = 0.022).

Eighth, the accuracy of the headline numbers are
not independent of the binning scheme. The absolute ac-
curacy values differed for equal-width binning and IMD
operational categories, with directionally consistent results
(Table A3). The disagree-accuracy advantage should be

viewed in the context of the binning scheme used.
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7. Conclusions

This paper examined the existence of inter-model
uncertainty between ARIMA and RF in the classification
of annual rainfall concerning increasing prediction accura-
cy across seven districts of Punjab. The main conclusions
are as follows:

1. A pre-specified CV-based district selection protocol
was able to recognise three different hydrological
regimes (structured, unstable, sparse) based purely
on raw data properties, without any model fitting.
It is a strategy that can be directly applied to other
multi-district studies and does not suffer from the
outcome-driven selection bias that invalidates com-
parative studies.

ii.  In four of the five districts with satisfactory cell siz-
es, there was a positive association between model
disagreement and prediction accuracy (agree, 0.52;
disagree, 0.83; Fisher's exact p = 0.022, block per-
mutation p = 0.038). In contrast, the shortest data
record and the most extreme low rainfall regime of
Mansa showed an opposing pattern that was a gen-
uine exception that qualified rather than invalidated
the main finding.

iii.  Fisher's combined p-value analysis was used to test

the hypothesis that the results from individual dis-

tricts do not provide significant evidence of the hy-
pothesis, but rather that the statistically significant
overall pooled result is dependent upon pooling
across districts, and as such, the finding is limited in
generalizability per district. This encourages further
research with larger per-district test sets to determine
whether the effect can be measured at the district

level alone.

These are hypothesis-generating and exploratory
findings. The framework should be expanded to cover
all 23 Punjab districts; meteorological variables such as
temperature, humidity, and ENSO indices could be add-
ed to the RF model; and the effect of disagreement-based
flagging on the outcomes of an operational agricultural
early warning system could be tested. The IMD oper-
ational binning scheme was used as a sensitivity study
in the present study (Section 4.6, Table A3); further re-

search could use it as the main classification criterion

and test whether the thresholds based on the LPA provide
more operationally sound thresholds than equal-width

binning.
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Appendix A

Table A1. ARIMA Model Diagnostics per District.

District ADF Stat ADF p Stationary d ARIMA Order LB p (Lag5) LB p (Lag 10)

Amritsar —3.298 0.015 Yes 0 (1,0,1) 0.785 0.551
Ludhiana 0.065 0.964 No 1 1,1,1) 0.172 0.011
Jalandhar =5.115 <0.001 Yes 0 (1,0,1) 0.995 0.935
Gurdaspur -3.075 0.028 Yes 0 (1,0,1) 0.801 0.970
Hoshiarpur —2.250 0.189 No 1 (1,1,1) 0.828 0.945
Mansa —6.044 <0.001 Yes 0 (1,0,1) 0.410 0.646

Bathinda —4.908 <0.001 Yes 0 (1,0,1) 0.606 0.593

Note: ADF test results, selected differencing order, fitted ARIMA specification, and Ljung-Box residual diagnostic p-values at lag 5 and lag 10. LB p > 0.05 indicates ade-

quate residual fit.

Table A2. Robustness Check: AIC-Selected ARIMA Orders.

District AIC Order n Agree Acc. Agree n Disagree  Acc. Disagree Fisher’s p Direction
Amritsar (1,0,0) 6 0.50 4 1.00 0.167 Supports
Ludhiana (3,1,3) 3 0.67 7 0.71 — Supports
Jalandhar (2,0,2) 5 0.60 5 1.00 — Supports

Gurdaspur (2,0,0) 3 0.67 7 0.71 — Supports
Hoshiarpur (0,1,1) 10 0.70 0 N/A — —
Mansa (1,0,1) 6 0.33 4 0.25 — Contradicts
Bathinda (2,0,3) 0.62 2 0.50 — —
P;,fltdn(le)l_ - 23 0.52 27 0.74 0.095 Supports*

Note: Per-district results replicating the core disagree-versus-agree accuracy analysis using AIC-optimised ARIMA order selection. *: Pooled result (p = 0.095) does not

reach significance at a = 0.05, indicating sensitivity to model specification.

Table A3. Sensitivity Analysis: IMD Binning Scheme.

District LPA (mm) n Agree Acc. Agree n Disagree  Acc. Disagree Fisher’s p Direction

Amritsar 536.5 2 0.50 8 1.00 N/A Supports
Ludhiana 542.4 5 0.40 5 0.80 N/A Supports
Jalandhar 628.8 3 0.67 7 0.86 N/A Supports
Gurdaspur 901.5 7 0.29 3 1.00 N/A Supports
Hoshiarpur 777.1 3 0.67 7 0.86 N/A Supports
Mansa 150.8 5 0.00 5 0.40 N/A Supports

Bathinda 296.2 8 0.25 2 0.00 N/A Contradicts

P‘;giz,drgrg" 18 0.44 32 0.81 0.009 Supports

Note: Per-district accuracy conditioned on agreement vs. disagreement using IMD operational categories (Deficient: <80% LPA; Normal: 80-120%; Above Normal:

>120%). Pooled results among reliable districts (n > 3 for both cells) confirm that the directional finding holds under this alternative scheme.
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