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Abstract

Potato-price forecasting can support production, storage, and marketing deci-
sions, yet it remains unclear when complex forecasting models provide useful
improvement over simple price persistence. This study evaluates weekly potato
prices from 17 Indian markets during 2005-2015 using 12 forecasting methods,
including statistical, machine-learning, and deep-learning models. Forecasts were
assessed at 1-, 4-, 8-, and 13-week horizons using a rolling-origin design, with
Naive-1, which carries the latest observed price forward, as the primary bench-
mark. Naive-1 achieved the best average performance at one week, indicating
strong short-term persistence. As the forecast horizon increased, improvements
over persistence became more common, reaching 16 of 17 markets at 13 weeks.
Exponential Smoothing (ETS) achieved the best average performance at 4, 8,
and 13 weeks and significantly outperformed Naive-1 across markets at 13 weeks.
Machine-learning and deep-learning models did not provide consistent gains.
Cross-market analysis showed that persistence alone did not explain forecasta-
bility, whereas seasonal strength was increasingly associated with forecast skill
at longer horizons. These findings show that potato-price forecastability depends
more on forecast horizon and temporal structure than on model complexity alone.

Keywords: potato price forecasting, forecastability, persistence, rolling-origin
evaluation, model complexity, multi-horizon forecasting
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1 Introduction

Potato prices are important to both producers and consumers because changes in
market prices directly affect farm income, marketing decisions, storage choices, and
the cost of food. In India, potato markets are particularly exposed to price variation
because production is seasonal, the crop is perishable, and the quantity arriving in
markets changes substantially over the year. Previous studies of major Indian potato
markets have reported pronounced seasonal movements and considerable variability in
both market arrivals and prices (Rana et al. 2003; Saha et al. 2020). Such fluctuations
make it difficult for farmers, traders, storage operators, and other market participants
to decide when to sell, store, procure, or distribute the crop. Reliable information about
likely future prices can therefore support better short- and medium-term decision-
making.

Because of this practical importance, agricultural price forecasting has received
considerable research attention. Existing methods range from traditional statistical
models to machine learning (ML) and deep learning (DL) approaches, with recent
reviews showing a clear movement toward increasingly flexible and hybrid forecast-
ing systems (Sun et al. 2023). Potato-price studies in India have followed the same
progression. Statistical models such as the Autoregressive Integrated Moving Aver-
age (ARIMA) model have been compared with neural-network approaches (Kumar
et al. 2022), while more recent studies have investigated architectures such as Long
Short-Term Memory (LSTM) networks and Neural Basis Expansion Analysis for
Interpretable Time Series Forecasting (N-BEATS) (Praveenkumar et al. 2025; Nayak
et al. 2025). These studies demonstrate that sophisticated models can capture use-
ful patterns in agricultural price data, but they also place considerable emphasis on
identifying the model with the smallest forecasting error.

Selecting the model with the lowest error, however, does not by itself establish that
the price series contains substantial information that is useful for forecasting. Weekly
prices can be highly persistent, meaning that the price observed in one week often
remains close to the price observed in the following week. When persistence is strong,
a very simple forecast that carries the most recently observed price into the future
can already be difficult to improve upon. This rule is commonly called the Naive-1
forecast. Simple benchmarks of this type play an important role in forecasting research
because a more complicated model provides practical forecasting value only when it
performs better than an appropriate simple alternative (Makridakis et al. 2018, 2020;
Petropoulos et al. 2022). The relevant question is therefore not only which model
produces the smallest error, but whether additional modelling complexity extracts
useful predictive information beyond what is already contained in the latest observed
price.

This distinction becomes more important when forecasts are required at different
distances into the future. The forecast horizon refers to how far ahead a prediction is
made; for example, a one-week horizon predicts the following week, whereas a thirteen-
week horizon predicts approximately one quarter ahead. A recent price may contain
substantial information about the next week but progressively less information about
prices several weeks later. At longer horizons, recurring structures such as seasonal
patterns may become relatively more useful than short-term persistence. Forecast



performance may also differ across markets because individual price series can contain
different amounts of persistence, seasonality, trend, and irregular variation. Evaluating
only one horizon or reporting only an overall model ranking can therefore hide an
important part of the forecasting problem: when, where, and why does a model improve
upon a simple benchmark?

Answering this question matters for both forecasting research and agricultural
applications. A complex model that reduces error only marginally, inconsistently, or
only in a small number of markets may not provide the same evidence of predictability
as a method that produces stable improvements across repeated forecasts. Forecast
evaluation should consequently be based on observations that were not used to fit the
model and should examine performance repeatedly through time. Rolling-origin eval-
uation, in which the forecast starting point is progressively moved forward and the
models are evaluated at multiple historical points, provides a principled way to per-
form such comparisons (Tashman 2000). Moreover, numerical improvements should
be distinguished from statistically reliable improvements, because a lower observed
error can arise from ordinary sampling variation. These considerations shift the objec-
tive from simply finding a winning model toward understanding the forecastability
of the underlying market, which in this study refers to the extent to which histori-
cal price information supports out-of-sample forecasts that improve upon the Naive-1
benchmark.

This study investigates forecastability using weekly potato prices from 17 mar-
ket centres in India over the period 2005-2015. Twelve forecasting methods, ranging
from simple benchmarks and statistical models to machine-learning and deep-learning
approaches, are evaluated at forecast horizons of 1, 4, 8, and 13 weeks. All methods
are compared with Naive-1 under a common rolling-origin experimental design so that
improvement is measured relative to the same reference forecast. The analysis then
moves beyond model comparison by examining whether differences in forecasting per-
formance across markets are associated with measurable characteristics of the price
series, including persistence, trend, seasonal structure, price variability, and spectral
structure. Statistical tests and temporal robustness analyses are additionally used to
distinguish descriptive improvements from evidence that is sufficiently consistent to
support broader conclusions.

The contribution of this study is threefold. First, it reframes potato-price fore-
casting as a question of forecastability beyond persistence rather than solely as a
competition among model architectures. Second, it evaluates whether the usefulness
of additional modelling changes with the forecast horizon and across individual potato
markets, thereby identifying situations in which simple and more structured forecast-
ing approaches are informative. Third, it connects observed forecasting gains with
characteristics of the underlying price series, providing an explanation for why some
markets offer greater opportunities for prediction than others. In this way, the study
seeks not only to determine which forecasting approaches perform well, but also to
clarify the conditions under which additional forecasting complexity is justified.

The remainder of the paper is organised as follows. Section 2 reviews previous
research on agricultural and potato-price forecasting and positions the present study
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within the existing literature. Section 3 defines the forecasting problem, the bench-
mark, forecast horizons, and the meaning of forecastability used in this study. Section 4
describes the dataset, forecasting methods, evaluation protocol, statistical tests, and
robustness procedures. Section 5 presents and analyses the forecasting results, includ-
ing horizon-dependent performance and differences in forecastability across markets.
Section 6 discusses the interpretation, practical implications, and limitations of the
findings. Section 7 highlights the main research lessons and practical takeaways from
the study. Finally, Section 8 summarises the main conclusions and directions for future
potato-price forecasting research.

2 Related Work

2.1 Approaches to agricultural and potato-price forecasting

Agricultural price forecasting has progressed from classical statistical models to
machine-learning, deep-learning, hybrid, and information-enriched approaches (Wang
et al. 2020; Sun et al. 2023). Potato-price forecasting follows the same development,
with recent studies increasingly comparing flexible nonlinear models with conventional
statistical methods.

Several studies report gains from neural and deep-learning approaches. Kumar
et al. (2025b) found Long Short-Term Memory (LSTM) to outperform statistical alter-
natives for Agra potato prices, while Praveenkumar et al. (2025) reported the strongest
performance from an attention-based LSTM. Similarly, Nayak et al. (2025) found Neu-
ral Basis Expansion Analysis for Interpretable Time Series Forecasting (N-BEATS) to
outperform Convolutional Neural Network (CNN), LSTM, and Gated Recurrent Unit
(GRU) models. These studies demonstrate the potential of flexible temporal mod-
els, although they mainly focus on identifying the method with the lowest forecasting
error.

Hybrid and information-enriched approaches provide another route to improved
prediction. Decomposition-based methods have shown benefits by separating com-
plex price movements before forecasting (Shankar et al. 2025; Kumar et al. 2025a),
while related-market prices and weather information have improved forecasts by
adding information not contained in the target price series alone (Jaiswal et al. 2025;
Nayak et al. 2024). Automated machine-learning approaches have also achieved strong
performance through model selection and ensemble construction (Kumari et al. 2025).

These studies establish that sophisticated models can improve potato-price fore-
casts under particular settings. However, most emphasise predictive accuracy within
a market rather than whether the improvement exceeds a strong persistence bench-
mark, how that improvement changes with forecast horizon, or why some markets
are more forecastable than others. Table 1 summarises the main differences between
representative studies and the present work.

2.2 Research gap

The comparison in Table 1 highlights a distinction between model accuracy and fore-
castability. Identifying the model with the smallest error does not necessarily show that



Table 1 Comparison of representative potato-price forecasting studies with the present study.

Study Data and approach Main finding Gap relative to present
study

Shankar et al. Multiple northern Indian Decomposition-based Does not examine

(2025) markets; statistical, models performed improvement over a

Kumar et
(2025b)

Kumari et
(2025)

Praveenkumar
et al. (2025)

Nayak et
(2025)

Kumar et
(2025a)

Jaiswal et
(2025)

al.

al.

al.

al.

al.

neural, and EEMD-based
hybrids.

Weekly Agra prices (2003—
2023); ARIMA, SARIMA,
ANN, and LSTM.

Daily Agra prices (2006—
2023); AutoML, boosting,
and stacked ensembles.

‘Weekly Indian prices
(2006—2023); ARIMA,
RNN, GRU, LSTM,
Bi-LSTM, and AM-LSTM.
Weekly Farrukhabad
prices (2003-2023); CNN,
LSTM, GRU, and
N-BEATS.

Monthly prices from Agra,
Delhi, and Bengaluru;
SSA-TDNN and
statistical models.

Delhi and Guwahati prices
with related-market
information; NARX.

strongly, with the best
method varying by market.

LSTM achieved the lowest
forecasting error.

A stacked ensemble
achieved the best
performance.

AM-LSTM achieved the
strongest performance.

N-BEATS achieved the
lowest reported errors.

Decomposition improved
forecasting performance.

Cross-market information
improved forecast
accuracy.

common persistence
benchmark across
horizons.

Single-market analysis
without cross-market
forecastability assessment.
Focuses on predictive
optimisation rather than
improvement over
persistence.

Focuses on model accuracy
rather than horizon- and
market-dependent
forecastability.
Single-market study
without analysis of cross-
market forecastability.

Evaluates a hybrid method
rather than broad model
classes against persistence.

Uses external market
information, unlike the
present univariate
price-only setting.

Present study

‘Weekly prices from 17
Indian markets; 12
methods evaluated at
1-, 4-, 8-, and 13-week
horizons.

Evaluates improvement
beyond Naive-1 and
how forecastability
changes across horizons
and markets.

Relates forecast gains
to market-level
temporal
characteristics to
explain when and why
improvement occurs.

it extracts substantial information beyond a simple persistence forecast. Benchmark-
based and out-of-sample evaluation are therefore important for determining whether
additional modelling provides genuine predictive value (Tashman 2000; Makridakis

et al. 2018; Petropoulos et al. 2022).

A second gap concerns forecast horizon and cross-market variation. A model that
is useful several weeks ahead may provide little improvement for near-term prediction,
and performance may also differ across markets with different temporal structures.
Existing studies show that model performance varies among locations (Shankar et al.
2025; Kumar et al. 2025a), but comparatively little attention has been given to explain-
ing these differences through properties such as persistence, seasonality, trend, and

variability.

The present study addresses these gaps by evaluating 12 forecasting methods
across 17 markets and four forecast horizons under a common rolling-origin protocol.
Performance is measured relative to the same Naive-1 benchmark, statistical testing
distinguishes numerical from reliable improvements, and market-level characteristics
are examined to explain differences in forecast skill. The focus therefore shifts from
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identifying only the “best model” to understanding when, where, and why forecasting
beyond persistence becomes possible.

3 Problem Definition and Forecasting Framework

3.1 Forecasting task and horizons

Let P;; denote the weekly potato price at market ¢ in week ¢, where ¢ = 1,...,17.
Each market is treated as a separate univariate time series, so forecasts use only that
market’s historical prices. External information such as weather, arrivals, storage, or
neighbouring-market prices is not included.

At forecast origin ¢, model m predicts the price h weeks ahead using only
information available up to week t¢:

Pi(,:?h” = fm(Pi1, Pi2,..., Piy). (1)
The study evaluates four forecast horizons,

H ={1,4,8,13} weeks, (2)

representing approximately one week, one month, two months, and one quarter

ahead. Evaluating multiple horizons is important because the usefulness of recent
prices may decrease as the prediction target moves further into the future.

3.2 Naive-1 benchmark

The primary benchmark is the Naive-1 forecast, which assumes that the most recently
observed price remains unchanged:
H(Naive)
P =Pt heH. (3)
Naive-1 is a strong benchmark when prices are persistent, because the latest price
already contains substantial short-term information. A more complex model therefore

provides additional forecasting value only if it improves upon this simple reference
(Makridakis et al. 2018; Petropoulos et al. 2022).

3.3 Forecast skill and forecastability
For model m, market ¢, and horizon h, Mean Absolute Error (MAE) is
MAE, ., = \% 3
nl 5,

where O), denotes the evaluation origins available at horizon h.
Forecast skill relative to Naive-1 is defined as

p(m)
P)i,t-‘rh - F’i,t-‘rh‘t ) (4)

MAE; . m

Sihm=1———"">—.
o MAEi,h,Naive



A positive value indicates lower MAE than Naive-1, zero indicates equal perfor-
mance, and a negative value indicates worse performance. For example, S = 0.10
corresponds to a 10% reduction in MAE relative to the benchmark.

In this study, forecastability beyond persistence refers to the extent to which his-
torical prices allow forecasting models to improve upon Naive-1 under out-of-sample
evaluation. For each market and horizon, the best observed skill is

£3
= max S;hom- 6
R m#Naive Hinm ( )

A positive Si*7 5, eans that at least one evaluated model improves upon persistence,
whereas a non-positive value means that none does. Because S;'k, 5, depends on the
models and information considered in this study, it should not be interpreted as the
maximum forecastability theoretically achievable.

A positive skill score represents a numerical improvement and does not automati-
cally imply statistical significance. Statistical testing is therefore performed separately,
as described in Section 4.

3.4 Explaining cross-market forecastability

The framework also examines why forecastability differs across markets. Five char-
acteristics are considered: short-term persistence, trend strength, seasonal strength,
week-to-week price variability, and spectral structure. Their formal definitions are
provided in Section 4.

These characteristics may affect forecasting in different ways. Strong persistence
can make Naive-1 difficult to beat, while recurring seasonal structure may become
more useful at longer horizons when the latest observed price is less informative. The
analysis therefore asks two connected questions: whether forecasting models improve
upon persistence, and whether differences in that improvement can be associated with
measurable properties of the underlying price series.

4 Experimental Setup

4.1 Dataset and evaluation design

The experiments use weekly potato prices from 17 Indian market centres. Each series
contains 539 observations from 3 January 2005 to 27 April 2015, expressed in Indian
Rupees per kilogram (INR/kg), with no missing observations. Table 2 summarises the
price distributions. The dataset is used as a historical forecasting panel rather than
for current operational price prediction.

A chronological 70:30 split is used to preserve the direction of time. The first 377
observations form the development region and the remaining 162 observations form the
held-out evaluation region. Model selection and hyperparameter tuning are performed
only on the development data, following standard out-of-sample forecasting practice
(Tashman 2000; Petropoulos et al. 2022).

Forecast accuracy is assessed using an expanding rolling-origin design. At each
origin, only observations available up to that week are used for fitting, preprocessing,
and prediction. Forecasts are evaluated at 1-, 4-, 8-, and 13-week horizons. To ensure
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Table 2 Descriptive characteristics of the weekly potato-price
series. All centres contain 539 observations.

Centre Mean SD Minimum Maximum
Agartala 13.83  5.67 5.00 33.00
Ahmedabad 12.40 4.98 5.80 26.00
Bengaluru 15.02 5.39 6.00 32.25
Bhopal 10.21 5.23 4.00 30.00
Bhubaneshwar 10.16  4.82 4.00 35.00
Chennai 14.50 5.49 6.00 35.67
Delhi 13.64 6.30 4.00 37.00
Guwahati 10.89  5.08 5.00 28.00
Hyderabad 14.84 6.03 8.00 36.00
Jaipur 9.27 4.88 4.00 25.60
Kolkata 9.20 4.34 3.00 22.00
Lucknow 10.82  5.40 3.00 30.00
Mumbai 15.88  6.40 7.00 32.00
Patna 9.95 4.49 4.00 26.20
Shillong 11.93 5.36 5.00 27.00
Shimla 13.77 6.23 5.00 36.00
T.Puram 20.41 741 6.96 43.00

that all horizons are compared on identical dates, 149 common forecast origins are
retained per market. Neural models are refitted every four origins for computational
feasibility; no future observation is used in producing an earlier forecast.

4.2 Forecasting models

Twelve methods are compared under the same evaluation protocol: three simple bench-
marks, two statistical models, two machine-learning models, and five deep-learning
architectures. Their principal configurations are summarised in Table 3.

The simple benchmarks are Naive-1, Seasonal Naive, and Drift. Naive-1 carries
the latest observed price forward and serves as the primary persistence benchmark.
Seasonal Naive uses the observation from the corresponding position in the previous
52-week cycle, while Drift extrapolates the average historical change.

The statistical models are Exponential Smoothing (ETS) and Autoregressive Inte-
grated Moving Average (ARIMA). ETS selects combinations of level, trend, and
seasonal components using the corrected Akaike Information Criterion (AICc) (Hyn-
dman and Khandakar 2008). ARIMA, including seasonal components with a 52-week
period, is selected from bounded candidate orders using AICc (Box et al. 2015).

Ridge regression provides a regularised linear machine-learning benchmark (Hoerl
and Kennard 1970), while Extreme Gradient Boosting (XGBoost) provides a non-
linear tree-based alternative (Chen and Guestrin 2016). The deep-learning group
contains Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber 1997), Neu-
ral Basis Expansion Analysis for Interpretable Time Series Forecasting (N-BEATS)



(Oreshkin et al. 2020), Patch Time-Series Transformer (PatchTST) (Nie et al. 2023),
inverted Transformer (iTransformer) (Liu et al. 2024), and Temporal Convolutional
Network (TCN) (Bai et al. 2018). The iTransformer is evaluated in a univariate set-
ting and therefore does not use the cross-variable attention mechanism of its original
multivariate formulation.

Table 3 Forecasting models and principal configuration choices.

Model Family Configuration or selection rule

Naive-1 Benchmark Latest observed price carried forward.

Seasonal Naive Benchmark Corresponding observation from the previous 52-week cycle.

Drift Benchmark Extrapolates the average historical change.

ETS Statistical Error, trend, and seasonal components selected using AICc.

ARIMA Statistical Bounded order selection using AICc; seasonal period = 52.

Ridge Machine learning Lookback L € {13,26,52}; regularisation selected internally.

XGBoost Machine learning Lookback L € {13,26,52}; 50 Optuna trials.

LSTM Deep learning Selected lookback; one layer, 64 hidden units, dropout = 0.1.

N-BEATS Deep learning Selected lookback; two stacks, one block per stack, width = 64.

PatchTST Deep learning Lookback = 26; patch/stride = 8; embedding = 64; four heads;
two layers.

iTransformer Deep learning Lookback = 26; embedding = 64; four heads; two layers.

TCN Deep learning Lookback = 26; three convolutional layers; 32 channels.

4.3 Input construction, tuning, and training

Machine-learning and deep-learning models use historical windows of

L =1{13,26,52} (7)
weeks, representing approximately one quarter, one half-year, and one year of past
prices. For a lookback L, the input sequence is

Xt:[Pt—L+17"'7Pt]? (8)
and the models directly predict the following 13 weekly prices,

vt = [Pit1,. - Pryas) 9)
Only horizons 1, 4, 8, and 13 are retained for evaluation. Price inputs are standard-
ised using the mean and standard deviation calculated from the available training data
only, and forecasts are transformed back to the original price scale before evaluation.
Hyperparameter selection is performed entirely within the development region
using average Mean Absolute Error (MAE) over the four forecast horizons as the tun-
ing objective. Ridge considers 50 logarithmically spaced regularisation values between
10~% and 10*. XGBoost is tuned using 50 Optuna trials (Akiba et al. 2019). LSTM
and N-BEATS select their lookback from the development data, while PatchTST,
iTransformer, and TCN use the fixed configurations in Table 3.
Neural models are trained using the Adaptive Moment Estimation (Adam) opti-
miser (Kingma and Ba 2015), with learning rate 1072, batch size 32, a maximum
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of 200 epochs, and early-stopping patience of 20 epochs. Each neural architecture is
evaluated using five random seeds,

S = {42,43,44, 45,46}, (10)
and the resulting metrics are averaged for the primary comparison.

4.4 Forecast evaluation

Forecast accuracy is evaluated using MAE, Root Mean Squared Error (RMSE), Sym-
metric Mean Absolute Percentage Error (sMAPE), and Mean Absolute Scaled Error
(MASE). MAE and forecast skill relative to Naive-1 were defined in Section 3. RMSE
gives greater weight to large errors, while SMAPE expresses error relative to the
magnitude of the observed and predicted prices.

MASE is the primary scale-independent metric for comparing performance across
markets (Hyndman and Koehler 2006):

1 N ~
N Dot |Vt — Uil
1 T ’
T—1 Zt:Q ‘yt - Z/t—1|
Lower values indicate better forecasts. The main measure of forecastability remains
the skill relative to Naive-1 because it directly quantifies improvement over persistence.

MASE = (11)

4.5 Market characteristics and explanatory analysis

To explain why forecastability differs across markets, five characteristics are calculated
from the 377 development observations: lag-1 autocorrelation, trend strength, seasonal
strength, normalised week-to-week volatility, and spectral entropy. Stationarity is also
examined using the Augmented Dickey—Fuller (ADF) test (Dickey and Fuller 1979)
and Kwiatkowski—Phillips—Schmidt—Shin (KPSS) test (Kwiatkowski et al. 1992).
Trend and seasonal strength are obtained from Seasonal-Trend decomposition
using LOESS (STL) with a 52-week seasonal period (Cleveland et al. 1990). For

P, =T+ S¢ + Ry, (12)
the corresponding strengths are
Var(Rt)
Fr= 0,1 — ————— 13
' = max ( A= g ) (13)

and

B Var(R;)
Fg = max (0, 1- W) . (14)

Short-term volatility is measured as the standard deviation of weekly price changes
and normalised by the market’s mean price. Spectral entropy summarises whether
periodic variation is concentrated in a small number of frequencies or dispersed across
many frequencies.

For each horizon, Spearman rank correlation is used to relate these five char-
acteristics to the best observed forecast skill S7;. Uncertainty is summarised using

10



95% nonparametric bootstrap confidence intervals, and the five p-values within each
horizon are corrected using Holm’s procedure (Holm 1979). These relationships are
interpreted as associations rather than causal effects.

4.6 Statistical comparison of forecasting performance

At the individual-market level, each challenger is compared with Naive-1 using the
Diebold-Mariano test (Diebold and Mariano 1995) with the Harvey-Leybourne-
Newbold small-sample correction (Harvey et al. 1997). With 17 markets and 11
challengers, this produces 187 comparisons within each horizon. Their p-values are
adjusted jointly using Holm’s procedure (Holm 1979).

Across markets, model rankings are compared using the Friedman test (Friedman
1937). When the overall test is significant, pairwise Wilcoxon signed-rank tests are
performed (Wilcoxon 1945). The resulting 66 pairwise p-values at each horizon are
again Holm-corrected. The centre-level tests therefore examine whether a challenger
reliably beats Naive-1 within a particular market, whereas the across-market tests
examine systematic differences among models over the collection of markets.

4.7 Forecastability classification and robustness

Each market—horizon combination is assigned to one of three evidence classes. Class A
(Persistence-dominated) indicates that no challenger achieves positive skill over Naive-
1. Class B (Weakly improvable) indicates positive numerical skill without statistical
significance after multiplicity correction. Class C (Forecastable beyond persistence)
requires both positive skill and a statistically significant improvement.

Two robustness checks are performed. First, temporal stability is examined by
dividing the 149 evaluation origins into early, middle, and late periods and recomputing
best skill at the one-week horizon. Because the shorter periods are insufficient for
reliable centre-level significance testing, this analysis is descriptive. Skill is divided
into three bands: A for S* <0, B for 0 < §* < 0.05, and C for S* > 0.05.

Second, neural-model stability is evaluated across the five random seeds. For each
neural architecture and horizon, the mean and standard deviation of MASE are cal-
culated. This determines whether the main neural-model conclusions depend strongly
on random initialisation.

Together, these procedures ensure that all forecasting methods are evaluated
using the same markets, forecast horizons, held-out origins, and persistence bench-
mark, while separately assessing predictive accuracy, statistical evidence, cross-market
structure, and robustness.

5 Results and Analysis

5.1 Temporal characteristics of the potato-price series

Before comparing forecasting models, it is important to understand the temporal struc-
ture of the price series that the models are attempting to predict. Figure 1 presents the
weekly potato prices for all 17 market centres. Although the centres differ substantially
in their average price levels and the magnitude of price fluctuations, prices generally
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Fig. 1 Weekly potato prices across the 17 market centres from January 2005 to April 2015. The
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The visual persistence in Figure 1 is confirmed by the lag-1 autocorrelation values
reported in Table 4. Lag-1 autocorrelation measures how strongly the price in one week
resembles the price observed in the immediately preceding week. Values range from
0.901 in Bengaluru to 0.986 in Shillong, showing that all 17 markets exhibit strong
short-term persistence. Thus, the strength of Naive-1 as a benchmark is supported
directly by the observed structure of the data.

The markets nevertheless differ considerably in their longer-term temporal struc-
ture. Seasonal strength ranges from essentially no detectable annual seasonal structure
in Shillong (Fs = 0.000) and Hyderabad (Fg = 0.032) to a strong seasonal pattern
in Delhi (Fs = 0.735). Lucknow (Fg = 0.513), Shimla (Fg = 0.479), and Patna
(Fs = 0.410) also exhibit comparatively strong seasonality. These differences are
important because two markets may both be highly persistent in the short term while
containing very different amounts of recurring information that can potentially be
exploited at longer forecast horizons.

Table 4 Time-series characteristics of the 17 market centres computed from the development
period.

Centre ACF(1) Trend Seasonal Norm. Spectral
volatility entropy
Agartala 0.976 0.330 0.280 0.073 0.530
Ahmedabad 0.968 0.338 0.106 0.075 0.494
Bengaluru 0.901 0.230 0.142 0.107 0.685
Bhopal 0.957 0.385 0.303 0.104 0.514
Bhubaneshwar 0.978 0.211 0.120 0.075 0.481
Chennai 0.952 0.599 0.388 0.088 0.633
Delhi 0.969 0.490 0.735 0.080 0.437
Guwahati 0.973 0.253 0.186 0.076 0.520
Hyderabad 0.956 0.159 0.032 0.072 0.615
Jaipur 0.972 0.249 0.125 0.099 0.560
Kolkata 0.976 0.039 0.166 0.091 0.479
Lucknow 0.964 0.384 0.513 0.096 0.541
Mumbai 0.972 0.399 0.093 0.063 0.575
Patna 0.958 0.402 0.410 0.094 0.551
Shillong 0.986 0.306 0.000 0.067 0.439
Shimla 0.961 0.454 0.479 0.102 0.558
T.Puram 0.954 0.619 0.252 0.081 0.626

The stationarity diagnostics provide further evidence that the 17 markets do
not follow one common temporal process. The Augmented Dickey—Fuller (ADF) test
rejects the unit-root null at the 5% level for 14 of the 17 centres, whereas the
Kwiatkowski—Phillips—Schmidt—Shin (KPSS) test rejects trend stationarity for 8 cen-
tres. These results should not be interpreted as contradictory because the two tests
begin from different null hypotheses. Instead, they indicate heterogeneous temporal
behaviour across markets despite their uniformly high short-term persistence. This
heterogeneity motivates evaluating forecasting performance separately by market and
forecast horizon.
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5.2 Overall forecasting performance

The first forecasting comparison asks which methods achieve the lowest prediction
error when performance is averaged across all 17 markets. Table 5 reports Mean Abso-
lute Scaled Error (MASE) at the four forecast horizons. Lower MASE indicates better
forecasting performance, while the final column summarises the average model ranking
across the evaluation.

Table 5 Overall forecasting performance across the 17 market centres.
Values are mean MASE; lower values indicate better forecasting
performance. Neural-model metrics are averaged across five random seeds
within each centre before cross-centre aggregation.

Model H=1 H=4 H=8 H=13 Mean rank
Simple benchmarks

Naive-1 2.03 5.46 8.57 11.72 2.22
Seasonal Naive 13.37 13.33 13.29 13.38 9.06
Drift 2.06 5.52 8.67 11.89 3.16
Statistical models

ETS 2.27 5.42 7.64 9.65 2.19
ARIMA 2.19 5.70 8.81 11.81 3.25
Machine-learning models

Ridge 2.42 6.55 10.28 13.67 5.25
XGBoost 6.15 10.18 12.89 15.20 8.56
Deep-learning models

LSTM 5.58 9.90 13.15 15.64 8.82
N-BEATS 4.86 9.88 13.67 16.49 8.76
PatchTST 9.32 12.00 14.46 16.14 10.46
iTransformer 7.19 10.52 13.15 15.18 8.51
TCN 3.55 9.06 13.03 16.25 7.75

At the one-week horizon, Naive-1 achieves the lowest average MASE of 2.03. Drift
and Autoregressive Integrated Moving Average (ARIMA) are close, with MASE values
of 2.06 and 2.19, respectively, while Exponential Smoothing (ETS) reaches 2.27. Thus,
when the target is only one week ahead, attempting to estimate additional temporal
structure does not improve average performance over simply retaining the most recent
price. The result is consistent with the strong week-to-week persistence identified in
Table 4.

The ranking changes as the forecast extends further into the future. ETS obtains
the lowest mean MASE at 4, 8, and 13 weeks, with values of 5.42, 7.64, and 9.65,
respectively. At 13 weeks, the mean MASE of ETS is approximately 17.7% lower
than the corresponding Naive-1 value of 11.72. The increasing separation between
the two methods suggests that the latest observed price becomes progressively less
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informative as the target moves further away, creating greater opportunity for a model
that represents level, trend, and seasonal structure.

Deep-learning models do not show the same improvement. Temporal Convolutional
Network (TCN) is the strongest neural method at one week, with a mean MASE
of 3.55, but its error remains considerably above the Naive-1 value of 2.03. Every
evaluated neural architecture also has a higher mean MASE than Naive-1 at all four
horizons. Greater representational capacity therefore does not automatically translate
into greater forecast accuracy for these relatively short, univariate weekly price series.

5.3 Forecastability beyond the Naive-1 benchmark

Average forecasting error can conceal substantial differences among individual mar-
kets. To determine whether forecasting models actually extract useful information
beyond persistence, Figure 2 shows the best observed forecast skill S;i 5, relative to
Naive-1 for every market—horizon combination. Positive values mean that at least one
competing method reduces Mean Absolute Error (MAE) relative to Naive-1, whereas
non-positive values indicate that none of the evaluated challengers improves upon the
persistence benchmark.
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Fig. 2 Best observed forecast skill relative to Naive-1 across the 17 market centres and four forecast
731 horizons. Positive values indicate lower MAE than Naive-1, while negative values indicate deteriora-
732 tion relative to the persistence benchmark.
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Hyderabad, Jaipur, and Lucknow, and the largest gain is no more than 1.8%. In the
remaining 12 centres, none of the evaluated alternatives improves upon Naive-1. The
near absence of improvement at this horizon reinforces the conclusion that the current
weekly price already contains most of the readily exploitable information about the
following week.

The opportunity for improvement becomes much larger as the horizon increases.
Positive skill is observed in 12 of 17 centres (71%) at four weeks, 14 of 17 (82%) at eight
weeks, and 16 of 17 (94%) at thirteen weeks. Mean best skill similarly increases from
—0.012 at one week to 0.180 at thirteen weeks. Forecastability beyond persistence is
therefore strongly horizon-dependent in these data: the further the prediction extends
into the future, the more frequently a structured model improves upon carrying the
latest price forward.

Delhi provides the clearest example of this transition. Its best observed skill is only
0.007 at one week, representing less than a 1% reduction in MAE relative to Naive-1.
The improvement increases to 0.183 at four weeks, 0.328 at eight weeks, and 0.406
at thirteen weeks. At the longest horizon, the best model therefore reduces MAE by
40.6% relative to persistence. This increasing advantage is especially notable because
Delhi also has the strongest measured seasonal structure among the 17 markets.

Ahmedabad shows the opposite pattern. Its best skill remains negative at every
horizon: —0.026, —0.034, —0.050, and —0.042 at 1, 4, 8, and 13 weeks, respectively. For
this market, none of the evaluated models improves upon simply retaining the most
recent price. The contrast between Delhi and Ahmedabad demonstrates why market-
level analysis is necessary: an overall model ranking cannot reveal whether the same
forecasting opportunity exists in every market.

Table 6 provides representative centre-level results together with the adjusted
Diebold-Mariano—Harvey—Leybourne-Newbold (DM-HLN) p-values. The table sepa-
rates the magnitude of a numerical improvement from the strength of the statistical
evidence supporting that improvement.

Despite the increasing numerical gains at longer horizons, none of the positive
centre-specific improvements remains statistically significant after the within-horizon
Holm correction. Among the best challengers for all 68 centre—horizon combinations,
the smallest adjusted p-value is 0.256. Consequently, the individual market results
provide evidence of numerical improvement, but not sufficient evidence to classify any
individual market—horizon pair as statistically forecastable beyond persistence under
the adopted multiple-testing procedure.

This distinction is important because numerical magnitude and statistical cer-
tainty answer different questions. A skill of 0.406 in Delhi at 13 weeks indicates a large
observed reduction in MAE, but the centre-specific statistical test asks whether the
improvement is sufficiently consistent across repeated forecast origins to remain con-
vincing after accounting for the many simultaneous comparisons. The Results section
therefore uses the term positive skill for observed improvements and reserves statis-
tically significant improvement for cases supported by the corresponding corrected
test.
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Table 6 Representative centre-level forecastability results. Class A indicates that no challenger
improves upon Naive-1; class B indicates positive numerical skill without statistical significance
after Holm correction. No centre—horizon pair is classified as C.

Centre Horizon Best model Best skill Class
Agartala 1 Drift —0.017 A
4 ETS 0.114 B
8 ETS 0.287 B
13 ETS 0.287 B
Ahmedabad 1 Drift —0.026 A
4 Drift —0.034 A
8 Drift —0.050 A
13 Drift —0.042 A
Delhi 1 ARIMA 0.007 B
4 ETS 0.183 B
8 ETS 0.328 B
13 ETS 0.406 B
Guwahati 1 ETS 0.018 B
4 ETS 0.164 B
8 ETS 0.212 B
13 ETS 0.237 B
Lucknow 1 ARIMA 0.018 B
4 ETS 0.092 B
8 ETS 0.247 B
13 ETS 0.335 B
Shillong 1 Drift —0.105 A
4 Drift —0.085 A
8 ARIMA —0.023 A
13 ARIMA 0.002 B

5.4 Effect of forecast horizon

The preceding results show that forecast horizon fundamentally changes the forecast-
ing problem. Positive-skill counts increase from 5/17 markets at one week to 12/17,
14/17, and 16/17 at 4, 8, and 13 weeks, respectively. Mean best skill simultaneously
increases from —0.012 to 0.180. Thus, the ability of the evaluated models to improve
upon Naive-1 becomes progressively greater as the target moves further into the future.

The intuition behind this pattern follows directly from the structure of the bench-
mark. At one week, Naive-1 uses a price observed only seven days before the target,
and the strong persistence shown in Table 4 makes this a highly informative predic-
tion. At thirteen weeks, the same forecast assumes that a price observed approximately
three months earlier remains unchanged. The latest observed price is therefore a pro-
gressively weaker representation of future conditions, creating more opportunity for
models that can use longer-term structure.

The transition is gradual rather than abrupt. Improvement is already visible in
many markets at four weeks and becomes stronger at eight and thirteen weeks. This
behaviour suggests that short-term persistence and longer-term temporal structure
coexist in the price series: persistence dominates when the target is close, whereas other
recurring patterns become increasingly useful as the forecasting distance expands.
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5.5 Does greater model complexity improve forecasting? 829

The fact that forecastability increases with horizon does not necessarily imply that Sg(l)

increasingly complex models are responsible for the improvement. Figure 3 provides a 332
visual comparison of each model’s win/loss behaviour against Naive-1 across markets

. . .. 833

and horizons, while Table 7 reports the exact win/tie/loss counts. 834
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Fig. 3 Win/loss record of each forecasting model relative to Naive-1 across the 17 market centres 869

and four forecast horizons. A win indicates lower centre-level MAE than Naive-1. 870

871

The visual pattern in Figure 3 shows that ETS is the only method whose advantage 872
becomes widespread as the forecast horizon increases. At one week, ETS improves 873
upon Naive-1 in only two markets. Its win count rises to 11 markets at four weeks, 874

19



875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920

13 at eight weeks, and 14 at thirteen weeks. The increasing prevalence of ETS wins
closely mirrors the horizon-dependent increase in best observed forecast skill.

Table 7 Win/tie/loss counts relative to Naive-1 based on
centre-level MAE. A win indicates that the corresponding
model has lower MAE than Naive-1 for that centre.

Model H=1 H=4 H=8 H=13

Simple benchmarks
Seasonal Naive 0/0/17 0/0/17 1/0/16 5/0/12

Drift 0/0/17 2/0/15 2/0/15 0/0/17
Statistical models

ETS 2/0/15 11/0/6 13/0/4 14/0/3
ARIMA 4/0/13 5/0/12 5/0/12 9/0/8
Machine-learning models

Ridge 0/0/17 0/0/17 1/0/16 1/0/16
XGBoost 0/0/17 0/0/17 0/0/17 1/0/16
Deep-learning models

LSTM 0/0/17 0/0/17 0/0/17  1/0/16
N-BEATS o/o/17 o0/0/17 0/0/17 0/0/17
PatchTST 0/0/17 0/0/17 0/0/17 2/0/15
iTransformer o/o/17 0/0/17 1/0/16 2/0/15
TCN 0/0/17 0/0/17 0/0/17 1/0/16

ARIMA also becomes more competitive as the forecast horizon increases, reaching
9 wins at thirteen weeks. The increasing success of ETS and, to a lesser extent, ARIMA
indicates that the useful information emerging at longer horizons can be captured
by conventional statistical models. The improvement therefore appears to arise from
exploitable temporal structure rather than from model complexity itself.

The Seasonal Naive benchmark provides an important qualification. If annual
seasonality alone were sufficient, directly copying the corresponding price from the
previous year should perform strongly. Instead, Seasonal Naive loses to Naive-1 in all
17 markets at one and four weeks and wins in only 5 markets at thirteen weeks. The
longer-horizon success of ETS therefore appears to depend on its ability to adapt sea-
sonal information together with changing level and trend rather than simply repeating
the previous year’s price.

Machine-learning models provide little systematic advantage. Ridge regression pro-
duces no wins at one or four weeks and only one win at each of eight and thirteen
weeks. Extreme Gradient Boosting (XGBoost) records only one win, occurring at thir-
teen weeks. Thus, allowing nonlinear relationships or additional parameter flexibility
does not by itself produce consistent improvement over the persistence benchmark.
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The deep-learning results are even more striking. Long Short-Term Memory
(LSTM), Neural Basis Expansion Analysis for Interpretable Time Series Forecast-
ing (N-BEATS), Patch Time-Series Transformer (PatchTST), inverted Transformer
(iTransformer), and TCN all fail to produce systematic gains. N-BEATS does not beat
Naive-1 in any of the 68 market—horizon comparisons, and the other neural models
achieve only isolated wins. For the implementations and information set considered
here, additional architectural complexity therefore does not translate into greater
forecastability.

A plausible explanation is the combination of limited sample size and limited
input information. Each market provides only 377 observations in the development
region, and the models receive only the market’s own historical price sequence. Flex-
ible models can learn complex relationships when such relationships are present and
sufficiently represented in the data, but additional parameters cannot create predic-
tive information that is absent from the inputs. The observed results are therefore
consistent with the useful structure in these series being comparatively simple and bet-
ter matched to parsimonious statistical models. This interpretation is plausible rather
than causal, because the experiment was not designed to isolate the independent effect
of training-sample size or model capacity.

5.6 Statistical comparison across markets

The centre-level tests evaluate whether a model reliably improves upon Naive-1 within
one particular market. A complementary question is whether models differ systemati-
cally when performance is considered across all 17 markets. The Friedman test rejects
equal model performance at every forecast horizon, with test statistics of 179.36,
166.62, 141.08, and 124.08 at 1, 4, 8, and 13 weeks, respectively. All corresponding
p-values are below 1072°, providing strong evidence that the forecasting methods do
not have equivalent performance across markets.

Pairwise Wilcoxon comparisons reveal how the relationship between ETS and
Naive-1 changes with horizon. At one week, ETS performs significantly worse than
Naive-1 after Holm correction (paqj = 0.001). At four weeks (paqj = 1.000) and
eight weeks (paq; = 0.205), the difference is not statistically significant. At thir-
teen weeks, the direction reverses and ETS performs significantly better than Naive-1
(Paqj = 0.022). Statistical evidence therefore supports the same horizon-dependent
transition observed in the descriptive forecasting results.

The across-market finding does not contradict the absence of significant centre-
specific improvements. The two analyses ask different questions. The centre-level
DM-HLN analysis requires a sufficiently consistent improvement within one mar-
ket and additionally corrects 187 challenger comparisons within each horizon. The
across-market Wilcoxon analysis instead evaluates whether ETS tends to outperform
Naive-1 across the collection of 17 markets. The results therefore support a systematic
cross-market advantage for ETS at thirteen weeks without establishing statistically sig-
nificant improvement for any individual centre after the more conservative centre-level
correction.
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5.7 Why does forecastability differ across markets?

The preceding results show that forecasting gains vary substantially from one mar-
ket to another. The next analysis therefore examines whether these differences can be
associated with measurable properties of the historical price series. The central ques-
tion is no longer which model wins, but what type of market structure appears to
provide information beyond simple persistence.

5.7.1 Persistence alone does not explain cross-market
forecastability

Because Naive-1 is a persistence-based forecast, one natural possibility is that mar-
kets with weaker persistence should be easier for alternative models to improve
upon. Figure 4 examines this possibility by plotting lag-1 autocorrelation against best
observed forecast skill at the four horizons.
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Fig. 4 Relationship between lag-1 autocorrelation and best observed forecast skill relative to Naive-
1 across the four forecast horizons. Lag-1 autocorrelation represents short-term price persistence.

Figure 4 does not show a clear monotonic relationship between persistence and
forecast skill. At one week, the Spearman correlation is p, = —0.128, with a 95%
bootstrap confidence interval of [—0.586,0.424] and Holm-adjusted p = 1.000. The
correlations remain weak at four, eight, and thirteen weeks, with values of 0.120, 0.042,
and —0.103, respectively, and all corresponding adjusted p-values equal 1.000.

This result does not mean that persistence is unimportant. Persistence is extremely
strong in almost every market and explains why Naive-1 is such a competitive general
benchmark, particularly at short horizons. However, lag-1 autocorrelation varies only
between 0.901 and 0.986. Because all markets are already highly persistent, differences
within this narrow range provide little ability to distinguish markets that are more
or less forecastable. Persistence therefore explains a common property of the markets
but not their cross-market differences in forecast skill.
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1059 5.7.2 Seasonal strength is associated with longer-horizon

1060 forecastability

1061
1062 Table 8 extends the explanatory analysis to trend strength, seasonal strength, nor-

1063 malised week-to-week volatility, and spectral entropy. The values are Spearman rank
1064 correlations between each market characteristic and the best observed forecast skill

3
1065
1066
1067 Table 8 Spearman rank correlations between market

characteristics and best observed forecast skill S*. Bold values

1068 indicate associations with Holm-adjusted p < 0.05.
1069
1070 Characteristic H=1 H=4 H=8 H=13
1071
1072 ACF(1) —0.128  0.120 0.042 —0.103
1073 Trend strength —0.081 0.066 0.118 0.316
1074 Seasonal strength 0.157 0.618 0.681 0.826
1075 Norm. diff. volatility ~ 0.010 0.110 0.132 0.257
1076 Spectral entropy 0.311 —-0.130 —0.086 —0.039
1077
1078
1079 . . .
1080 Seasonal strength is the only measured characteristic that shows a statistically

1081 reliable association with forecastability. At one week, its correlation with best skill
1082 is weak (ps = 0.157) and not statistically significant. The association becomes sub-
1083 stantially stronger at four weeks (ps = 0.618, paqj = 0.041), eight weeks (ps = 0.681,
1084 Padj = 0.013), and thirteen weeks (ps = 0.826, paqj < 0.001). The relationship therefore
1085 Strengthens as the forecast target moves further into the future.

1086 The horizon dependence of this association provides an intuitive explanation for the
1087 carlier forecasting results. At one week, the current price remains a highly informative
1088 reference, so recurring annual structure offers relatively little additional advantage. At
1089 longer horizons, the latest price becomes less representative of the future target, while
1090 knowledge of how prices typically evolve through the year can become increasingly
1091 useful. This interpretation is consistent with the growing advantage of ETS, a model
1092 explicitly capable of adapting level, trend, and seasonal structure.

1093 The association should nevertheless not be interpreted as proof of causation. Only
1094 17 markets are available for the cross-market analysis, and S* is selected as the maxi-
1095 mum observed skill among the evaluated challenger models. The result therefore shows
109¢ that markets with stronger measured seasonality tend to exhibit larger longer-horizon
1097 gains; it does not establish that seasonality alone causes those gains.

1098 The remaining characteristics provide much weaker explanations. Trend strength
1099 reaches a correlation of 0.316 at thirteen weeks, but the association is not statisti-
1100 cally significant after correction (pa.q; = 0.865). Normalised volatility and spectral
1101 entropy are also not significantly related to forecast skill at any horizon. Among the
1102 measured characteristics, seasonal strength therefore provides the clearest empirical
1103 distinction between markets in which structured forecasting increasingly improves
1104 upon persistence and those in which it does not.
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5.7.3 Contrasting market patterns

Delhi illustrates a market with strong seasonal structure and increasing longer-horizon
forecastability. Its seasonal strength is Fg = 0.735, the highest among all 17 centres.
Its best forecast skill increases from only 0.007 at one week to 0.183 at four weeks,
0.328 at eight weeks, and 0.406 at thirteen weeks. ETS provides the best forecast at
each of the three longer horizons. Delhi therefore illustrates how a market can remain
strongly persistent at short horizons while still containing recurring structure that
becomes useful further into the future.

Lucknow, Shimla, and Patna provide similar examples of markets with relatively
strong seasonal structure. Their seasonal-strength values are 0.513, 0.479, and 0.410,
respectively. These centres contribute to the broader positive relationship between
seasonal strength and longer-horizon forecast skill, although the preferred model is
not necessarily identical in every market. For example, Seasonal Naive becomes the
best method for Shimla at thirteen weeks, showing that the form in which seasonal
information is useful can vary between markets.

Ahmedabad represents a contrasting case. Despite strong short-term persistence,
its seasonal strength is only 0.106, and none of the evaluated forecasting methods
improves upon Naive-1 at any horizon. Shillong provides another useful contrast: it
has the highest lag-1 autocorrelation in the dataset (0.986) but no detectable annual
seasonal structure under the adopted measure (Fs = 0.000). It remains persistence-
dominated through eight weeks and shows only a negligible positive skill of 0.002
at thirteen weeks. These examples reinforce the distinction between persistence and
seasonality: persistence makes Naive-1 strong, whereas seasonal structure appears
to determine whether meaningful additional information becomes available at longer
horizons.

Taken together, the explanatory results suggest that the 17 markets are not sep-
arated primarily by whether they are persistent—almost all of them are. They are
separated more clearly by whether their historical series contain recurring seasonal
structure that can complement persistence as the forecasting horizon increases. This
finding provides the main empirical explanation for why ETS becomes increasingly
competitive at longer horizons.

5.8 Robustness of the findings
5.8.1 Temporal stability of short-horizon forecastability

The first robustness analysis examines whether the observed level of short-horizon
forecastability remains stable over different parts of the evaluation period. The 149
common forecast origins are divided chronologically into early, middle, and late sub-
periods. Because these shorter segments contain too few observations for reliable
centre-level DM-HLN testing, the analysis uses descriptive skill bands and is restricted
to the one-week horizon.

Table 9 classifies each centre into band A when S* < 0, band B when 0 < §* <
0.05, and band C when S* > 0.05. These bands describe the magnitude of numerical
skill within each subperiod and should not be confused with the inferential A/B/C
classification used for the full evaluation sample.
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1151 Table 9 Temporal robustness at the one-week horizon using
descriptive skill bands. A: S* < 0; B: 0 < S* <0.05; C: S* > 0.05.

1152

1}22 Centre Early Middle Late Stable?
1155 AGARTALA A A A Yes
1156 AHMEDABAD A A A Yes
1157 BENGALURU A C B No
1158 BHOPAL A A A Yes
1159 BHUBANESHWAR A B B No
1160 CHENNAI A B C No
1161 DELHI A B C No
1162 GUWAHATI A A C No
1163 HYDERABAD A C B No
1164 JAIPUR B B A No
1165 KOLKATA A A A Yes
1166 LUCKNOW B C A No
1167 MUMBAI A B A No
1168 PATNA A B A No
1169 SHILLONG A A A Yes
1170 SHIMLA A A A Yes
1 171 T.PURAM A B A No
1172

1173

1174 Only 6 of the 17 centres remain in the same descriptive band across all three

1175 subperiods: Agartala, Ahmedabad, Bhopal, Kolkata, Shillong, and Shimla. All six
76 remain in band A. The remaining 11 centres move between bands, indicating that the
7 magnitude of one-week forecastability changes over time rather than remaining a fixed
1178 property of each market.

1179 The corresponding agreement rate is

1180

1181 _ 5 _

1182 Atemporal - 17 = 0.353. (15)

1183 Thus, only 35.3% of the centres retain exactly the same one-week descriptive skill
1184 band throughout the three historical subperiods. The result cautions against perma-
1185 nently labelling a market as either forecastable or persistence-dominated on the basis
1186 of one historical period.

1187 Some markets show particularly clear temporal changes. Delhi moves from band
1188 A in the early period to B in the middle period and C in the late period, whereas
1189 Lucknow moves from B to C and then to A. The present experiment cannot determine
1190 whether these changes arise from production conditions, storage behaviour, weather,
1191 policy changes, market integration, or other structural factors because those variables
1192 are not included in the dataset. The robustness result therefore establishes temporal
1193 variation in numerical forecastability, but not its economic cause.

1194 This analysis also has an important scope limitation. It is performed only for h = 1,
1195 so it cannot establish whether the longer-horizon relationship between seasonality and
1196 forecast skill is equally stable across historical subperiods. The appropriate conclusion
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is that short-horizon numerical forecastability is time-dependent; temporal robustness
across all four horizons is not tested here.

5.8.2 Stability across neural-network random seeds

The second robustness analysis examines whether the weak neural-network perfor-
mance could be caused by an unfavourable random initialisation. Neural models may
produce slightly different fitted parameters when their initial weights or training
batches change. Table 10 therefore reports the mean and standard deviation of MASE
over the five random seeds used for each neural architecture.

Table 10 Seed stability of the neural models averaged across the 17 market
centres. Values are mean + standard deviation of MASE over five random

seeds.
Model H=1 H=4 H=28 H=13
LSTM 558 +0.13 9.90£0.10 13.154+0.16 15.6440.15

N-BEATS 4.86+0.11 9.88+0.13 13.67£0.19 16.49+£0.07
PatchTST 9.32+0.03 12.00+0.16 14.46£0.17 16.14+0.13
iTransformer 7.19+0.10 10.52+0.12 13.15+£0.11 15.18 £0.09
TCN 3.55£0.11 9.06+0.10 13.03£0.18 16.25+0.11

Variation across random seeds is small relative to the difference between the neural
models and Naive-1. At one week, for example, TCN is the strongest neural model
with 3.55+0.11 MASE, whereas Naive-1 achieves 2.03. The difference of approximately
1.52 MASE units is substantially larger than the 0.11 standard deviation produced by
changing the random seed. The same general pattern occurs at the remaining horizons.

The neural-model conclusion is therefore not driven by a single unusually poor
random training run. This robustness result does not imply that the tested archi-
tectures have reached their maximum possible performance. A wider hyperparameter
search, larger architectures, additional training observations, or external explanatory
variables could produce different outcomes. It establishes only that the conclusions
reported for the specific neural implementations used in this study are stable across
the five evaluated random seeds.

5.9 Summary of the empirical findings

The results reveal a clear horizon-dependent forecasting pattern. At one week, Naive-
1 is the strongest average method, and only 5 of 17 markets show even a numerical
improvement over persistence. As the horizon increases, positive skill becomes progres-
sively more common, reaching 16 of 17 markets at thirteen weeks. ETS simultaneously
becomes the strongest average forecasting method and beats Naive-1 in 14 of the 17
centres at the longest horizon.

The longer-horizon gains are not associated with increasing model complexity.
Machine-learning and deep-learning models rarely improve upon Naive-1, whereas the
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1243 comparatively parsimonious ETS model captures most of the observed gains. Across-
1244 market statistical testing confirms that ETS is significantly better than Naive-1 at
1245 thirteen weeks, although none of the individual market-level improvements remains
1246 significant after the more conservative Holm-adjusted centre-level testing procedure.
1247 The explanatory analysis shows why this transition is likely to occur. All markets
1248 exhibit strong short-term persistence, but differences in persistence do not explain
1249 differences in forecastability across markets. Seasonal strength provides a much clearer
1250 distinction: its association with best observed skill increases from ps, = 0.157 at one
1251 week to ps = 0.826 at thirteen weeks and becomes statistically significant from the
1252 four-week horizon onward. The empirical evidence therefore indicates a transition from
1253 short-horizon forecasting dominated by persistence toward longer-horizon forecasting
1254 in which recurring seasonal structure becomes increasingly useful.

1255 Finally, the robustness analyses place important limits on this conclusion. One-
1256 week numerical forecastability changes across historical subperiods for most markets,
1257 showing that forecastability should not be treated as a permanent market property.
1258 At the same time, the weak average performance of the neural models is stable across
1259 random initialisations. These findings provide the empirical basis for the broader
1260 interpretation, practical implications, and limitations discussed in Section 6.

1261

1262 g Discussion
1263

ggg 6.1 Forecastability depends on the forecast horizon
1266 The main finding of this study is that potato-price forecastability depends strongly

1267 on the forecast horizon. At one week, Naive-1 is difficult to improve upon, whereas
1268 structured forecasting methods become more useful at 4-, 8-, and 13-week horizons.
1269 Forecastability should therefore not be treated as a fixed property of a market; it
1270 should be interpreted relative to both the forecast horizon and the benchmark used
1971 for comparison.

12792 The strong short-horizon performance of Naive-1 is consistent with the high lag-1
1273 autocorrelation observed across all 17 markets. When consecutive weekly prices are
1974 similar, the most recent price already provides a strong estimate of the immediate
1975 future. As the horizon increases, however, carrying the same price forward becomes
19276 increasingly restrictive, creating more opportunity for models that represent broader
1977 temporal structure. This supports the wider forecasting principle that complex meth-
1278 ods should be evaluated against strong simple benchmarks rather than judged only
1279 by absolute error (Makridakis et al. 2018, 2020; Petropoulos et al. 2022).

1280

1281 6.2 Seasonality explains longer-horizon differences
1282
1283
1284
1285
1286
1287
1288

Seasonal strength provides the clearest explanation for why some markets become
more forecastable than others at longer horizons. Persistence is high across nearly
all centres and therefore explains why Naive-1 is generally strong, but it does not
explain cross-market differences in forecast skill. In contrast, the association between
seasonal strength and forecast improvement becomes progressively stronger from four
to thirteen weeks.
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This distinction is important because persistence and seasonality represent differ-
ent forms of temporal structure. Persistence reflects similarity between neighbouring
weeks, whereas seasonality represents recurring patterns over longer periods. Delhi,
for example, combines strong persistence with strong seasonality and shows substan-
tial longer-horizon gains, while Shillong exhibits very strong persistence but almost
no measured annual seasonality and little improvement over Naive-1. These contrasts
suggest that recurring structure becomes useful once the latest observed price is no
longer sufficient.

This interpretation is also plausible in the context of Indian potato markets, where
production and market arrivals show substantial seasonal variation (Saha et al. 2020).
However, the relationship observed here is associative rather than causal. The analysis
shows that stronger seasonality and higher forecast skill occur together, but iden-
tifying the economic mechanisms behind this relationship would require additional
information on arrivals, production, storage, weather, and other market conditions.

6.3 Greater model complexity does not guarantee better
forecasts

The longer-horizon improvements are concentrated mainly in Exponential Smooth-
ing (ETS), with some contribution from Autoregressive Integrated Moving Average
(ARIMA), whereas machine-learning and deep-learning models rarely outperform
Naive-1. Thus, within the information setting considered here, greater model complex-
ity does not translate directly into greater forecasting value.

This result should not be interpreted as evidence that machine learning or deep
learning is unsuitable for agricultural forecasting. Each market contains only 377 devel-
opment observations, and the models use only the historical price of that market.
Highly flexible architectures require sufficient observations and informative inputs to
estimate complex relationships reliably. In this study, the useful longer-horizon struc-
ture appears sufficiently regular for a parsimonious statistical model to capture it
effectively.

This finding differs from several potato-price studies in which neural, hybrid, or
automated methods achieved the lowest reported errors (Praveenkumar et al. 2025;
Nayak et al. 2025; Kumar et al. 2025a; Kumari et al. 2025). The difference does
not necessarily represent a contradiction because those studies use different markets,
data frequencies, evaluation designs, and comparison baselines. The present study
asks a different question: whether additional modelling complexity provides consis-
tent improvement over a strong persistence benchmark across markets and forecast
horizons.

The weak performance of complex univariate models also suggests that future
improvements may depend more on additional information than on additional architec-
ture. Previous studies have shown that related-market prices and exogenous variables
such as weather can improve agricultural-price forecasts (Jaiswal et al. 2025; Nayak
et al. 2024). Future work should therefore examine whether market arrivals, pro-
duction, storage, weather, transportation, or neighbouring-market prices provide
predictive information that is absent from a market’s own historical price sequence.
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1335 6.4 Statistical evidence and temporal stability
1336
1337
1338
1339
1340
1341
1342
1343
1344
1345
1346
1347
1348
1349
1350
1351
1352
1353
1354
1355

1356 . . . .
1357 6.5 Practical implications

The statistical analysis provides an important qualification to the numerical improve-
ments. Although several centres show substantial positive skill at longer horizons, none
of the individual centre—horizon gains remains statistically significant after correcting
for multiple comparisons. In contrast, the across-market analysis shows that ETS per-
forms significantly better than Naive-1 at thirteen weeks. The evidence is therefore
stronger for a general longer-horizon pattern across markets than for claims about any
single centre.

This distinction highlights the importance of reporting both effect size and statis-
tical evidence. A large numerical improvement may still be estimated with substantial
uncertainty, particularly when many model-market comparisons are tested simul-
taneously. Positive forecast skill should therefore be interpreted as an observed
improvement, whereas statistical significance indicates stronger evidence that the
improvement is reproducible.

Forecastability also varies over time. Only 6 of the 17 centres remain in the same
one-week descriptive skill band across the early, middle, and late evaluation periods.
A market that is persistence-dominated during one period may therefore become more
forecastable during another. Because this robustness analysis is restricted to the one-
week horizon, it does not establish whether longer-horizon forecastability is equally
time-varying.

1358 The results suggest that model selection should begin with the forecast horizon rather
1359 than with model complexity. For one-week forecasting, Naive-1 provides a strong,
1360 transparent benchmark that should be difficult to justify replacing unless a more
1361 complex method demonstrates a clear and repeatable advantage.

1362 At longer horizons, structured statistical models deserve greater attention, partic-
1363 ylarly in markets with visible seasonal behaviour. ETS provides the most consistent
1364 gains in the present study, suggesting that practitioners should first examine per-
1365 sistence and seasonality before deciding whether additional model complexity is
1366 warranted.

1367 Forecasting systems should also be evaluated repeatedly through time. Because
1368 forecastability can change across historical periods, a model that performs well once
1369 should not be assumed to remain optimal. Rolling evaluation against simple bench-
1370 marks provides a practical way to monitor whether additional modelling continues to
1371 provide value.

1372 These implications should be interpreted within the historical scope of the dataset,
1373 which ends in April 2015. The study therefore does not identify the currently
1374 best operational forecasting model for Indian potato markets. Its contribution is
1375 methodological: forecasting methods should be judged relative to strong benchmarks,

1376 appropriate horizons, and the temporal structure actually present in the data.
1377

1378
1379
1380
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6.6 Limitations and future research

The study has several limitations. First, the dataset contains 539 weekly observations
per market from 2005-2015, with only 377 observations available for initial model
development. This limits the amount of information available to data-intensive models
and does not capture recent changes in Indian potato markets. Future studies should
repeat the analysis using longer and more recent datasets.

Second, the forecasting problem is deliberately univariate. Weather, arrivals, pro-
duction, storage, transportation, and prices from related markets are excluded. The
study therefore measures forecastability from historical prices alone rather than the
maximum predictability obtainable from all available information.

Third, the neural models are evaluated using reproducible but not exhaustive
architecture searches. Their weak performance should therefore be interpreted as evi-
dence about the tested implementations rather than proof that every possible neural
configuration would perform poorly.

Fourth, the cross-market explanatory analysis contains only 17 centres. The strong
association between seasonal strength and forecast skill should therefore be validated
using a larger market sample and, where possible, multivariable analysis.

Finally, the study evaluates point-forecast accuracy rather than predictive uncer-
tainty or economic decision value. Future work should examine prediction intervals and
determine whether improvements in statistical accuracy translate into better storage,
marketing, procurement, or other agricultural decisions.

Overall, the results show that the main challenge in weekly potato-price forecasting
is not simply selecting a more powerful model. Short-horizon forecasts are dominated
by persistence, whereas longer-horizon gains are associated more strongly with sea-
sonal structure and are captured most consistently by a relatively simple statistical
model. Forecasting value therefore depends on matching model complexity to the
information structure, forecast horizon, and market context.

7 Key Research Takeaways

The first takeaway is that potato-price forecastability should not be treated as a fixed
property of a market. Its usefulness depends strongly on the forecast horizon. At very
short horizons, the most recently observed price already contains substantial predictive
information, making Naive-1 difficult to improve upon. At longer horizons, however,
additional temporal structure becomes increasingly useful. Forecast horizon should
therefore be considered explicitly when selecting and evaluating a forecasting method.

The second takeaway is that a complex forecasting model is not necessarily a bet-
ter forecasting model. In the present experiments, machine-learning and deep-learning
approaches did not provide consistent advantages over the simple persistence bench-
mark, whereas Exponential Smoothing (ETS) became increasingly effective at longer
horizons. Model selection should therefore be driven by demonstrated improvement
over a strong benchmark rather than by architectural complexity alone.

The third takeaway is that persistence and seasonality play different roles in fore-
castability. Strong short-term persistence explains why Naive-1 performs well across
most markets, but differences in persistence do not explain why some markets become
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1427 easier to forecast than others. Seasonal strength provides a clearer distinction, par-
1428 ticularly at longer horizons, where markets with stronger recurring seasonal structure
1429 tend to show larger forecasting gains.

1430 The fourth takeaway concerns how forecasting performance should be evaluated.
1431 A lower numerical error does not automatically establish a reliable forecasting advan-
1432 tage. Improvements should be assessed using repeated out-of-sample forecasts, strong
1433 benchmarks, and appropriate statistical testing. The distinction between numerical
1434 improvement and statistically supported improvement is therefore important when
1435 interpreting model rankings.

1436 Finally, the results suggest that future progress in potato-price forecasting may
1437 depend more on adding informative variables than on increasing model complexity.
1438 Once historical prices are adequately represented through persistence and seasonal
1439 structure, further gains may require information such as market arrivals, production,
1440 storage conditions, weather, or prices from connected markets. The broader lesson is
1441 that forecasting performance improves when the model, forecast horizon, and available
1442 information are matched to the structure of the market being studied.

1443

1444 8 Conclusion
1445

1446 This study examined whether weekly potato prices can be forecast beyond a simple
1447 persistence benchmark across 17 Indian markets and four forecast horizons. Twelve
1448 forecasting methods were evaluated under a common rolling-origin framework, with
1449 emphasis on whether additional modelling provides meaningful improvement over
1450 Naive-1.

1451 Forecastability was strongly horizon-dependent. Naive-1 remained the strongest
1452 average method at one week, whereas positive forecast skill became more common at
1453 longer horizons. At 13 weeks, 16 of the 17 markets showed numerical improvement over
1454 Naive-1, and Exponential Smoothing (ETS) achieved the best average performance.
1455 The gains were not driven by model complexity. Machine-learning and deep-
1456 learning methods did not consistently outperform the persistence benchmark, while
1457 ETS captured most of the longer-horizon improvement. Cross-market analysis fur-
1458 ther showed that short-term persistence did not explain differences in forecastability,
1459 whereas seasonal strength was increasingly associated with forecast skill at longer
1460 horizons.

1461 Statistical testing provided an important qualification: no individual centre—
1462 horizon improvement remained significant after multiple-comparison correction,
1463 although ETS performed significantly better than Naive-1 across markets at the 13-
1464 week horizon. The evidence therefore supports a general longer-horizon advantage
1465 more strongly than market-specific claims.

1466 Overall, the study reframes potato-price forecasting as a problem of forecastability
1467 beyond persistence. Forecasting value depends on the interaction among horizon, mar-
1468 ket structure, and model choice, and additional complexity should be adopted only
1469 when it produces clear gains over strong simple benchmarks. Future work should eval-
1470 nate this framework using more recent data, additional markets, and external variables

1471 such as arrivals, weather, storage, production, and related-market prices.
1472
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