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Abstract

Measuring prices in agricultural e-commerce markets is complicated by promotional spikes,
rapid product turnover, and specification heterogeneity. The aim of this study is to de-
velop and validate a reproducible framework that couples promotion-robust weekly price
measurement with calibrated short-term forecasting for agricultural e-commerce input
markets. Drawing on 452,489 de-identified raw transaction records (448,308 retained after
quality control) of tomato, pepper, and lettuce seeds from major Chinese e-commerce
platforms (July 2020-October 2025), we construct a weekly Paasche-robust price index
with a Top-10 SKU basket and winsorized prices, benchmarked against Laspeyres, Fisher,
Tornqvist, and GEKS-TPD formulations. A time-dummy hedonic regression is applied for
quality adjustment. Short-term forecasts are generated by a two-level ensemble combining
SARIMAX, Temporal Fusion Transformer, and LightGBM via inverse-MAPE weighting,
with adaptive conformal intervals for uncertainty quantification. The Paasche-robust index
attenuates promotional noise while co-moving closely with superlative formulas (MA-
12 correlations > 0.80). Machine-learning models reduce the one-week-ahead MAPE by
42-58% relative to SARIMAX, and the weighted ensemble achieves the best four-week-
ahead accuracy for two of three crops. Conformal intervals deliver near-nominal coverage
at short horizons. The framework offers a reproducible, deployable tool for real-time moni-
toring of agricultural e-commerce input markets and supports evidence-based decisions by
farmers and policymakers.

Keywords: seed price index; e-commerce; ensemble forecasting; machine learning; conformal
prediction; Paasche-robust; vegetable seeds

1. Introduction

Seeds are intermediate agricultural inputs whose prices transmit upstream cost and
scarcity signals to downstream planting decisions [1,2]. In China, the rapid expansion of
e-commerce platforms for agricultural supplies has generated high-frequency transaction
data that offer an unprecedented opportunity for real-time price monitoring [3-5]. How-
ever, e-commerce seed markets exhibit three features that complicate price measurement:
(i) pronounced promotional extremes that create artificial spikes, (ii) frequent product
substitution as stock-keeping units (SKUs) enter and exit the market, and (iii) substantial
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specification heterogeneity in pack size, breeding type, and germination rate [6,7]. These
factors introduce chain drift, substitution bias, and promotion-induced volatility into con-
ventional index formulas, while simultaneously challenging short-term forecasting through
nonstationarity and episodic variance shifts [8,9].

The price index literature has developed several remedies. Multilateral methods such
as GEKS and time-product-dummy (TPD) variants reduce chain drift and address prod-
uct substitution, while time-dummy hedonic (TDH) regressions control for measurable
quality differences [10-13]. A related scanner-data study demonstrates how multilateral
approaches can eliminate chain drift arising from high-frequency chaining [14]. On the
forecasting side, forecast combination methods that integrate complementary learners
have demonstrated horizon-wise gains across multiple domains [15-18], and conformal
prediction provides distribution-free coverage guarantees without parametric assump-
tions [19-21]. Recent work on vegetable price forecasting using optimized neural-network
time-series models has shown promising results with daily and weekly data from wholesale
markets [22,23]. Yet the literature lacks a fully reproducible, weekly, e-commerce seed price
index integrated with operational forecasting and calibrated uncertainty quantification.

Within agricultural economics, short-term price forecasting has progressed from clas-
sical time-series models toward machine-learning and deep-learning approaches. For
vegetables specifically, recent Chinese studies report substantial accuracy gains from non-
linear learners: optimized neural-network time-series models outperform conventional
baselines on weekly vegetable series [22], long short-term memory (LSTM) networks
trained on Beijing wholesale-market data achieve coefficients of determination above
0.95 for short-term vegetable price prediction [23], comprehensive reviews document a
clear shift from ARIMA-type and econometric specifications toward tree-based ensembles
and neural architectures that better accommodate the nonlinear, non-stationary behavior of
fresh-produce prices [24], and mixture-of-experts architectures further improve robustness
across heterogeneous price regimes [25]. These contributions establish the value of non-
linear learners but share three limitations relevant to the present study: they rely almost
exclusively on offline wholesale-market prices rather than e-commerce transactions; they
target point forecasts without calibrated uncertainty quantification; and they are decoupled
from the upstream measurement problem of constructing a consistent, promotion-robust
index from heterogeneous micro-data. Forecast combination theory, by contrast, consis-
tently shows that pooling complementary learners reduces error and improves robustness
relative to selecting any single model [15-18], a property that is especially valuable when
the dominant learner changes with the forecast horizon. The present study addresses these
gaps jointly within a single e-commerce setting.

This work makes four contributions. First, we construct a weekly seed price index
centered on a Paasche-robust formulation (report-period weights with winsorized prices)
and benchmark it against Laspeyres, Fisher, Tornqvist, and GEKS-TPD for long-run con-
sistency. Second, we implement a lightweight TDH quality adjustment to control for
specification heterogeneity. Third, we build a multi-model forecasting system (TFT, SARI-
MAX, LightGBM — inverse-MAPE weighted ensemble) evaluated with Diebold-Mariano
tests and equipped with conformal prediction intervals. Fourth, we release a minimal
reproducibility package (weekly indices and scripts) with controlled audit access to micro-
records. The framework is demonstrated on tomato, pepper, and lettuce seeds—three crops
that collectively represent a substantial share of China’s vegetable seed market—using
452,489 e-commerce transactions spanning five years.

The overarching aim of this study is to develop and validate an integrated, repro-
ducible framework that couples high-frequency price measurement with operational short-
term forecasting for agricultural e-commerce input markets. To this end, we address four
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research questions. RQ1: Can a Paasche-robust formulation with a Top-10 basket and
winsorized prices attenuate promotion-induced noise while remaining consistent with
superlative index formulas? RQ2: Do machine-learning learners (LightGBM, Temporal
Fusion Transformer) deliver materially lower short-horizon forecast error than a seasonal
econometric benchmark (SARIMAX)? RQ3: Does an inverse-error weighted ensemble
provide more robust accuracy across forecast horizons than its constituent base learners?
RQ4: Do adaptive conformal prediction intervals attain near-nominal coverage for these
series? Correspondingly, we test three hypotheses: H1, the robust index co-moves with
superlative formulas (MA-12 correlation > 0.8) while exhibiting lower return dispersion
than the Laspeyres index; H2, machine-learning models reduce one-week-ahead error
relative to SARIMAX; and H3, the weighted ensemble is no worse than, and at longer
horizons superior to, the best individual learner.

The remainder of this paper is organized as follows. Section 2 describes the dataset,
quality control procedures, price index construction methods, and ensemble forecasting
architecture. Section 3 presents empirical results on transaction volumes, weekly price
indices, index formula comparisons, forecast accuracy, and sensitivity analyses. Section 4
discusses the methodological implications, policy relevance, and limitations of the proposed
framework. Section 5 concludes the paper.

2. Materials and Methods
2.1. Methodological Overview

The methodology comprises four stages (Figure 1): (1) data collection and quality
control, (2) price index construction, (3) ensemble forecasting, and (4) evaluation and
deployment. Each stage is described below.

Methodology Framework

Weekly E-commerce Seed Price || and Ensemble Forecasting System

Data Collection & Quality Control e e et

Raw Transactions i
452,489 observations ﬁ:

\
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Figure 1. Methodological framework. The pipeline proceeds through four stages: data collection
and quality control (blue), price index construction with Paasche-robust and comparator formulas
(orange), ensemble forecasting with three complementary base learners (green), and evaluation with
conformal prediction intervals (purple). Arrows indicate data flow between stages.
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2.2. Data Source and Quality Control

We compiled de-identified product-level transaction records from major Chinese
e-commerce platforms covering three vegetable seed categories: tomato (Solanum lycoper-
sicum), pepper (Capsicum spp.), and lettuce (Lactuca sativa). The dataset spans July 2020
to October 2025 and contains 452,489 raw observations. Each record includes a unique
order identifier, product name, unit sale price (CNY), quantity sold, order timestamp, and
buyer geographic information (province and city, covering 32-33 provinces). All records
were de-identified prior to analysis in compliance with platform terms of service. This
study analyzed de-identified commercial transaction records and did not involve human
subjects; institutional ethics review was therefore not required per the guidelines of the
Beijing Academy of Agriculture and Forestry Sciences.

For reproducibility, the data provenance is specified as follows. Records were obtained
from the principal agricultural input storefronts operating on China’s leading e-commerce
platforms (Taobao/Tmall and JD.com). Prices are recorded in Chinese yuan (CNY) per
order and quantities as integer units sold; the buyer-location field resolves to the provin-
cial and municipal levels. The data cover 31 provincial-level administrative divisions of
mainland China; Hong Kong, Macao, and Taiwan, and—in a small number of weeks—
Tibet and Qinghai, were not consistently represented and are therefore omitted from
geographic summaries.

Quality control (QC) proceeded in three steps. First, we removed records with
missing or non-positive prices and quantities. Second, we filtered extreme prices (sale
price > 500 CNY) that likely represent bundled or mis-coded entries. Third, we aggre-
gated transactions to ISO 8601-1 weekly frequency (Monday-start weeks) [26] to construct
product-week panels. After QC, the working dataset comprised 203,789 tomato records
(270 complete weeks), 136,613 pepper records (163 weeks), and 107,906 lettuce records
(184 weeks). The difference in weekly coverage across crops reflects platform data avail-
ability for the Top-10 basket products in each category. One anomaly was identified in the
pepper index: 2024-W11 recorded a zero value attributable to a single active product with a
price anomaly; this observation was retained but flagged for sensitivity analysis.

Because the three crops entered the e-commerce channel at different times and with
different listing densities, the resulting index series differ in length and contain occasional
internal gaps (Table 1). A product-week was admitted to the index only when at least
four Top-10 basket products recorded valid transactions, so that each weekly index rests
on a sufficient cross-section; weeks failing this minimum-coverage rule were treated as
missing rather than imputed with potentially spurious values. The tomato series satisfies
this criterion almost continuously from 2020-W29, whereas the pepper and lettuce series
become continuously populated only from late 2021 (2021-W52), reflecting the later online
expansion of these categories. For the forecasting experiments, each series was restricted
to its longest continuously covered span, and short internal gaps (two weeks or fewer)
were linearly interpolated on the log scale; no extrapolation was applied across longer gaps.
This procedure accounts for the differing weekly coverage across crops (tomato 270 weeks,
pepper 163, and lettuce 184) reported in Table 1 and reported in Section 3.2.

Table 1. Dataset summary after quality control.

Tomato Pepper Lettuce
Raw transactions 206,478 137,696 108,315
After QC 203,789 136,613 107,906
Complete weeks 270 163 184
Raw data range 2020-07 to 2025-10 2020-07 to 2025-10 2020-07 to 2025-10
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Table 1. Cont.
Tomato Pepper Lettuce
Index series range 2020-W29 to 2025-W43 2021-W52 to 2025-W43 2021-W52 to 2025-W43
Price range (CNY) 0.01-500.00 0.02-500.00 0.01-500.00
Median weekly products 24 [19-22,24-32] 8 [4,6-10] 6 [4,6-11]
Winsor bounds (2-98%) [1.98, 25.80] [1.41,20.03] [1.11,23.23]
Top-10 basket share 47.2% 52.8% 58.1%

TR
ST

Values in brackets denote interquartile ranges. The index base period is 2023-W01. Raw data range refers to the
time span of original transaction records; index series range refers to weeks with sufficient product coverage to
compute the Paasche-robust index. Top-10 basket share is the cumulative sales share of the ten highest-volume
SKUs during 2022-2024. Winsor bounds refer to the 2nd and 98th percentile unit price cutoffs used for robust
index construction. Pepper index at 2024-W11 recorded zero due to a single product-week anomaly.

2.3. Price Index Construction

Figure 2 summarizes the index construction pipeline. We targeted a rolling Top-10 SKU
basket ranked by cumulative annual sales volume. The basket is fixed within each calendar
year and re-selected annually to absorb structural market changes without sacrificing cross-
period comparability. The base period is the first full week of 2023 (2023-W01), chosen to
avoid first-week missingness and to align with a period of stable market conditions.

Index Construction Pipeline

i Stage3 | | Stage 4 | I Stage 5 |
i Index Construction o Quality Adjustment I I Final Output I

Weekly sggregation [l passcherobustcoremndex (Ml Timesummynedonc  [Jl]  Weeklyindexseries
Base period: 2023-WO01 g o 163-270 weeks x 3 crops !

1S0-8601 dating ’|$| | &l Features: | &l perived outputs: |

. 1. Comparator indices: M . 1% A T

I ] I || pack_size J ‘ Seasonal Decomposition ]
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Annual basket rolling ’Z Z| MA(4) || MA(12) || Alnly [ Zl Robust s.e. - Share-weighted l ‘ Forecastready Feature Set l
................ o === L {

Comparator indices (Laspeyres, Fisher, Tornquist, GEKS / time-product-dummy) and time-dummy hedonic quality adjustment are computed in parallel for benchmarking.

Figure 2. Index construction pipeline. Raw transactions undergo weekly aggregation with ISO-
8601 dating, followed by Paasche-robust index computation with Top-10 basket weighting, quality
adjustment via winsorization (2nd-98th percentile), and final index series output with moving
averages (MA-4 and MA-12).

The primary index is the Paasche-robust formulation:

Yies, Pri- At

Py =100 x _
Yies, Po,i - qui

)
where f denotes winsorized prices (2nd-98th percentile), g;; is the report-period quantity
for product i, and subscript 0 denotes the 2023-W01 base. The Paasche formulation uses
current-period weights, making it responsive to contemporary market structure while
the winsorization suppresses promotional outliers [27,28]. For benchmarking, we com-
puted Laspeyres (base-period weights), Fisher (geometric mean of Laspeyres and Paasche),
Tornqvist (logarithmic mean with share weights), and GEKS-TPD (multilateral transitive)
indices on rolling windows [29-31].
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The 4-week (MA-4) and 12-week (MA-12) moving averages were chosen to sum-
marize monthly and quarterly dynamics, respectively: MA-4 suppresses isolated single-
week promotional spikes while preserving sub-seasonal movement, whereas MA-12 iso-
lates the seasonal-to-trend component used for cross-crop comparison. Both window
lengths align with the natural monthly and quarterly reporting cadences of agricultural
price-monitoring systems.

To control for specification heterogeneity, we estimated a time-dummy hedonic (TDH)
regression on product-week prices:

Inp;y = Bo + Z,Bk Xkt + vt + Eir )
%

where x includes pack size, breeding type (hybrid/open-pollinated), germination rate, and
platform fixed effects. The quality-adjusted index is Iy = exp (). We used share-weighted
least squares with robust standard errors [32].

2.4. Ensemble Forecasting

We forecast weekly price indices using a two-level ensemble forecasting framework
(Figure 3). At Level 1, three complementary base learners generate out-of-fold (OOF)
predictions via rolling-window cross-validation: (i) SARIMAX, which captures seasonal
and autoregressive structure with exogenous covariates [33]; (ii) LightGBM, a gradient-
boosted decision tree that models nonlinearities and feature interactions [34,35]; and (iii)
Temporal Fusion Transformer (TFT), an attention-based architecture designed for multi-
horizon time-series forecasting with interpretable variable selection [36]. At Level 2, an
inverse-MAPE weighted averaging scheme combines the base-learner forecasts to produce
final forecasts at horizons h = 1, 2, 3, and 4 weeks ahead. Weights are computed as

1
(warey)

wy = where MAPE) is the mean absolute percentage error of base learner k

% (ararg)”
on a calibration window comprising the first half of the rolling evaluation period. This
non-parametric approach, rooted in the forecast combination literature [37-39], avoids the
overfitting inherent in regression-based meta-learning with limited calibration samples,
while ensuring that more accurate base learners receive proportionally higher weight.
The mean absolute percentage error (MAPE) used here for weighting is formally defined
in Section 2.5.

The feature set comprised lagged index values (lags 1-4, 8, 12), 4-week and 12-week
moving averages (MA-4 and MA-12), weekly log returns (Aln index), the number of active
SKUs, Top-10 basket concentration share, and calendar indicators (week-of-year, month).
Hyperparameters were tuned via rolling-window cross-validation with a minimum training
window of 52 weeks and a step size of 4 weeks. SARIMAX seasonal orders were selected
by AICc; the LightGBM learning rate and tree depth were grid-searched; and TFT used
early stopping with dropout regularization.

2.5. Evaluation Metrics and Uncertainty Quantification

Forecast accuracy was assessed using mean absolute percentage error (MAPE), mean
absolute error (MAE), root mean squared error (RMSE), and mean absolute scaled error
(MASE) [40]. Diebold—Mariano tests [41] were used to evaluate whether the ensemble
significantly outperformed each base learner at each forecast horizon, with Newey-West
corrections for serial correlation in multi-step forecast errors.

For completeness, the accuracy metrics are defined as follows. Let y; denote the real-
|yt =]
lyel 7

MAE = 3 ©¢|ys — §il, RMSE = /5 ¥1(ys — 91)% and MASE = 08—, where the
n—m tI Yt~ Yt—m

ized index and #J; the forecast over an evaluation set of size n. Then, MAPE = % Yo
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denominator is the in-sample mean absolute error of a seasonal naive forecast with seasonal
period m (m = 52 for weekly data). MAPE and MAE are interpreted on the percentage
and index scales, RMSE penalizes large errors more heavily, and MASE is scale-free and
therefore comparable across crops. Although all four metrics were computed, MAPE is
reported in the main text as the primary percentage metric, with the remaining metrics
available in the reproducibility package.

DM = d

®)

SIS

For uncertainty quantification, we implemented adaptive conformal prediction with
a rolling calibration window of 26 weeks. At each forecast origin, prediction intervals
at nominal coverage levels of 80%, 90%, and 95% were constructed from the empirical
distribution of recent absolute residuals. We report realized coverage rates and average
interval widths to assess calibration quality.

Ce(w) = [0t —G1—w It + d1-d] (4)

Two-Level Ensemble Forecasting Architecture

Input features
Lagged index (14, 8, 12 4 & 12 wk moving averages
weekly log retums - active SKU count - Top-10 share - calendar

Level 1
Base leamers SARIMAX LightGBM Temporal Fusion
seasonal ARIMA gradient-boosted Transformer
with covariates trees attention model
Level 2 . .
Combination Inverse-error (inverse-MAPE) weighted ensemble

out-of-fold predictions from rolling-window cross-validation

Forecasts at horizons Adaptive conformal
h=1,2, 3, 4weeks prediction intervals

Figure 3. Ensemble forecasting architecture. Input features (lagged index values, moving averages,
active SKU counts, Top-10 share, and calendar variables) feed three Level-1 base learners (SARIMAX,
TFT, LightGBM). Out-of-fold predictions from rolling-window cross-validation are combined by an
inverse-MAPE weighted averaging scheme at Level 2. Diebold-Mariano tests compare the ensemble
output against each base learner.
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2.6. Software and Reproducibility

The original analyses were implemented in Python 3.11. To support reproducibility,
the supplied code is specified for the following environment: NumPy 1.26.4, pandas
2.2.2, statsmodels 0.14.2, LightGBM 4.5.0, scikit-learn 1.5.1, PyTorch 2.4.0, and PyTorch
Forecasting 1.2.0. These versions define the environment for rerunning the supplied code
and should not be interpreted as a reconstruction of the original historical environment,
which was not retained. The core functions for index construction, the comparator formulas,
the inverse-MAPE ensemble, and the conformal prediction routine are provided in the
Supplementary Materials (Code S1); the weekly index series and quality-control statistics
are provided in Tables S1 and S2. Random seeds were fixed for all stochastic components
to ensure run-to-run reproducibility.

3. Results
3.1. Transaction Volume and Seasonal Patterns

Figure 4 presents the data overview. Weekly transaction volumes (Figure 4a) reveal a
structural shift across the study period: moderate and stable volumes during 2022-2024
(dominated by seed packets in standard e-commerce packaging) gave way to a sharp surge
in early 2025, driven primarily by seedling products. Tomato transactions increased from
approximately 24,000 in calendar year 2023 to over 156,000 in the first seven months of
2025, reflecting the growing integration of seedling sales into e-commerce channels.

Seasonal decomposition (Figure 4b—d) revealed crop-specific seasonal patterns rather
than a uniform planting-season dynamic. Tomato prices peaked in August (mean index
143.4) and December (140.7), reflecting summer transplanting demand and year-end pro-
motional cycles, with a trough in March (94.2). Pepper exhibited an autumn-dominated
pattern, peaking in September (103.7) with its nadir in December (74.4). Lettuce showed
a September peak (117.1) and December trough (84.6). These differences underscore the
importance of individualized forecasting models. Tomato displayed the highest volatility
(coefficient of variation = 0.62), followed by pepper (0.28) and lettuce (0.20).

3.2. Weekly Price Index Dynamics

Figure 5 displays the weekly Paasche-robust price indices (2023-W01 = 100) for all
three crops. Each panel shows the raw weekly index alongside 4-week (MA-4) and
12-week (MA-12) moving averages. Several features emerge. First, all three crops
exhibit seasonal patterns with crop-specific timing, consistent with the monthly anal-
ysis reported above. Second, tomato displayed the widest index range (13.8-505.8,
mean = 114.6) and highest volatility (CV = 0.62), while lettuce was the most stable (range
32.5-175.2, mean = 103.5, CV = 0.20). Pepper occupied an intermediate position (range
0.0-120.7, mean = 86.5, CV = 0.28). Third, a pronounced upward shift is visible in
early 2025 across all crops, reflecting the structural entry of seedling products into the
e-commerce marketplace.

The shorter pepper and lettuce series (beginning 2021-W52, versus 2020-W29 for
tomato; Figure 5b,c) follow directly from the later online entry of these categories and the
minimum-coverage rule described in Section 2.2. The common, fully populated window
across all three crops spans 2022-W01 to 2025-W43 and is used for all cross-crop compar-
isons; crop-specific spans are retained only for the single-crop index plots in Figure 5.
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Figure 4. Data overview and seasonality. (a) Weekly transaction volume time series for three crops
(filled areas). (b—d) Monthly mean transaction volumes with standard error bars for tomato, pepper,
and lettuce, respectively. Tomato prices peak in August and December, pepper in September, and
lettuce in September, with crop-specific seasonal dynamics.

The three-crop overlay (Figure 6) facilitates direct comparison of long-run trends using
the MA-12 smoother. While all three indices co-move at the seasonal frequency, their am-
plitudes and timing differ. Pairwise MA-12 correlations ranged from 0.30 (tomato—pepper)
to 0.80 (pepper—lettuce), indicating moderate seasonal co-movement with substantial crop-
specific variation. Tomato leads the autumn ramp-up relative to pepper and lettuce, likely
reflecting earlier transplanting schedules. The convergence of all three indices near the
base level (100) during mid-2023 validates the base-period selection.
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Figure 5. Weekly Paasche-robust price indices (2023-W01 = 100) for (a) tomato, (b) pepper,
and (c) lettuce. Thin lines show raw weekly values; orange lines show the 4-week moving av-
erage (MA-4); and purple lines show the 12-week moving average (MA-12). Shaded areas highlight
the index envelope. The horizontal dashed line marks the base level (100).

3.3. Index Formula Comparison

Figure 7 compares the Paasche-robust index with four alternative formulations for
the tomato exemplar. The Paasche-robust index (thick red line) tracks closely with the
Fisher and Tornqvist superlative indices, with pairwise MA-12 correlations exceeding
0.80. The Laspeyres index (blue dashed) exhibits systematically higher volatility and
is more sensitive to promotional episodes, as indicated by the annotated spikes. The
GEKS-TPD multilateral index provides a drift-resistant long-run anchor but sacrifices some
short-run responsiveness.
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Figure 6. Three-crop MA-12 overlay comparison. The 12-week moving averages for tomato (red),
pepper (blue dashed), and lettuce (green dash-dot) are plotted on a common axis. The horizontal
dashed line marks the base level (100). Pairwise MA-12 correlations: tomato—pepper p = 0.30,
tomato-lettuce p = 0.65, pepper-lettuce p = 0.80.
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Figure 7. Index formula comparison for tomato (2023-W01 = 100). Five index families are shown:
Paasche-robust (thick red), Laspeyres (blue dashed), Fisher (green dash-dot), Tornqvist (purple
dotted), and GEKS-TPD (orange). Arrows annotate episodes where the Laspeyres index diverges
due to promotional sensitivity. The five index families are almost perfectly correlated over the
common period (Fisher and Térngvist rho ~ 0.998; GEKS-TPD rho ~ 0.70), so their trajectories
largely coincide on a single axis; this near-coincidence is itself the central finding, indicating that the
winsorization-based robustization preserves the underlying price signal rather than distorting it.
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Figure 7 uses tomato as a representative exemplar because it exhibits the widest
price range and the highest volatility, making formula divergences most visible. Forecast
accuracy for all three crops is summarized in Table 2 and discussed in Section 3.4.

Table 2. Forecast accuracy (MAPE, %) and Diebold—Mariano test results.

Crop Horizon SARIMAX TFT LightGBM Ensemble DM p-Value
Tomato h=1 13.0 7.5 7.7 7.5 0.343
h=2 15.0 11.0 11.1 11.5 0.386
h=3 16.3 13.0 16.5 13.8 0.220
h=4 18.1 17.5 17.0 16.8 0.440
Pepper h=1 16.1 7.3 6.8 10.9 <0.001
h=2 18.5 12.9 12.6 15.4 0.004
h=3 214 18.3 19.4 20.2 0.018
h=4 23.8 26.3 28.1 25.1 0.898
Lettuce h=1 7.3 3.6 3.5 3.9 0.149
h=2 8.5 5.0 5.8 5.8 0.050
h=3 9.5 7.8 8.0 8.2 0.605
h=4 10.5 10.6 10.6 10.1 0.140
Values are MAPE (%) on the rolling evaluation window. Bold indicates best performance at each horizon. DM
p-values test the null hypothesis of equal predictive accuracy between the ensemble and the best individual
machine-learning model at each horizon, with Newey-West standard errors. Test-period sample sizes: tomato
n =40, pepper n = 24, lettuce n = 27.

Figure 8 quantifies the distributional differences through violin plots of weekly log
returns (Aln index). For all three crops, the Paasche-robust return distribution is nar-
rower (lower interquartile range) and exhibits fewer extreme outliers compared with
the raw (unwinsorized) counterpart. The reduction in upper-tail outliers is particularly
notable for lettuce, where promotional activity is most frequent. These results confirm
that the winsorization embedded in the Paasche-robust formulation effectively attenuates
promotion-driven noise without distorting the central tendency.

a Tomato b Pepper C Lettuce
150 4  'QR=49.0 IQR=11.5 150 4  'QR=85 IQR=3.4 1004  '9r=95 IQR=2.7
100 - 100 - o]
g\.of 50 -
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3 25 -
g
0 of < L +
g % 0] =
>
A(]‘_) —50 —50 —25 -
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Figure 8. Weekly return distributions (Aln index) for (a) tomato, (b) pepper, and (c) lettuce. In
each panel, violin plots (density contours) overlaid with box plots (median and interquartile range)
compare the raw (unwinsorized) and Paasche-robust formulations. The paired distributions show
that Paasche-robust returns have narrower interquartile ranges and fewer extreme outliers for all
three crops.
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3.4. Forecast Accuracy and Ensemble Improvement

Figure 9 presents rolling one- to four-week-ahead forecasts with conformal prediction
intervals for the tomato index. At the shortest horizon (h = 1), the best individual model
(TFT) achieves an MAPE of 7.5% and the ensemble 7.7%, both closely tracking realized
values. As the horizon extends, forecast uncertainty increases: the best-model MAPE
rises to 11.0% (h = 2), 13.0% (h = 3), and 16.8% (h = 4). The conformal intervals widen
commensurately, with the 90% bands achieving realized coverage rates of 89.3% ath =1
and 78.0% at h = 4—near-nominal at short horizons with expected degradation at longer
horizons where calibration samples are limited.

Tomato: Rolling forecast with adaptive conformal prediction intervals

—— Realized --' Ensemble 80% ClI 90% ClI 95% ClI
a D
P h=2 MAPE=11.5% 90%cov=82%
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Figure 9. Rolling forecast with conformal prediction intervals for tomato. Panels show horizons
h=1(a), h=2(b), h=3(c), and h = 4 weeks (d). Black solid lines show realized values; colored
dashed lines show ensemble forecasts. Nested bands represent 80% (lightest), 90%, and 95% (darkest)
adaptive conformal intervals. MAPE values are displayed in each panel.

Figure 10 and Table 2 provide a comprehensive comparison of forecast performance
across models, crops, and horizons. The heatmap (Figure 10a) displays MAPE values for
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each combination, revealing a horizon-dependent dominance pattern. Machine-learning
models substantially outperform SARIMAX at short horizons: at h = 1, the best ML
model reduces MAPE by 42% for tomato (TFT: 7.5% vs. SARIMAX: 13.0%), 58% for
pepper (LightGBM: 6.8% vs. SARIMAX: 16.1%), and 52% for lettuce (LightGBM: 3.5%
vs. SARIMAX: 7.3%). This advantage reflects the capacity of tree-based and attention-
based architectures to exploit nonlinear dependencies in lagged features, moving averages,
and product-mix indicators. The ML improvement chart (Figure 10b) further shows that
this advantage narrows at longer horizons: at h = 4, SARIMAX becomes competitive
with or outperforms individual ML models for pepper (SARIMAX: 23.8% vs. TFT: 26.3%,
LightGBM: 28.1%), consistent with the well-documented finding that simple methods are
difficult to beat at longer horizons where signal-to-noise ratios decline. The inverse-MAPE
weighted ensemble provides robust cross-horizon performance: while it does not uniformly
dominate at every horizon, it achieves the best MAPE at h = 4 for tomato (16.8%) and
lettuce (10.1%), demonstrating that the weighted combination attenuates model-specific
weaknesses precisely where uncertainty is greatest.

(a) Forecast accuracy (MAPE, %) by model, crop, and horizon
Tomato Pepper Lettuce

SARIMAX A 73 8.5 g5 1025 25

TFT A 3.6 5.0 7.8 10.6

Model

LightGBM - 355 5.8 8.0 10.6

Ensemble

(b) Machine-learning improvement over SARIMAX

a5 60 58 = B Tomato
=09
o= I Pepper
2% B Lettuce
Q=
e
=)
:
g0
X
s
o
Eg

h=1 h=2 h=3 h=4

Figure 10. Model performance comparison. (a) MAPE heatmap across four models (SARIMAX, TFT,
LightGBM, and Ensemble), three crops, and four forecast horizons. Cell values show MAPE (%).
Lower values (yellow) indicate better performance. (b) ML improvement (%) over SARIMAX for
each crop-horizon combination.

The comparatively high pepper errors at the longest horizons (Figure 10; h = 3:
18.3-21.4%, h = 4: 23.8-28.1%) coincide with the sharp, promotion-driven trough in the
pepper index during 2024 (Figure 5b)—a low-signal, high-variance episode in which all
learners struggle to extrapolate. At these horizons SARIMAX becomes competitive (h = 4:
23.8%), consistent with the M4 competition finding that simple models are difficult to beat
when the signal-to-noise ratio is low [16].
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Table 2 reports the MAPE for every model-crop-horizon combination together with
Diebold-Mariano p-values comparing the ensemble with the best individual learner. The
ensemble attains the lowest MAPE at h = 4 for tomato (16.8%) and lettuce (10.1%) and
is within 0.4-1.5 percentage points of the best learner at shorter horizons. The DM tests
are significant (p < 0.05) mainly for pepper at short horizons, where the gap between
SARIMAX and the machine-learning learners is largest; elsewhere the differences are not
statistically significant, which—given test-period samples of only 24—40 weeks—reflects
limited statistical power rather than evidence of genuinely equal accuracy.

3.5. Sensitivity Analysis

Table 3 summarizes sensitivity checks across four design dimensions. Varying the
base year from 2022 to 2024 produces mean index differences of less than 3 percentage
points, confirming temporal robustness. The choice between fixed and annually rolling
baskets has a larger effect: annual rolling increases the Top-10 representativeness by
4-7 percentage points while maintaining Kolmogorov-Smirnov test p-values above 0.15,
indicating that the distributional shift is modest. The robustization method (Winsor 2-98%
vs. Huber M-estimator) primarily affects high-promotion crops (lettuce and pepper), where
Huber weighting reduces kurtosis by an additional 8-12% relative to winsorization. En-
abling TDH quality adjustment reduces index volatility by 5-9% (measured by standard
deviation of weekly returns) for pepper and lettuce, with a negligible effect on tomato
where specification heterogeneity is lower.

Table 3. Sensitivity analysis across four design dimensions.

Dimension Variant Tomato AMAPE  Pepper AMAPE Lettuce AMAPE

Base year 2022 avg +1.2 pp +0.8 pp +1.5pp

2024 avg —0.6 pp —-03pp —-09pp

Basket policy Fully fixed (2022-2024) +2.8 pp +19pp +3.4 pp

Quarterly rolling —04pp —02pp —0.7 pp

Robustization No robustization +4.5 pp +6.2 pp +7.8 pp

Huber M-estimator -0.3 pp -0.8 pp -1.1pp

TDH adjustment TDH on —05pp —-12pp —-18pp
TDH off (baseline) — — —

AMAPE is the change in one-week-ahead forecast MAPE (percentage points) relative to the baseline configuration
(annual rolling basket, Winsor 2-98%, TDH off, 2023 base). Positive values indicate degradation; negative values
indicate improvement.

Overall, the index is most sensitive to the choice of robustization: disabling winsoriza-
tion inflates one-week-ahead MAPE by 4.5-7.8 percentage points (Table 3), confirming
that promotion-robust price treatment is the single most consequential design decision,
particularly for the high-promotion lettuce and pepper categories. Base-year and basket-
policy choices have only modest effects (at most 3.4 percentage points), and enabling the
time-dummy hedonic adjustment yields small but consistent improvements for the more
specification-heterogeneous pepper and lettuce series. Taken together, these checks support
the baseline configuration (annual rolling basket, winsorization at the 2nd-98th percentiles,
2023 base period) adopted throughout the analysis.

4. Discussion

Accurate measurement and short-term prediction of agricultural input prices in
China’s rapidly digitizing markets have become pressing methodological challenges, with
implications for farmer purchasing decisions, agribusiness planning, and government
policy monitoring. Using 452,489 de-identified seed transactions from major Chinese e-
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commerce platforms across five years, this study proposes and validates an integrated
framework combining a robust weekly price index with an ensemble forecasting system
and calibrated uncertainty quantification. The findings, discussed below, offer methodolog-
ical insights relevant to agricultural price index construction, machine-learning-based price
forecasting, and operational deployment of monitoring tools.

The Paasche-robust formulation proved effective at suppressing promotion-driven
noise while preserving economically meaningful price dynamics. The close alignment
with superlative indices (Fisher and Térnqvist) confirms that the robustization does not
introduce systematic bias, a concern that has been raised in the scanner data literature [42].
Meanwhile, the substantial divergence from the Laspeyres index—particularly during
promotional episodes—underscores the importance of current-period weighting when
product churn is high and promotional activity is frequent.

The crop-specific seasonal patterns observed in the price indices (Figures 4-6) reflect
fundamental agronomic demand dynamics: tomato prices peak during the August trans-
planting season and again in December, pepper peaks in the September autumn planting
window, and lettuce shows a September peak. These differentiated seasonal signatures
have direct implications for agricultural policy: crop-specific seasonal adjustment could
complement the crop-level price monitoring already provided by the Ministry of Agricul-
ture and Rural Affairs of China [43]. The structural shift observed in 2025—driven by the
entry of seedling products into e-commerce channels, with tomato transactions surging
from 3736 in 2024 to 155,977 in the first seven months of 2025—highlights the importance
of dynamic basket management and suggests that future index updates should explicitly
accommodate product-category expansion.

The forecasting results reveal a horizon-dependent dominance pattern with practical
implications for operational monitoring. Machine-learning models (TFT and LightGBM)
achieve substantial MAPE reductions over SARIMAX at short horizons (42-58% at h = 1),
leveraging their capacity to capture nonlinear dependencies in lagged features, moving av-
erages, and product-mix indicators. However, this advantage attenuates at longer horizons,
where signal-to-noise ratios decline and tree-based models face increased extrapolation
risk. Ath =4, SARIMAX becomes competitive for pepper—a finding consistent with the
M4 competition evidence that simple methods are difficult to beat at longer horizons. The
inverse-MAPE weighted ensemble provides a practical compromise: while it does not
uniformly dominate individual learners, it achieves the best or near-best MAPE at the
longest horizon for two of three crops (tomato and lettuce), suggesting that the combina-
tion attenuates model-specific weaknesses in the most uncertain regime. This robustness
property is operationally valuable for real-time monitoring systems that must provide
reliable forecasts across multiple planning windows simultaneously. The conformal pre-
diction intervals provided well-calibrated uncertainty estimates at short horizons without
requiring distributional assumptions, a feature that is particularly valuable for operational
dashboards where non-technical stakeholders need interpretable risk communication.

Placing these results in the context of prior work, our one-week-ahead errors (MAPE
3.5-7.7% across crops) are broadly comparable to—and in places better than—recent
vegetable-price forecasting studies based on offline wholesale data. Optimized neural-
network models achieve single-digit weekly errors on wholesale series [22]; LSTM mod-
els on Beijing wholesale prices report a high daily fit (coefficient of determination of
roughly 0.96) on smoother, less promotion-distorted series [23]; recent reviews document
the broader shift toward such nonlinear learners [24]; and mixture-of-experts ensembles
improve robustness across price regimes [25], echoing our finding that combination out-
performs single learners precisely at the most uncertain horizons. Unlike these studies,
which target offline point forecasts, the present framework operates on noisier e-commerce
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micro-data, integrates the upstream index-construction step, and supplies calibrated con-
formal intervals, thereby addressing the reproducibility and uncertainty-quantification
gaps in agricultural price forecasting. The horizon-dependent dominance pattern we
observe—machine-learning learners excelling at short horizons while parsimonious mod-
els remain competitive as the signal-to-noise ratio falls—is consistent with the broader
forecasting literature [16,17].

4.1. Limitations

Several limitations warrant acknowledgment. First, our test-period sample sizes
(2440 observations per crop) limit the statistical power of Diebold—Mariano tests, as
reflected in the non-significant p-values for several crop-horizon combinations; longer
evaluation windows enabled by accumulating additional transaction data would strengthen
inferential conclusions. Second, our analysis covers three crops; generalization to the
broader seed market requires additional specification audits and platform harmonization.
Third, the e-commerce channel captures only a portion of total seed market activity, and
our indices may not fully represent over-the-counter or cooperative-mediated transactions.
Fourth, geographic disaggregation is limited by the reliability of destination fields in order
records and is recommended as a supplementary extension.

Finally, data quality and quantity directly shape the forecasting results. The short and
partially gapped pepper and lettuce series (163 and 184 weeks, with later online entry)
reduce the number of training and evaluation folds, widen the conformal intervals, and
likely inflate longer-horizon errors—most visibly the elevated pepper MAPE at h = 3—4.
The forecast comparisons should therefore be read as conditional on currently available
coverage; as additional weeks accumulate, both point accuracy and the statistical power of
the Diebold-Mariano tests are expected to improve.

4.2. Future Research Directions

Future work will pursue four directions: (i) semi-parametric TDH models leveraging
text embeddings for product descriptions, (ii) multivariate frameworks coupling seed prices
with fertilizer and agrochemical inputs, (iii) nowcasting with state-space TFT hybrids, and
(iv) counterfactual experiments on promotional intensity to quantify price elasticity and
welfare effects.

5. Conclusions

We presented a reproducible framework for constructing weekly e-commerce seed
price indices and generating short-term forecasts with calibrated uncertainty. The Paasche-
robust index effectively attenuates promotional noise while maintaining alignment with
superlative formulas. Machine-learning models (TFT and LightGBM) substantially outper-
form SARIMAX at short forecast horizons (42-58% MAPE reduction at h = 1), while the
inverse-MAPE weighted ensemble provides robust cross-horizon performance, achieving
the best accuracy at the four-week horizon for two of three crops. The framework is ex-
tensible to additional crop categories and can be integrated into agricultural monitoring
dashboards for real-time decision support.

Beyond its methodological contribution, the framework has concrete practical value.
For farmers and agribusinesses, weekly promotion-robust indices with short-horizon fore-
casts and explicit uncertainty bands support better-timed seed purchasing and inventory
decisions; for monitoring agencies, the reproducible pipeline offers a low-latency comple-
ment to traditional wholesale-price reporting that captures the rapidly growing e-commerce
input channel. The crop-specific seasonal signatures documented here further argue for
differentiated, rather than uniform, seasonal-adjustment templates in official monitoring.
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Three limitations temper these conclusions: the analysis covers three crops over
evaluation windows of 2440 weeks; the e-commerce channel represents only part of
total seed-market activity; and exact platform and geographic coverage vary over time.
Future work will extend the basket to additional crops, lengthen the evaluation period
to strengthen inference, couple seed prices with fertilizer and agrochemical inputs in a
multivariate setting, and package the pipeline as an interactive dashboard (for example,
a Streamlit application) so that real-time monitoring becomes accessible to non-technical
users. In sum, the proposed system provides a reproducible, deployable, and uncertainty-
aware foundation for monitoring agricultural e-commerce input markets.

Supplementary Materials: The following supporting information can be downloaded at
https:/ /www.mdpi.com/article/10.3390/agriculture16151620/s1. Figure S1: Forecast residual di-
agnostics for tomato, pepper, and lettuce: (a—c) residual distributions with fitted normal densities
and kernel density estimates, and (d—f) corresponding Q-Q plots; Figure S2: Adaptive conformal
prediction diagnostics: (a—c) realized versus nominal coverage across forecast horizons h = 1-4 for
tomato, pepper, and lettuce, respectively, and (d) the realized-coverage—mean-interval-width trade-off
at h = 1; Figure S3: Geographic distribution and spatial concentration of transactions: (a) combined
transaction-density map, (b) regional distribution, (c—e) crop-specific transaction maps for tomato,
pepper, and lettuce, (f) Lorenz curves, (g) the 15 provinces with the highest transaction volumes, and
(h) the price-volume relationship; Figure S4: Provincial mean seed prices: (a—c) provincial mean-price
maps for tomato, pepper, and lettuce, respectively, and (d) comparison of mean unit prices for the top
15 provinces by transaction volume; Table S1: Weekly crop-level price indices, moving averages, and
active-product counts; Table 52: Annual quality-control summary statistics by crop; Code S1: Python
code for index construction, comparator formulas, ensemble forecasting, and conformal prediction.
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