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ABSTRACT This study proposes a spatiotemporal forecasting framework for inventory fluctuations of
natural fiber products during multi-platform e-commerce promotion cycles. A cross-platform inventory
correlation graph is constructed to encode inter-platform relationships, integrating inventory change
trends and promotional rhythm into a weighted adjacency matrix. An adaptive time window mechanism
dynamically segments inventory sequences based on local fluctuation intensity, enabling sensitive detection
of sudden changes. Temporal Graph Convolutional Networks (T-GCN) are then applied to jointly model
temporal dependencies and cross-platform graph features. Experiments demonstrate superior performance,
achieving MAE=4.85, RMSE=7.12, and CPI=0.18, outperforming ARIMA, LSTM, and GRU models,
while effectively tracking abrupt inventory variations with minimal response delay. The framework can be
integrated with real-time data acquisition systems, edge-computing platforms, and networked information
processing infrastructures, providing an engineering-oriented solution for inventory prediction, supply
chain optimization, and decision support in dynamic e-commerce environments. The approach emphasizes
spatiotemporal feature fusion and adaptive response to high-frequency inventory fluctuations, bridging
predictive modeling with practical engineering systems.

INDEX TERMS inventory prediction, adaptive time window, T-GCN, networked information systems

I. INTRODUCTION

THE natural fiber product also exhibits a high degree
of inventory volatility during the promotional cycles

of multiple platforms within e-commerce, as indicated by
changes in inventory over time that correspond very closely
to the number of promotional events per time period;
volume of e-commerce website and crossplatform traffic
(via e-commerce and social media) relative to an individual
promotional campaign; continuation of disturbances of the
logistics rhythm within regions due to extremely concen-
trated promotional events [1,2]. Because multiple platforms
have concurrent promotional events, and due to the overlap
of the promotional events between multiple platforms, it
creates a higher level of correlation in their respective
inventory patterns, such as spikes, concentrating patterns,
and overlaps. The single sequence modelling method typ-
ically used in the inventory forecasting practices is unable
to characterise the correlation links between platforms or
capture the more "pulse-like" rhythm of inventory changes
related to the promotion [3,4]. Three key issues exist:
non-stationary sequence structure due to the rhythm of

promotional activities; graph structure-related issues (due
to the linkages between platforms); higher potential for
error propagation in forecasts during promotional periods
due to fluctuations in inventory [5,6]. Natural fibre products
are affected by overlapping production planning cycles,
replenishment cycles, and promotional planning cycles, thus
resulting in higher costs related to the management of inven-
tory levels as well as greater requirements placed upon the
forecasting models used to estimate future inventory levels
[7,8]. Based on the above factors, inventory forecasting
during promotional cycles has become a key issue in multi-
platform product management. Its research value lies in
supporting the formulation of inventory allocation strategies
and the adjustment of supply chain turnover, and it is of
great significance for inventory risk control.

Existing research has explored inventory changes in pro-
motional scenarios extensively. The academic community
often conducts research based on time-series forecasting
structures or graph structure modeling, attempting to char-
acterize inventory trends from the perspective of time-series
fluctuation patterns or platform relationship networks. In
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the research on the prediction and optimization of multi-
product marketing resource allocation in cross-border e-
commerce, Xie et al. [9] provided a theoretical basis for
the coordination of multi-platform promotional resources,
but their static allocation model is difficult to adapt to
the dynamic fluctuations of inventory. Fu and Fisher [10]
improved the predictive timeliness of fashion categories
through social media data mining and fixed time windows,
but failed to effectively integrate the spatiotemporal correla-
tion characteristics of multi-platform inventory. Faced with
the inventory optimization problem in an imperfect envi-
ronment, Singh et al. [11] established a profit maximization
model, but lacked a special design for sudden fluctuations
in promotions. Cuartas and Aguilar [12] used reinforcement
learning algorithms to optimize inventory management deci-
sions, showing potential in dynamic adjustment, but did not
fully consider the graph structure characteristics of multi-
platform linkage. Paeizi et al. [13] incorporated life cycle
factors into inventory path planning, expanding the multi-
stage decision-making perspective, but did not solve the
problem of real-time prediction bias during promotional
peak periods. Akter and Kudapa [14] further analyzed
the role of business intelligence dashboards in operational
decision-making in static graph networks, emphasizing the
value of real-time data fusion, and providing a reference for
the decision support level for constructing a multi-platform
inventory forecasting framework in this study.

Scholars have made attempts to expand the methodol-
ogy. Some studies have applied convolutional structures to
extract local temporal features and constructed temporal
convolutional networks to characterize the local rhythm
of inventory changes. Some studies have deployed graph
convolutional structures to process inter-platform intercon-
nected networks, extract the correlation of inventory changes
between nodes, and describe cross-platform link relation-
ships [15-17]. Some studies have attempted to integrate
temporal and graph structures to capture complex inventory
change trajectories and enhance inventory prediction capa-
bilities to some extent. However, inventory changes during
promotional periods often exhibit characteristics such as
suddenness, density, and uneven rhythm changes. Conven-
tional temporal slicing methods are difficult to handle inven-
tory mutations [18,19]. Graph structure construction lacks
expression of promotional rhythm parameters, making it dif-
ficult for the prediction framework to maintain stable output
in highly volatile environments. The limitations of existing
methods are mainly concentrated in the lack of flexibility in
the spatiotemporal feature fusion method, the rigidity of the
temporal window structure, and the insufficient integration
of promotional rhythm factors [20,21]. To address these
shortcomings, this paper applies T-GCN and a time window
adjustment structure to more finely characterize inventory
fluctuations during promotional periods.

This study examines inventory forecasting on a promo-
tional cycle basis for natural fibre products. An inventory
relationship graph has been created to demonstrate inventory

relationships between the multiple platforms used for the
business. Graph weights are created from the inventory
change trend and promotional rhythm identified by the
graphs, combining the promotion of inventory across all
platforms into the inventory forecasting models. A time
window structure that is adaptable to the local fluctuation
rhythm of the inventory time series (during promotions) is
implemented to model the promotion cycles and to utilize
the local inventory rhythm changes as an influencer to
modify window size. As inventory amplitude fluctuates, the
analyzed window length changes accordingly, leading to the
creation of a time series partition method that accommodates
the promotions being undertaken by the client companies.
T-GCN has been used to introduce both time series features
and cross-platform features into the same model of inventory
forecasting. The goal of the research is to propose a more
specific prediction model to address the intense fluctuations
in inventory levels experienced during promotions, as well
as to improve inventory forecasting during the promotional
events occurring across multiple platforms for the natural
fibre producer’s multi-platform promotional sales.

II. PREDICTION STRUCTURE DESIGN FOR INVENTORY
FLUCTUATIONS DURING PROMOTIONAL CYCLES
Traditional inventory forecasting models often perform
poorly in multi-platform promotional scenarios due to their
difficulty in capturing the coupling effects of spatiotemporal
features. To address the core issues of static graph structures
lagging in dynamic promotional responses and fixed time
windows being poorly adaptable to sudden fluctuations, it is
urgent to design a prediction framework that can adaptively
integrate spatiotemporal dependencies. The overall architec-
ture shown in Figure 1 is as follows:

Figure 1 illustrates the core structure of the inventory
forecasting model integrating T-GCN and a time window
mechanism. The model first processes multi-platform data
in parallel, constructing an inventory graph model character-
izing the inter-platform relationships and an adaptive time
window based on local volatility intensity. Subsequently,
the outputs of both modules are input into a T-GCN unit,
which captures spatial dependencies and learns temporal
dynamics through graph convolutional layers and gated
recurrent structures, ultimately achieving the synergistic
fusion of spatiotemporal features and accurate prediction.

A. CONSTRUCTION OF CROSS-PLATFORM DYNAMIC
RELATIONSHIP GRAPH
The cross-platform inventory relationship graph uses multi-
platform inventory sequences as nodes to transform the
linkage relationship of inventory within a promotional cycle
into a computable graph structure. The construction process
uses the synchronicity of inventory change trajectories and
the intensity of inventory response triggered by promotional
rhythms as the main metric factors, forming a weighted
adjacency matrix for T-GCN input. To extract the relation-
ships among inventory sequences, the process begins by
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FIGURE 1. Core structure of the inventory forecasting model integrating T-GCN and time window mechanism

normalizing the original inventory sequences. As part of
this step, the differences in cardinality across platforms are
removed using multi-scale differencing and local fluctuation
detection methods. The dynamic correlation between the
sequences provides the initial connection weights for the
basic edges between those platform pairs that show a
strong temporal synchronicity. To eliminate the noise caused
by short-term peaks created by promotional activities, a
sliding similarity kernel is used to calculate the weights,
and the proportion of noise peaks is limited in order to
provide a consistent and stable representation of promotional
interference. The graph structure is built to encode the actual
coupling relationship between the crossplatform inventory
changes to the adjacency matrix so that T-GCN can learn
about the inventory impact path within the promotional
propagation chain during the convolutional layer of T-
GCN. The weighted structure of the graph incorporates
not only the short-term synchronicity of inventory changes
between inventory pairs but also the cross-platform fluctua-
tion transmission trend of inventory between inventory pairs
as a result of promotional activity. Therefore, it provides
a stable topological input into the convolutional layer for
future spatiotemporal convolutions. The weight calculation
is based on the normalized inventory sequence xi(t), and
the local correlation is used to measure the synchronous
change of inventory over time. In order to avoid the unstable
transition interference caused by a single promotion peak,
the correlation calculation applies a sliding window kernel
function to make the instantaneous peak spread in the local
range, thereby forming a more stable inventory similarity
[22]. The weight is given by the following formula, as shown
in Formula 1:

wij =

∑T
t=1 K(t)∆xi(t)∆xj(t)√∑T

t=1 K(t)∆x2
i (t)

√∑T
t=1 K(t)∆x2

j (t)
(1)

∆xi(t) represents the difference sequence, and K(t) is
the local kernel weight, which is used to weaken the sudden

resonance caused by the promotion peak. This weight con-
struction strategy can avoid the misjudgment of promotion
disturbance by static similarity, and make the cross-platform
inventory linkage express the promotion rhythm as the
dominant structure. The obtained weight matrix forms a
preliminary adjacency graph, and the inventory coupling
between platforms is based on the linkage strength of contin-
uous time periods rather than single-point peaks, making the
platform relationship more in line with the characteristics of
the promotion cycle.

To compensate for the structural distortion caused by pure
sequence similarity, the graph construction process applies
the promotion rhythm intensity parameter pij to characterize
the rhythm differences of promotional activities between
platforms and the sensitivity of node inventory response.
The promotion rhythm feature is defined by the degree
of matching between the promotional activity timestamp
sequence and the inventory change rate. After normalization,
it is combined with the similarity weight to form the final
adjacency matrix [23,24]. The combination method is as
follows: Formula 2:

Aij = αwij + (1− α)pij (2)

α is the balance coefficient, used to adjust the proportion
of similarity and promotion rhythm. The promotion rhythm
embedding avoids the edge weight bias caused by relying
solely on inventory sequence similarity and ignoring pro-
motional driving factors, so that the cross-platform coupling
relationship has a more stable structural expression within
the promotion cycle. The addition of the promotion rhythm
feature strengthens the graph structure’s ability to capture
the promotion propagation chain, so that the connection
weight of platforms with strong promotional response is
more expressed in the adjacency matrix.

Regarding the setting of the balance coefficient α, we
used grid search on the validation set in our experiments
for optimization, with a search range of [0.1, 0.9] and a
step size of 0.1. The results show that the model achieves
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the lowest MAE during the promotional period when α =
0.6. To verify its robustness, we further plotted the MAE
versus CPI curves as α ranged from 0.3 to 0.8 (see Figure
S1), finding that the performance remained stable within
the α ∈ [0.5, 0.7]. This result indicates that the model has
a certain tolerance for the choice of α, and that 0.6 is the
optimal compromise point, balancing the contributions of
inventory similarity and promotional pace.

Figure 2 shows the structured representation of the in-
ventory relationships across multiple platforms during the
promotional period, a crucial step in the construction of
the cross-platform inventory relationship graph. In Figure
2(a), the horizontal and vertical axes represent the six e-
commerce platform numbers, and the color intensity reflects
the correlation between the inventory sequences of each
platform. Higher similarity indicates a closer similarity in
inventory fluctuation patterns, and the numerical labels show
that some platforms exhibit high synchronicity near promo-
tional nodes. Figure 2(b) describes the similarity in promo-
tional intensity between platforms. Higher values indicate
closer similarity in promotional intensity. For example, the
correlation strength between Platform 1 and Platform 6
reaches 0.94, meaning their promotional rhythms are similar,
and they are more likely to interact in inventory changes.
The differentiated structure of the construction results of
the cross-platform inventory relationship graph shows that
inventory similarity is not only affected by the platform’s
promotional intensity but also by the platform’s own opera-
tional rhythm and product demand structure, thus providing
a basis for the subsequent construction of a spatiotemporal
adjacency matrix that integrates similarity and promotional
factors.

B. TIME WINDOW ADAPTIVE RHYTHM EXTRACTION
MODULE
The way inventory changes occur over the promotional
period contain elements such as jumps, increased amplitudes
of fluctuation, and shifts in rhythm at specific local areas
[25,26]. To characterize these nonstationary features, the
data has been divided into multiple variable-length windows
where the beginning and end of each window are adjusted
according to how much local fluctuation is experienced. The
beginning of processing consists of obtaining the continuous
differential trajectory of the inventory data; this provides an
indication of the rate of change on a local basis. Once a con-
tinuous differential trajectory has been established, then the
average amplitude of fluctuations within a window provides
the basis for determining window scaling. Therefore, the
length of the window is adjusted appropriately so that it is
in line with the local rhythm. The process of windowing
can also allow for different levels of granularity for the
fast and slow changing components of the inventory data,
during promotional cycles. Dynamic re-calibration not relies
on fixed window size parameters but rather continuously
changes the window size, through application of a threshold
based on the value of the local fluctuation. This enables

smaller windows to be established in the fast changing areas,
in contrast to larger windows that are established during
periods of stability. Reducing feature dilution during peak
promotion allows for short term time-frames to have their
own unique area of expression, thus avoiding aliasing by
spread across shorter time-frames. The window boundary is
based on the intensity of the local fluctuation function g(t),
which is constructed from the absolute values of the first-
order differences of the inventory sequences. A smoothing
kernel is used to suppress noise spikes, making the boundary
judgment more stable. The window length is set according
to the following formula, as shown in Formula 3:

L(t) = L0

(
1− g(t)

max(g)

)
+ ϵ, (3) (3)

Here, g(t) represents the intensity of local fluctuations
after smoothing, and ϵ is set as a lower bound to prevent
the window from being too small L0/4. This formula
ensures that when the peak of the promotion g(t) reaches
its maximum value, the window length L(t) is shortened to
near its maximum ϵ, thus providing higher time granularity
near inventory mutation points; while during periods of calm
fluctuation, the window is extended to near its maximum
L0 to improve computational efficiency. This correction
eliminates the logical contradiction in the original formula
that "the greater the fluctuation, the longer the window,"
ensuring that the model avoids feature dilution in key
mutation regions.

After being opened into their entirety, the windows
can each stand independently as time-based segments that
continue to follow the path created by the promotional
disturbances throughout each segment. Further extraction
of segments is not performed using a fixed-length window
of time, rather the scale of each occurs as a result of the
growth of local fluctuations. Therefore, the overall number
of segments that exist are determined by the promotional
cycle [27,28]. When segments are aligned in equal lengths,
then it allows for the mapping of segment windows of
differing lengths into one common unit, thereby allowing
the subsequent entry of the data segments into the temporal
input of the T-GCN. To assist with maintaining the structural
integrity of the segments and eliminate any excessive distor-
tion of the original sequence shape, the segment boundaries
have all been created using linear resampling. The segment
integration stage arranges the window sequences in their
original temporal order, enabling the model to obtain a
continuous expression of the promotional rhythm during
the spatiotemporal convolution stage. The sequence after
segment integration possesses adaptive local precision, giv-
ing higher weight to inventory mutation locations during
the prediction stage while avoiding excessive computational
resources occupied by stable segments. The input sequence
formed by this structure can effectively support the rhythmic
changes during the promotion period, providing a clearer
trajectory for subsequent model processing steps.
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FIGURE 2. Construction results of the cross-platform inventory relationship graph: (a) Inventory similarity matrix between platforms;
(b) Promotion intensity relationship matrix

Figure 3 illustrates the rhythmic analysis of inventory
fluctuations during the promotional period and the adaptive
time window segmentation process. During peak promo-
tional periods (e.g., the 3rd and 12th hours), the local fluctu-
ation intensity g(t) increases significantly, while the adaptive
window length L(t) shortens accordingly to enhance the
ability to capture sudden inventory changes. In Figure 3(b),
the colored blocks narrow at the peak , visually reflecting
the window contraction; the L(t) curve on the right vertical
axis of Figure 3(a) also decreases synchronously. Figure 3(b)
uses different colored blocks to illustrate the time window
segmentation results, with the horizontal axis representing
time and the vertical axis representing the actual inventory
level. The semi-transparent areas of different colors corre-
spond to the adaptively segmented time windows. It can
be seen that the window contracts during peak promotional
periods to capture rapid inventory changes, while it extends
during stable periods to cover continuous trends. Overall,
this indicates that the adaptive time window mechanism has
a sensitive response to sudden inventory fluctuations and a
function of local trend aggregation.

C. SPATIOTEMPORAL FUSION PREDICTOR BASED ON
T-GCN
To extract the spatiotemporal dependency structure of in-
ventory changes during promotions, synchronous input data
(including time period sequences segmented from time
windows and cross-platform adjacency matrices) were input
into T-GCN [29,30]. The T-GCN computational framework
consists of two parts: a graph convolution framework for
handling cross-platform inventory dependencies and a gated
loop framework for handling recursive processes at multiple
consecutive time points, thereby enabling the input data to
progressively eliminate node relationships within the time
window and the recursion depth on the sequence trajectory.
Sensor sequences generated after aligning and converting
the time window to a fixed width were also used as the
input basis for the graph convolutional layers. The cross-
platform adjacency matrix was used to calculate weights
and propagate them to all platforms, so that when drawing
the graph, the sum of the increments generated by inventory

changes could allow each node to receive these increment
contributions when the inventory is updated. After the graph
convolution is completed, the reverse state of the gated loop
is used to recursively expand the forward and backward
states of the time window. The state recursion does not
depend on a fixed time span, but is performed sequentially
according to the actual time steps within the window length.
This ensures a high-density state flow during transition
periods and a low update intensity during stable periods,
thus forming a dynamic recursive trajectory consistent with
the window rhythm. The model generates a spatiotemporally
fused implicit representation at the output, which provides
a continuous input for inventory forecasting at the next time
step.

D. GRAPH CONVOLUTION AND NODE RELATIONSHIP
PROPAGATION STRUCTURE
The graph convolutional layer uses a weighted adjacency
matrix A as the core of the operation. It linearly combines
the window input sequence Xt according to the node as-
sociation strength, so that the inventory changes between
platforms can form cross-node propagation during the con-
volution stage. The convolution calculation form is Formula
4:

Ht = σ(AXtW ) (4)

W is the matrix to be trained, and σ(·) is the activation
function. This structure is executed once at each time
step, so that the cross-platform association is continuously
updated within the entire window. The adjacency matrix
comes from the graph construction process of the previous
step. Therefore, the graph convolution carries information
related to promotional events in the operation, so that
nodes with high promotional response get higher weights
in the propagation path, avoiding the occurrence of isolated
nodes within the window [31,32]. The convolution output
is the graph feature representation of each node at this
time step. Its internal structure carries the trajectory of the
influence of promotional events on inventory propagation, so
that the inventory jump propagation path has a continuous
expression in the feature dimension.
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FIGURE 3. Results of adaptive time window rhythm extraction: (a) Changes in inventory fluctuation intensity and adaptive window
length; (b) Inventory sequence division results of adaptive time window

E. TEMPORAL RECURSIVE MECHANISM OF GATED
STRUCTURE
The graph convolution output sequence enters the gated loop
structure in chronological order, forming a recursive chain
of state variables within the window. The gated structure
uses the node features after graph convolution as input,
splitting state updates into two paths: an update gate and a
reset gate. This allows the transition segments and gradual
transition segments to form different response intensities
during the temporal flow. The transition segment generates
a larger update value due to the higher inventory change
rate, allowing the state vector to more quickly approach the
current inventory trend; the stable segment maintains a lower
update due to the smaller change amplitude, preventing
excessive fluctuations in the state [33,34]. This recursive
structure, in conjunction with the adaptive window, ensures
that local disturbances generated during the promotion phase
are not weakened by other time periods, maintaining the
complete transmission of the transition pattern within the
temporal chain.

The recursive output forms a spatiotemporal fusion vector
at the end of the window, which is recorded as a window-
level feature and fed into the prediction layer. This allows
the model to generate inventory prediction values in the final
prediction stage based on cross-platform relationships and
the internal rhythm of the window. This structure merges
promotional rhythm, cross-node propagation, and window
sequence patterns within the same framework, enabling
inventory fluctuations during the promotional cycle to be
mapped to the forecast input in a coherent manner, thus
laying a continuous structure for cross-window forecasting.

III. PERFORMANCE VALIDATION STRUCTURE FOR
INVENTORY FORECASTING DURING PROMOTIONAL
PERIODS
The inventory forecasting experiment implements a set of
operational records of natural fiber products from various
sources. The experimentation utilizes real-world data from
marketplace platform and service. The data has timestamps
indicating when a product is promoted, when the product is
in-stock or out-of-stock, and how many orders are placed for
the products through each platform, as well as when there is
a change in each platform’s inventory. The data is divided
by each promotional cycle; therefore, data from multiple

consecutive promotional cycles contains stable segments.
Out-of-stock days are removed, and abnormal replenishment
points are removed to create the final usable sequence of
data. The inventory data from each platform is collected
at regular intervals typically ranging from minutes to hours.
With this method, it is possible to capture quickly occurring
changes for the purpose of forecasting inventory levels.
Prior to conducting the experiment, data preparation is
necessary to prepare for all missing points, to align all
timestamps, to map all cross-platform nodes to ensure the
differential trajectory is correct, and to ensure each dataset
is captured at the same level of magnitude for input into
the prediction algorithm. Due to the differences between
promotional cycles with respect to duration, standardization
of the time for comparison purposes are applicable. Based
on the structure of the data and the fact that the data has been
collected and aggregated into a continuous sequence for
each of the promotional phases, the data can subsequently
be evaluated with respect to several indicators such as error
deviation, fluctuation-tracking sensitivity and multiplatform
consistency deviation.

The original inventory data in this paper was collected
with a minimum sampling interval of 5 minutes. To adapt
to the model input and computational efficiency, we down-
sampled the data at the hourly level during the preprocessing
stage (taking the minimum inventory value per hour to retain
the lower limit feature of "pulse"). Although the granularity
is reduced, the adaptive window mechanism can still effec-
tively respond to the sudden changes caused by promotions:
on the one hand, the hourly data still contains significant
fluctuations in promotion peaks; on the other hand, the
window length adjustment is based on the smoothed first-
order difference, which is robust to short-term pulses. This
study provides a comparison of prediction errors under
minute-level and hourly-level inputs. The results show that
the difference in MAE is less than 0.3, indicating that
downsampling does not significantly weaken the model’s
ability to capture pulse rhythms.

A. ERROR DISTRIBUTION DEVIATION VERIFICATION
PROCESS
The error distribution deviation is based on the hourly
difference between the predicted sequence and the actual
inventory sequence, with the continuous trajectory of this
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difference constituting the error sequence. During evalua-
tion, the error sequence is first smoothed to remove the
influence of single-point spikes. Then, the concentration
intervals and spans of the error during key promotional
periods are statistically analyzed to determine the degree
of deviation in the abrupt and gradual change phases of
the prediction. The verification process starts with dividing
the continuous error segments, grouping the positive and
negative segments of the error, and aligning the deviation
segments with the promotional nodes using the timestamps
of the promotional phases as a reference. The duration of
the deviation, the peak position of the deviation, and the
range of deviation diffusion are recorded. A larger deviation
indicates an unstable response of the prediction to the
promotional rhythm; a smaller deviation indicates a better
fit of the model’s state updates during abrupt change phases.

The error behavior characteristics of inventory forecasting
during promotional windows are assessed using Figure
4. Figure 4(a) shows the time series of errors, with the
horizontal axis being the time point and the vertical axis
being the forecasting error. The timeframes for promotional
activity are denoted by green dashed lines. As seen in
Figure 4(a), outliers of error are presented within multiple
timeframe intervals, including 30-50, 90-100, and 150-170.
This observation indicates that promotional activity has a
greater impact on the statistical accuracy of the forecasting
model. Additionally, the red smoothened line in Figure 4(a)
illustrates that the outlier deviations are mostly contained
in the promotional period. This determines the reference
for subsequent testing of outliers. Figure 4(b) illustrates
the rolling standard deviation index over the time points
on the horizontal axis and the index of deviation on the
vertical axis. Error instability is characterized by analyzing
the rolling standard deviation of the error index. From that
analysis, it is observed that there are multiple areas of
high deviation occurring near the promotional periods, thus
indicating that there are major structural disturbances in the
inventory forecasting process due to promotional activity.
This therefore indicates a need for both an adaptive rhythm-
based model and a spatiotemporally based fusion process to
suppress error propagation during promotional windows.

B. DETECTION STEPS FOR FLUCTUATION TRACKING
SENSITIVITY
The ability of a model to track fluctuations is determined
by analyzing the time it takes to produce a response to
a jump point in the inventory prediction. The first step
in this process is to identify where the jumps occur by
extracting them from the actual inventory time series data
(the input to the model) using the local extreme values from
the inventory differential series as the jump criteria. Once
a jump has been identified, the predicted value from the
jump point is compared with the actual value from the
jump point to determine the magnitude and direction of
change in the predicted response (or rebound) as a result of
the identified jump. Following this, the time delay between

the predicted jump point and the actual jump point is
calculated, and a statistical analysis of how well the model
recoveries progress following the jump is conducted. The
detection process occurs over several subintervals immedi-
ately adjacent to the jump segment, allowing for a complete
assessment of the model’s ability to follow very volatile
promotional periods in which each customer’s purchasing
behavior is subject to frequent and sudden changes. Models
that display greater sensitivity have a closer relationship
between the jump segment update path and the warehousing
rhythm, while those that do not have sufficient sensitivity
display significant lag in their predicted rebound trajectory
during the time immediately following the jump point.

Figure 5 illustrates the model’s response to fluctuation
signals when there are sudden jumps in the inventory series.
In Figure 5(a), the horizontal axis represents time, and
the vertical axis represents inventory level. The blue line
represents the actual inventory series; the red line represents
the predicted series; the green dots mark the jump points
detected by the model. The series shows significant inven-
tory jumps or decreases around times 30, 65, 100, 140, and
175, with the model’s predicted curve showing a smaller lag
compared to the actual curve. Figure 5(b) further magnifies
the third jump point region, observing a rapid decrease in
the actual inventory level near the jump point, while the
predicted series shows a smaller response amplitude and
a delay, indicating that the model’s sensitivity to sudden
fluctuations still has room for improvement.

C. COMPREHENSIVE PERFORMANCE COMPARISON
WITH CONTROL MODELS
To verify the effectiveness of the prediction model integrat-
ing T-GCN and adaptive time window mechanism in the
promotion cycle, this section selects four commonly used
time series or graphical time series models as controls:
LSTM (Long Short-Term Memory), GRU (Gated Recur-
rent Unit), T-GCN (without time window mechanism), and
the traditional ARIMA (AutoRegressive Integrated Moving
Average) model. Using multiplatform inventory sequences
as input data, the average error indices, including MAE
(Mean Absolute Error), RMSE (Root Mean Square Error),
and Platform Consistency Index (CPI), are calculated for
the pre-, mid-, and post-promotion periods. The stability
of the models at transition points is also examined. To
maintain a consistent evaluation dimension, all models use
the same data partitioning and training parameters. Table
1 shows the advantages of the proposed T-GCN combined
with an adaptive time window model in multi-platform
promotional inventory forecasting. During the promotional
period, ARIMA’s MAE is 9.85; RMSE is 13.4; CPI is 0.42,
showing slow response and poor cross-platform consistency.
LSTM and GRU’s MAE are 7.21 and 6.75, and CPI are
0.35 and 0.33, respectively, showing improved performance
but still slow change response. The original T-GCN has an
MAE of 6.10 and CPI of 0.29, with good cross-platform
dependence but inaccurate capture of local mutations. The
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FIGURE 4. Deviation test flowchart for inventory forecasting errors during promotional periods: (a) Time series sequence of
forecasting errors and promotional period markings; (b) Time series analysis of forecasting error deviation

FIGURE 5. Predictive response performance of inventory series under fluctuation jumps: (a) Inventory series and jump point
detection diagram; (b) Magnified analysis of jump point predictive response

proposed method reduces the MAE to 4.85, RMSE to 7.12,
and CPI to only 0.18, with a two-step delay in change
response, showing that the model significantly outperforms
other methods in capturing sudden fluctuations and main-
taining multi-platform consistency.

TABLE 1. Performance comparison of each model in inventory forecasting
during the promotion cycle

Model MAE (Pre- MAE RMSE CPI Platform Jump Point Response
Promotion) (Promotion) (Promotion) Consistency ↓ Delay (steps)

ARIMA 4.12 9.85 13.4 0.42 7
LSTM 3.05 7.21 10.32 0.35 5
GRU 2.98 6.75 9.8 0.33 4
T-GCN (Original) 2.65 6.1 9.05 0.29 4
Proposed Model 2.41 4.85 7.12 0.18 2

To more clearly separate the contributions of the adap-
tive time window mechanism and the T-GCN architecture,
we added two control models in our experiments: "Time
Window + LSTM" and "Time Window + GRU". These two
models employ the same adaptive windowing strategy as
the proposed method, only replacing T-GCN with LSTM
or GRU for in-window sequence modeling. Results show

that during the promotional period, the MAE of "Time
Window + LSTM" is 6.32, and that of "Time Window +
GRU" is 5.97, both outperforming the original LSTM/GRU
(7.21/6.75), but still not reaching the performance of the
proposed model (MAE=4.85). This indicates that the adap-
tive window mechanism itself has a gain effect, but the
significant performance improvement still depends on T-
GCN’s explicit modeling ability for cross-platform graph
structures.

IV. CONCLUSION
This paper focuses on the problem of predicting fluctuations
in inventory levels for natural fiber products during the
promotion periods of multi-platform e-commerce activities.
A spatiotemporal forecasting framework is proposed that
combines a T-GCN with a method for creating adaptive time
windows. The first step of this study is to develop a cross-
platform correlation graph of inventory levels and embed
the research findings into an adjacency matrix, assigning
weights to the connection between platforms based on the
trend of inventory fluctuations and promotion rhythm during
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the promotional period. An adaptive time window is used to
execute an accurate and timely slicing of the inventory time
series to identify sudden changes in inventory level. The
T-GCN is then utilized to capture both the time-series and
graph structure characteristics of the inventory within each
time window and to create window-by-window prediction
vectors. The findings from the experiments indicate that
this approach produces highly accurate inventory forecasts
with low estimation errors during periods of significant
promotion-driven inventory volatility, and a high degree of
sensitivity in tracking fluctuations. Additionally, this ap-
proach reflects the complexities of cross-platform inventory
synchronization. The limitations of this research include a
delay in the response to unusual inventory fluctuations and
limited prediction accuracy for specific promotional events.
Future work includes integrating reinforcement learning-
based techniques to refine the rules for adjusting time-
window lengths and the exploration of more sophisticated
graph structures for cross-platform inventory prediction to
improve adaptability and generalizability.
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