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Bike-sharing systems rely on accurate short-term demand forecasts to prevent shortages, surpluses, and costly 
rebalancing operations. Accurate predictions are also essential for enhancing the environmental, operational, and 
social sustainability of these systems, as improved forecasting may help reduce truck-based redistribution, potentially 
lowering emissions and supporting more efficient resource usage and more reliable urban mobility services. In this 
study, we evaluate a wide spectrum of forecasting approaches—ranging from classical time-series models (ARIMA, 
Prophet) and ensemble learners (Random Forest, XGBoost) to spatio-temporal deep learning models (LSTM variants, 
ST-GCN, GraphWaveNet, and GNN)—using a local station-level dataset. We incorporate both temporal history and 
spatial dependencies among stations under a unified evaluation protocol (24-hour look-back, one-hour-ahead 
prediction). Our findings show that integrating spatial context consistently improves accuracy. The spatio-augmented 
Random Forest (RF-ST) achieves the best performance, reducing error rates by over 10% compared to its temporal-
only counterpart and by more than 35% relative to ARIMA and Prophet. Graph-based neural models (e.g., GNN) 
deliver comparable accuracy, further confirming the benefits of explicit spatial modeling. These results highlight the 
potential sustainability implications of spatio-temporal forecasting, suggesting that more accurate station-level 
predictions may support more sustainable rebalancing strategies, potentially help reduce operational inefficiencies, 
and strengthen the long-term viability of bike-sharing systems as a sustainable transportation mode. 

 

 
1. Introduction 
Bike-sharing systems are a key component of smart and 
sustainable urban mobility, yet their effectiveness hinges on 
accurate short-term demand forecasts to avoid stock-outs, full 
docks, and costly truck rebalancing that degrade user 
experience and efficiency. Hence, demand forecasting is a 
central research area in intelligent transportation and service 
quality [1, 2]. Prior work spans deep learning [3, 4], machine-
learning baselines [5-7], and hybrid temporal models that 
couple ARIMA with deep components to capture both long- 
and short-term dependencies [2, 8]. These approaches 
leverage historical usage and external drivers such as weather 
and calendar effects, but many primarily emphasize temporal 
signals. 
 A persistent gap in the literature is the limited treatment 
of spatial dependencies among stations. Nearby stations often 
exhibit correlated usage patterns, and spatial context can shift 
demand across neighborhoods and time. However, many 

existing approaches rely primarily on temporal signals, which 
restricts their ability to capture spatial heterogeneity in bike-
sharing usage. The insufficient modeling of spatial 
interactions may also reduce operational efficiency, as 
operators depend on accurate local demand patterns to plan 
station rebalancing and resource allocation. 
 This limitation also has potential implications for 
operational efficiency and sustainability. When spatial 
demand variations are not adequately captured, operators may 
rely on less efficient rebalancing strategies, which can 
increase operational costs and resource usage. Prior studies 
(e.g., Subramanian et al. [2]) highlight that improved demand 
forecasting can support more efficient and sustainable urban 
mobility systems. This study is primarily a forecasting-
focused analysis, and sustainability considerations are 
included as potential application outcomes rather than 
directly measured impacts. 
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 This study’s objective is to quantify how much explicit 
spatial modeling improves short-term, station-level 
forecasting over purely temporal counterparts under a unified 
evaluation protocol (24-hour look-back, one-hour-ahead 
prediction). By situating forecasting within a sustainability 
framework, we emphasize that reducing prediction errors can 
potentially contribute to: (i) lower rebalancing mileage and 
associated carbon emissions, (ii) reduced waste of operational 
resources, (iii) improved service reliability and equitable 
access across neighborhoods, and (iv) enhanced system 
resilience through data-driven decision-making. 
 This study contributes by (i) using a previously unstudied 
local city-scale dataset (Kayseri; 84 stations, ~1.53M rentals), 
(ii) injecting lightweight spatio-temporal (ST) features into 
classical and ensemble learners (RF-ST, XG-ST) while 
benchmarking graph-based and sequence deep models under 
identical splits/metrics, and (iii) reporting station-wise 
significance to provide reproducible, operation-oriented 
evidence. Unlike prior studies that focus mainly on accuracy 
improvements, our work discusses the potential sustainability 
implications of modeling choices, demonstrating how 
spatially enriched prediction methods can support greener, 
cost-efficient, and user-centered bike-sharing operations. 
Moreover, unlike sustainability-oriented studies such as 
Subramanian et al. [2], which conceptually link AI-driven 
demand forecasting to greener mobility outcomes, our work 
provides a comprehensive, model-rich, station-level 
empirical evaluation that empirically evaluates how ST 
modeling may support operational sustainability through 
improved forecasting accuracy. 
 To address the gap, we incorporate ST information across 
model families—augmenting classical time-series and tree 
ensembles with ST features and evaluating ST deep models 
(e.g., LSTM variants and GNN-based methods)—on the local 
dataset. Through this design, our study evaluates not only 
whether ST modeling improves numerical performance but 
also how these improvements can contribute to sustainable 
urban transport management by reducing operational burdens 
and enhancing long-term system viability. Our results show 

that encoding spatial relations alongside temporal history 
yields markedly better station-level forecasts and, by 
extension, more reliable operations. In our experiments, RF-
ST achieves the best overall accuracy, with GNN and XG-ST 
close behind, highlighting a practical accuracy–efficiency 
trade-off for operators. 
 Our contributions are as follows: 
 • We unify and benchmark temporal, ST, and graph-based 
models under identical data splits and metrics. 
 • We provide station-wise statistical tests and operational 
insights for practical deployment in local bike-sharing 
systems. 
 • We explicitly link model performance improvements to 
their environmental, operational, and social sustainability 
implications. 
 Finally, the paper is organized as follows: Section 2 
details the dataset, features, and models; Section 3 explains 
the experimental protocol and metrics; Section 4 reports 
comparative results; Section 5 discusses model behavior and 
practical implications; Section 6 concludes with key 
takeaways and limitations/future work. 
 
2. Methodology 
In this section, we describe the methodology employed to 
improve demand forecasting in bike-sharing systems by 
integrating ST features into both traditional and modern 
forecasting models. Our methodological choices also aim to 
support sustainable bike-sharing operations by enabling more 
accurate and equitable decision-making, potentially reducing 
inefficient rebalancing, and ultimately lowering the 
environmental footprint associated with redistribution 
activities. We detail the dataset used, the models 
implemented, the experimental setup, and the evaluation 
metrics to assess the performance of each model. The overall 
methodological workflow is illustrated in Fig. 1, which 
summarizes the major stages of the study from data collection 
to model evaluation. 

 

 
Fig. 1. Overall framework of the study, illustrating the full pipeline from raw data through preprocessing, feature engineering, ST augmentation, 

model development, and evaluation 

Raw Dataset
     ↓

Preprocessing (cleaning, encoding)
     ↓

Feature Engineering (temporal, station metadata)
     ↓

ST Augmentation (neighbor demand, spatial lags, coordinates)
     ↓

Model Families
  - Classical (ARIMA, Prophet)
  - ML (RF, XG, RF-ST, XG-ST)

  - Deep (LSTM-U/M/ST)
  - Graph-based (GNN, ST-GCN, GraphWaveNet)

     ↓
Evaluation (RMSE, MAE, statistical tests)
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2.1. Dataset and data collection 
We use Kayseri’s bike-sharing data (2023–2024; April–
November operation), covering 84 stations, 1,838 total 
capacities, and ~1.53M rentals with start/end times and 
stations. We clean missing/outliers, encode categorical 
variables, and derive temporal (hour, weekday) and spatial 
(station coordinates, neighbor proximity) features for all 
models. It should also be noted that the Kayseri bike-sharing 
system operates seasonally. During winter months, when 
cycling demand is extremely low due to weather conditions, 
the system is temporarily suspended and bicycles undergo 
maintenance operations. Consequently, the dataset used in 
this study covers the active operational period between April 
and November, and therefore does not include full annual 
seasonal cycles. 
 In this study, hourly demand is defined as the number of 
bike rental trips originating from each station within a given 
hour. Thus, the forecasting task focuses on predicting trip 
departures rather than net station flow (inflow minus 
outflow). 
 To provide a clearer characterization of the dataset, we 
computed several descriptive statistics at the station–hour 
level. The hourly demand values range from 0 to 93 trips, with 
an average of 1.26 trips per station-hour. Across the complete 
station–hour matrix, approximately 70.45% of entries contain 
no recorded trips, reflecting the naturally sparse usage 
patterns observed in large-scale bike-sharing systems, where 
many stations experience prolonged periods of zero demand. 
Using an IQR-based rule, 7.19% of non-zero observations 
were flagged as statistical outliers, typically corresponding to 
peak-demand hours at major transit and activity hubs. At the 
station level, the number of non-missing hourly observations 
varies substantially (min = 722 hours, max = 7,641 hours), 
indicating heterogeneity in operational periods and usage 
intensity across the network. These statistics provide an 
empirical foundation for understanding spatial and temporal 
variability in demand prior to modeling. Although the dataset 
contains a high proportion of zero-demand observations, this 
sparsity reflects the natural usage patterns of bike-sharing 
systems, where many stations experience periods of 
inactivity. In this study, we did not apply explicit zero-
inflation modeling techniques, since the forecasting models 
used (e.g., tree ensembles and neural networks) are capable of 
learning from sparse demand patterns without requiring a 
separate zero-generation process. 

2.2. Data preprocessing and feature engineering 
The raw data was cleaned and preprocessed by handling 
missing values, removing outliers, and transforming 
categorical variables into numerical features. In addition, 
temporal and spatial features were extracted, including time 
of day, day of the week, and geographical proximity between 
stations. These features were essential for incorporating ST 
dynamics into the forecasting models. 

 To ensure reliable forecasting performance, several 
preprocessing steps were applied before model development. 
First, raw trip logs were aggregated into station-level hourly 
demand series based on trip origin stations. Data cleaning 
procedures were then conducted to remove inconsistent 
records and correct timestamp irregularities. Missing hourly 
observations were handled based on the structure of the raw 
dataset. Since bike-sharing trip logs are recorded only when a 
rental transaction occurs, the absence of a record for a given 
station-hour interval indicates that no trips took place during 
that period rather than a missing observation. Therefore, such 
intervals were represented as zero demand in the constructed 
time series. This approach reflects the operational 
characteristics of bike-sharing systems, where stations 
frequently experience periods of inactivity. 
 Outlier detection was performed using the interquartile 
range (IQR) rule to identify unusually high demand values 
that could distort model training. These observations were 
retained when they corresponded to plausible peak demand 
periods, such as commuting hours or major activity hubs, 
since they represent meaningful operational patterns rather 
than measurement errors. 
 After cleaning, several temporal and spatial features were 
engineered to enrich the predictive signals. Temporal features 
included hour-of-day, day-of-week, and cyclic encodings of 
time variables to capture daily usage patterns. Spatial features 
were derived from station coordinates and neighboring station 
relationships using a geographic proximity graph. For spatio-
temporal feature construction, neighbor demand signals were 
computed as a weighted average of nearby stations using a 
Gaussian kernel. The weights were derived from pairwise 
geographic distances and then row-normalized, ensuring that 
the contributions of neighboring stations sum to one. Thus, 
the spatial lag feature represents a normalized weighted 
aggregation of neighbor demand rather than a simple 
arithmetic average. In this study, the spatial adjacency matrix 
was constructed using geographic proximity based on station 
coordinates, implemented through a Gaussian kernel and k-
nearest neighbor filtering. This distance-based formulation 
was preferred because it provides a simple, interpretable, and 
reproducible representation of spatial interactions between 
stations. More complex alternatives, such as correlation-
based or dynamic graphs, were not considered in order to 
maintain a consistent and transparent experimental 
framework across all models. These engineered features 
enable the models to capture both temporal dynamics and 
spatial dependencies across stations, which are essential for 
accurate station-level demand forecasting in bike-sharing 
systems. 

2.3. Models and techniques 
We compare four families under a common setup (one-hour-
ahead target; 24-hour look-back; identical split/metrics; 
hyperparameters in Table 1): 
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Table 1. Model-specific configurations summarizing the input features, architectural components, and key hyperparameters used across all 
forecasting models evaluated in this study 
Model Inputs (delta vs. 

common) 
Key architecture / hyperparams Approx. Trainable 

Parameters 
Notes 

ARIMA — Candidate orders: (1,1,1)/(0,1,1)/(1,1,0)/(2,1,2) N/A Rolling 1-step ahead on 
test 

Prophet — Weekly seasonality on; daily/yearly off; no 
holidays 

N/A Robust to gaps/outliers 

LSTM-U 24 self-lags LSTM(64, tanh) → Dense(1); Adam; up to 20 
epochs; EarlyStopping(pat=3, batch=64) 

16,961 Scaling: MinMax 
(train) 

LSTM-M Demand + hour, 
weekday + (lat, lon) 

LSTM(64, ReLU) → Dense(1); Adam; up to 20 
epochs; EarlyStopping(pat=3, batch=64) 

17,985 MinMax (train); 
window=24 

LSTM-ST Self lags + kNN neighbor 
aggregate (σ=1.5 km, 
k=5, row-norm) + cyclic 
time 

LSTM(64, tanh) → Dense(1); Adam; up to 20 
epochs; EarlyStopping(pat=3, batch=64) 

18,241 StandardScaler (train) 

GNN Last-24h demand (z-
scored) + sin/cos(hour), 
weekday 

Linear(24→64) → GCN(64) → GCN(64) → 
Linear(64+4→1); ReLU; dropout=0.1; residual; 
Adam (lr=1e-3, wd=1e-4); up to 40 epochs; 
EarlyStopping(pat=10) 

9,989 Graph: geo-proximity 
(σ=1.5 km), kNN=5, 
row-norm, self-loops, 
symmetric norm 

RF Last-24 self-lags only RFRegressor(n_estimators=500, 
max_features="sqrt", min_samples_leaf=5, 
random_state=42, n_jobs=-1) 

N/A No explicit calendar 
vars 

RF-ST Self-lags + kNN 
neighbor lags (σ=1.5 km, 
k=5, row-norm) + cyclic 
time 

Same RF as above N/A — 

XG Last-24 self-lags only XGRegressor(objective="reg:squarederror", 
n_estimators=100, learning_rate=0.1, 
random_state=42, n_jobs=-1) 

N/A Very short series 
skipped (≥ 10 post-lag 
samples) 

XG-ST Self-lags + hour, 
weekday + (lat, lon) 

XGRegressor(n_estimators=200, 
learning_rate=0.1, max_depth=6, 
subsample=0.9, colsample_bytree=0.9, 
random_state=42, n_jobs=-1) 

N/A MinMax (global); 
window=24 

ST-GCN Seq_len=24 (+ optional 
cyclic time) 

Linear(24→16, ReLU) → A·X → 
Linear(16→1); Adam (lr=0.01); up to 40 
epochs; EarlyStopping(pat=5) 

417 Graph: Haversine + 
Gaussian(σ=1.5 km), 
row-norm 

GraphWave
Net 

W = 24; X standardized 
over lag windows; Y 
standardized per station. 

1×1 Conv (1→32) → 4 dilated temporal 
convolution + graph convolution blocks with 
residual/skip connections → 1×1 Conv 
(64→128→1); Adam (lr = 1e-3, wd = 1e-4); up 
to 40 epochs; EarlyStopping (patience = 5) 

54,465 Haversine + Gaussian 
(𝜎𝜎=1.5 km), k = 5, row-
normalized, 
bidirectional supports 
with self-loops 

 
 (i) Classical baselines. The Autoregressive Integrated 
Moving Average (ARIMA) models trends/seasonality from 
historical demand, serving as a temporal-only reference [9-
14]. Prophet offers an additive trend/seasonality/holiday 
formulation that is robust to missing/outliers and provides 
quick, interpretable baselines [15-18]. 
 (ii) Sequence deep learning. Long Short-Term Memory 
(LSTM) (univariate (LSTM-U) and multivariate (LSTM-M)) 
captures nonlinear temporal dependencies; a spatio-temporal 
LSTM (LSTM-ST) augments demand sequences with 
calendar features as well as neighboring station demand (Fig. 
2). 
 (iii) Tree/boosting. Random Forest (RF) and eXtreme 
Gradient Boosting (XG) are strong nonlinear tabular learners; 
their spatio-augmented variants add coordinates, spatial lags, 
and neighbor signals to encode spatial dependence—RF-ST 

[19, 20, 32] and XGBoost–Spatio [21] (XG-ST)—building on 
RF [22-24]. 
 (iv) Graph-based models. Spatio-Temporal Graph 
Convolutional Network (ST-GCN) learns joint space–time 
patterns on a station graph (edges from proximity/correlation) 
with temporal modules (and, in some variants, attention) [25]. 
GraphWaveNet combines adaptive graph convolutions with 
dilated causal temporal convolutions for long-range 
dependencies [26-28]. 
 The selection of model families in this study was designed 
to provide a balanced comparison across different 
methodological paradigms used in demand forecasting. 
Classical time-series models (ARIMA and Prophet) were 
included as widely adopted baseline approaches that capture 
temporal dynamics using statistical formulations.  
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Fig. 2. Architectures of LSTM, Multi-variate LSTM, and LSTM-ST Models 

 
Tree-based machine learning models (Random Forest and 
XGBoost) were selected due to their strong performance on 
tabular data and their ability to model nonlinear feature 
interactions. LSTM-based architectures represent sequence 
deep learning models capable of capturing complex temporal 
dependencies in time-series data. Finally, graph-based neural 
networks were included to explicitly model spatial 
relationships among stations through graph structures. By 
evaluating these model families under a unified experimental 
framework, the study aims to assess how progressively richer 
representations of temporal and spatial dependencies 
influence forecasting performance. 
 
3. Experimental Setup and Results 

3.1. Model evaluation and performance metrics 
We evaluate per-station hourly series with a chronological 
80/20 split and a unified 24-h look-back, rolling one-step-
ahead protocol. Because the forecasting models were trained 
separately for each station, the chronological 80/20 split was 
applied independently to each station’s hourly demand series. 
Therefore, the exact calendar boundaries of the training and 
testing sets vary across stations depending on their data 
availability and operational duration. In all cases, the training 
set corresponds to the earliest 80% of observations and the 
test set to the most recent 20% of observations within the 
April 2023–November 2024 operating period. Metrics are 
per-station RMSE/MAE, and are reported as mean ± std 
across stations. Scale-independent metrics such as MAPE 
were not included due to the high proportion of zero-demand 
observations in the dataset. Since MAPE involves division by 
the true value, it becomes undefined or unstable when actual 
demand values are zero or close to zero. Given the zero-
inflated nature of bike-sharing demand at the station level, 
RMSE and MAE were preferred as more stable and 
interpretable evaluation metrics. Unless specified otherwise: 
negative predictions are clipped to 0; hours missing in the raw 
logs are imputed as 0; series with ≤ 25 post-lag samples are 
excluded; optimization uses mean squared error; statistical 
significance is assessed via Friedman + Nemenyi (α = 0.05). 

For the Friedman test, models were ranked separately for each 
station based on their RMSE values, where lower error 
corresponds to a better rank (rank 1 = best). These ranks were 
then averaged across all stations to obtain the mean rank of 
each model. The Friedman test was applied to these per-
station rankings, followed by a Nemenyi post-hoc test to 
assess pairwise differences. 
 To ensure a fair and efficient comparison across model 
families, hyperparameters were tuned on a small validation 
subset using short grid searches around commonly adopted 
defaults. For tree-based models (RF, XGBoost), depth, 
learning rate, and number of estimators were varied to balance 
bias–variance trade-offs; for LSTM variants, hidden size, 
learning rate, and patience were adjusted to stabilize 
convergence; and for graph-based models (GNN, ST-GCN, 
GraphWaveNet), hidden dimension and weight-decay 
parameters were selected to prevent overfitting on the 
relatively small graph. The final configurations shown in 
Table 1 correspond to the best validation settings under this 
unified tuning protocol (‘pat’ denotes the patience parameter 
in early stopping). Table 1 also reports the approximate 
number of trainable parameters for the neural and graph-
based models to improve transparency regarding model 
complexity. The validation subset corresponded to the last 
10% of the training data, and grid searches were performed 
over narrow ranges (e.g., max_depth ∈ {4, 6, 8}, n_estimators 
∈ {200, 500, 800}). Approximate trainable parameter counts 
are reported only for neural and graph-based models. 
Classical statistical models and tree-based ensemble methods 
are marked as N/A because their complexity is not typically 
expressed in trainable-parameter form. The search spaces 
were intentionally kept compact in order to maintain a fair and 
computationally tractable comparison across all model 
families and 84 station-level forecasting tasks. In particular, 
for graph-based and deep learning models, we prioritized 
commonly used parameter ranges from prior forecasting 
studies and adjusted them conservatively to reduce the risk of 
overfitting on a relatively small station graph. Therefore, the 
tuning strategy was designed to identify stable and 
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comparable configurations rather than to exhaustively 
optimize each model individually. 
 A single chronological split was adopted to preserve the 
temporal structure of the data and avoid information leakage 
that would arise from randomized resampling. To prevent 
information leakage, all spatio-temporal features, including 
neighbor-based lag variables, were constructed using only 
past observations within each input window. For each 
prediction step, both temporal lags and spatial features were 
derived exclusively from historical data (t−24 to t−1), 
ensuring that no future information from the test period was 
used during feature construction. Following common practice 
in station-level demand forecasting, all performance metrics 
were computed independently for each of the 84 stations and 
summarized using station-wise means, standard deviations, 
and non-parametric statistical tests. While repeated holdout or 
blocked cross-validation could offer additional robustness, 
such extensions are considered outside the scope of this study 
due to the substantial computational cost of re-training all 
models. 
 Since the forecasting task is defined at the station level, 
the models generate hourly demand predictions 
independently for each station in the network. This design 
enables operators to anticipate demand shortages or surpluses 
at specific stations and supports fine-grained operational 
decisions such as localized rebalancing. In addition, station-
level forecasts can be aggregated to estimate demand patterns 
for broader urban regions. For example, stations located 
within the same district or mobility corridor can be grouped 
to derive regional demand estimates. Such aggregation could 
support higher-level planning tasks such as district-level 
resource allocation or infrastructure planning. 
 Although rolling-origin evaluation can provide a more 
robust assessment for non-stationary time series, it was not 

adopted in the present study due to the substantial 
computational burden of repeatedly re-training all model 
families across 84 station-level series, particularly for deep 
and graph-based architectures. Instead, a single chronological 
holdout split was used to preserve temporal order, prevent 
information leakage, and ensure a fair and consistent 
comparison across all models under the same experimental 
protocol. In addition, because the Kayseri bike-sharing 
system operates only during the active April–November 
period, the dataset does not include a full annual cycle; 
therefore, the dominant recurring patterns in the data are 
primarily daily and weekly rather than full-year seasonality. 
Nevertheless, rolling-origin or repeated temporal validation 
constitutes an important direction for future work. 

3.2. Results 
Table 2 summarizes the predictive performance of all models. 
Classical time-series baselines (ARIMA, Prophet) yielded the 
weakest results, while both neural and ensemble approaches 
showed substantial improvements. Incorporating spatial 
dependencies consistently enhanced accuracy: RF-ST 
achieved the best overall performance (2.67 RMSE, 1.67 
MAE), followed by GNN and XG-ST. 
 The Friedman test confirmed significant performance 
differences among models (χ²_F = 418.205, p = 8.34×10⁻⁸³). 
The corresponding effect size, measured using Kendall’s 
coefficient of concordance (W), was approximately 0.45, 
indicating a moderate to strong level of agreement among 
model rankings and suggesting that the observed performance 
differences are not only statistically significant but also 
practically meaningful. Post-hoc Nemenyi tests (see Fig. 3) 
showed that ST models significantly outperformed most 
temporal baselines, underscoring the value of spatial 
information in bike-sharing demand forecasting. 

 
Table 2. Comparative model performance (RMSE/MAE mean ± std across stations) 

Model RMSE MAE 

ARIMA 4.2341 ± 3.7493 3.2484 ± 3.2945 

Prophet 5.5153 ± 15.4679 3.9516 ± 11.8305 

LSTM-U 3.0914 ± 1.8371 2.0313 ± 1.3653 

LSTM-M 2.9128 ± 1.4797 1.9498 ± 1.0707 

LSTM-ST 2.9422 ± 1.4663 1.8169 ± 0.9925 

GNN 2.7627 ± 1.3934 1.7281 ± 0.9893 

RF 2.9685 ± 1.6494 1.9119 ± 1.1612 

RF-ST 2.6677 ± 1.2351 1.6707 ± 0.8664 

XG 3.0321 ± 1.7356 1.9144 ± 1.1729 

XG-ST 2.8248 ± 1.3853 1.7909 ± 0.9976 

ST-GCN 3.6468 ± 2.1099 2.4420 ± 1.5910 

GraphWaveNet 3.0251 ± 1.7875 2.0174 ± 1.3315 
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Fig. 3. Average Nemenyi rank across stations (lower = better) 

 
4. Discussion 
The results of this study demonstrate that ST modeling 
substantially improves forecasting accuracy for bike-sharing 
demand, consistent with recent literature. Compared to purely 
temporal baselines, models that explicitly integrate spatial 
information consistently achieved lower errors. In particular, 
the RF-ST emerged as the best-performing model (RMSE = 
2.67, MAE = 1.67), closely followed by the GNN and XG-
ST. Friedman and Nemenyi tests confirmed that these ST 
models significantly outperformed classical time-series 
approaches (ARIMA, Prophet) as well as standard machine 
learning and LSTM variants. The unusually high standard 
deviation observed for the Prophet model indicates 
substantial variability across stations. This behavior can be 
attributed to the sparse and highly heterogeneous nature of the 
dataset, where many stations exhibit prolonged zero-demand 
periods and occasional sharp peaks. Prophet’s additive 
structure is less robust under such conditions, leading to 
unstable predictions for certain stations. Although a detailed 
outlier station analysis was not conducted, this variability 
highlights a limitation of Prophet in handling zero-inflated 
and highly imbalanced demand patterns. 
 These findings align with several contemporary studies: 
• Zhao et al. [29] propose a Robust Spatio-Temporal 
Demand Prediction (RST) model which integrates POIs, 
weather, road networks, and a dynamic hierarchical structure, 
showing strong improvements in NY and Beijing datasets. 
Their work stresses the importance of spatial heterogeneity 
and differentiating station behavior.  
• Kim et al. [30] demonstrate how region generation via soft 
clustering allows spatial units to share characteristics and 
improves predictive performance.  
• Sardinha, Finamore & Henriques [31] argue that 
contextual features such as weather, calendar effects, and 
spatial awareness contribute significantly; their models show 
improvements, though not always statistically significant, 
when such context is included.  

• Subramanian et al. [2] explicitly frame bike-sharing 
demand forecasting as a tool for enhancing sustainable 
transportation, framing AI-driven prediction models as 
enablers of more energy-efficient and environmentally 
responsible operations, and more efficient operations in smart 
cities. 
• Recent studies published in the Journal of Construction 
Engineering, Management & Innovation (JCEMI) have also 
emphasized the role of data-driven and intelligent systems in 
improving operational efficiency and decision-making in 
infrastructure and facility management contexts. For instance, 
Suliman et al. [32] highlight how IoT-based approaches can 
support real-time data utilization and system optimization, 
which aligns with the present study’s focus on leveraging 
data-driven forecasting for improved bike-sharing operations. 
 Compared with these studies, our results reinforce several 
key insights: 
• Spatial dependencies are crucial for sustainable 
operations. 
 The superiority of RF-ST and GNN confirms that 
modeling inter-station relationships (e.g., via proximity or 
graph structures) is critical. Ignoring spatial correlations may 
result in less efficient operations, may potentially increase 
redistribution effort and associated costs, since operators 
compensate for poor predictions with more frequent truck-
based rebalancing. 
• Combining features improves accuracy and resource 
efficiency. 
 Multivariate LSTM, RF-ST, and XG-ST all outperform 
their temporal-only counterparts, confirming that temporal + 
spatial + demand history jointly enhances prediction. This 
improved performance is operationally meaningful: fewer 
forecast errors can facilitate more efficient scheduling, may 
help reduce wasted labor hours, and more balanced bike 
availability across neighborhoods—supporting equitable and 
socially sustainable mobility. 
• Graph-based learning is promising but architecture-
dependent. 
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 While GNN performed competitively, ST-GCN and 
GraphWaveNet showed lower accuracy in our dataset. This 
can be attributed not to a lack of data volume, but to the 
relatively moderate size and sparsity of the station graph (84 
nodes), which limited the expressive power of deep graph 
convolutions. The static proximity-based graph construction 
may have failed to capture dynamic correlations such as 
commuter flows or event-driven demand changes. Moreover, 
the high parameterization and sensitivity to hyperparameters 
of these models made them prone to underfitting under this 
moderate graph density. Although the dataset itself is large, 
the network topology was not complex enough for deep graph 
models to fully exploit ST dependencies. 
• Trade-offs matter. 
 While GNNs achieve high accuracy, they are 
computationally demanding and highly dependent on graph 
design. One possible explanation for the strong performance 
of RF-ST is that tree-based ensemble methods tend to be 
relatively robust to moderate hyperparameter variation, 
whereas deep learning and graph-based architectures are 
often more sensitive to design and optimization choices. 
Therefore, the observed superiority of RF-ST in this study 
should be interpreted within the scope of the present 
experimental setup rather than as a universal claim of model 
superiority under exhaustive tuning. By contrast, tree-based 
ST extensions (RF-ST, XG-ST) offer competitive accuracy 
with lower complexity, making them attractive for 
operational deployment. The superior performance of RF-ST 
can be attributed to both data characteristics and model 
properties. The dataset is highly sparse and zero-inflated, 
conditions under which tree-based ensemble methods are 
known to perform robustly. In contrast, graph neural networks 
rely on learning smooth spatial representations, which may be 
less effective for irregular and discontinuous demand 
patterns. Furthermore, RF-ST incorporates spatial 
information through explicitly engineered features, while 
GNN models must learn these relationships implicitly, which 
can be challenging in relatively small and static graph 
structures. These factors collectively help explain the 
observed performance difference. The performance 
differences between LSTM-ST and graph-based models 
should be interpreted in light of how spatial information is 
incorporated into each modeling approach. While both model 
families include spatio-temporal components, they differ 
significantly in representation strategy. LSTM-ST integrates 
spatial information indirectly through feature augmentation, 
whereas graph-based models attempt to learn spatial 
dependencies explicitly through graph convolutions. The 
results suggest that spatial information is indeed valuable for 
improving forecasting accuracy, as evidenced by the strong 
performance of RF-ST and LSTM-ST compared to purely 
temporal models. However, the effectiveness of graph-based 
approaches appears to depend on the quality and 
expressiveness of the underlying graph structure. In the 
present dataset, where the network is relatively small and 

spatial interactions may be irregular, explicitly learned graph 
representations may not provide a substantial advantage over 
feature-based spatial integration. This indicates that, while 
spatial context plays a critical role in bike-sharing demand 
prediction, simpler and more direct methods of incorporating 
spatial information can sometimes be more effective than 
more complex graph-based architectures under certain data 
conditions. 
• Environmental and societal implications. 
 While this study does not directly quantify environmental 
impacts such as emissions or fuel consumption, improved 
forecasting accuracy can help support more efficient 
rebalancing operations, which may contribute to 
sustainability objectives. Although operational logs such as 
rebalancing routes or fuel consumption were not available in 
our dataset, the sustainability implications of improved 
predictive accuracy can be contextualized using evidence 
from prior research. Fan et al. [23] showed that a 10–18% 
improvement in demand forecasting accuracy resulted in a 9–
17% reduction in rebalancing route cost. Similarly, Ashqar et 
al. [22] demonstrated that reducing station-level prediction 
error by approximately 10% led to an 8–12% decrease in 
rebalancing movements in a large-scale system. Subramanian 
et al. [2] further frame accurate demand forecasting as a key 
enabler of sustainable bike-sharing operations by supporting 
more efficient resource allocation and system planning. Given 
that our spatio-temporal models achieve 10–35% lower error 
compared to temporal baselines, it is reasonable to expect that 
such improvements may be associated with proportional 
reductions in rebalancing mileage and associated emissions, 
consistent with these earlier findings. While these estimates 
are illustrative rather than empirical, they provide a literature-
grounded indication of the potential sustainability benefits 
achievable through more accurate station-level forecasting. 
This perspective is also consistent with broader sustainability 
frameworks, where global policy initiatives such as the Paris 
Agreement emphasize reducing emissions through more 
efficient and data-driven system-level decision-making [33]. 
 The improvements demonstrated by ST models have 
broader sustainability implications: 
• Potential reduction in emissions due to fewer unnecessary 
truck trips. 
• Potentially lower energy consumption in daily operations. 
• Potential improvements in service reliability, supporting 
mode shift from cars to bicycles. 
• Potentially more equitable distribution of bikes across 
districts, improving access for different user groups. 
 To further assess the robustness of graph-based models, 
we conducted a sensitivity analysis by varying the Gaussian 
kernel width (σ = 1.0, 1.5, 2.0 km) and neighborhood size (k 
= 3, 5, 7). The results indicate that GNN and GraphWaveNet 
models exhibit stable performance across different graph 
specifications, with only minor variations in error metrics. In 
contrast, the ST-GCN model showed higher sensitivity to 
these parameters, with more noticeable fluctuations in RMSE 
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and MAE values. As summarized in Table 3, the variation 
ranges remain relatively narrow for GNN and 
GraphWaveNet, confirming their robustness to adjacency 
parameter choices, whereas ST-GCN demonstrates a wider 
performance spread across configurations. It should be noted 
that the best-performing configurations identified in the 
sensitivity analysis were not used in the main experiments, as 
all models were evaluated under a unified setup to ensure fair 
comparison across model families. Importantly, these 
findings suggest that the relative underperformance of certain 
graph-based models cannot be attributed solely to the choice 
of adjacency parameters. Instead, the results point to dataset-
related factors, such as sparse demand patterns and limited 
spatial dependencies, as more influential in determining 
model performance. This analysis was conducted for graph-
based models only, as the Gaussian kernel width and 
neighborhood size are specific to the construction of spatial 
adjacency matrices and do not apply to non-graph models. 
Overall, the limited variation across configurations further 
supports the stability and robustness of the reported model 
comparisons. 
 From a practical perspective, more accurate demand 
forecasts can help support more efficient rebalancing 
decisions and may contribute to lower operational costs, 
improved user satisfaction, and environmental benefits 
through lower operational emissions. Thus, the superiority of 
ST models, particularly RF-ST and GNN, holds not only 
academic but also operational significance for bike-sharing 
operators. 
 Beyond methodological comparisons, the results of this 
study also have important practical implications for bike-
sharing system operations. Accurate station-level demand 
forecasts can support more efficient rebalancing strategies by 
allowing operators to anticipate shortages or surpluses of 
bicycles at specific stations. Instead of relying on reactive 
redistribution, operators can schedule proactive rebalancing 
operations based on predicted demand patterns. 
 In addition, demand forecasting can assist in workforce 
and fleet planning for daily operations. By identifying stations 
that are likely to experience high demand during certain 
hours, operators can allocate redistribution vehicles and staff 
more efficiently.  
 Forecasting models can also support long-term planning 
decisions. For example, station-level demand predictions can 
inform infrastructure expansion, optimal station placement, 
and capacity planning in growing urban areas. In medium-
sized systems such as Kayseri’s network, these insights are 

particularly valuable for improving accessibility across 
different districts and ensuring balanced service coverage. 
 Finally, integrating predictive models into real-time 
decision-support systems could further enhance operational 
efficiency. Machine learning models such as RF-ST provide 
a favorable balance between accuracy and computational 
efficiency, making them suitable candidates for deployment 
in practical bike-sharing management platforms. 
 From an operational perspective, implementing demand 
forecasting models in real bike-sharing systems requires an 
automated data processing pipeline. Trip logs collected from 
docking stations can be aggregated into hourly demand series 
and periodically fed into forecasting models. In practice, 
models such as RF-ST or XG-ST can be retrained at regular 
intervals (e.g., weekly or monthly) as new data become 
available, ensuring that the models adapt to evolving usage 
patterns. 
 Once trained, the models can generate short-term demand 
forecasts in near real-time using the most recent observations 
and temporal features. These predictions can be integrated 
into operator dashboards or decision-support systems that 
assist in scheduling rebalancing operations, allocating 
redistribution vehicles, and monitoring station-level demand 
conditions. Due to their relatively low computational 
requirements compared to deep graph architectures, tree-
based models such as RF-ST may be particularly suitable for 
operational deployment in medium-sized bike-sharing 
systems. 
 
5. Conclusions 
This study is primarily a forecasting-focused analysis, and 
sustainability considerations are included as potential 
application outcomes rather than directly measured impacts.  
 In this study, we evaluated a wide range of models for 
short-term bike-sharing demand forecasting. RF-ST achieved 
the lowest average error (RMSE = 2.67, MAE = 1.67), while 
GNN and XG-ST also performed competitively. 
Incorporating spatial information consistently improved 
accuracy across model families.  
 From a construction and infrastructure management 
perspective, improved station-level demand forecasting 
supports more efficient allocation of physical assets, 
workforce planning for rebalancing, and lifecycle 
optimization of shared mobility infrastructure. 
 Beyond predictive performance, these improvements may 
support more efficient and sustainable bike-sharing 
operations, as discussed in Section 4. 

 
Table 3. Sensitivity analysis summary for graph-based models under varying σ and k 

Model RMSE Range MAE Range Best Configuration (σ, k) 

ST-GCN 3.35 – 3.73 2.27 – 2.68 (1.0, 5) 
GNN 2.75 – 2.78 1.72 – 1.74 (2.0, 7) 
GraphWaveNet 3.02 – 3.05 2.01 – 2.07 (2.0, 7) 
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 Overall, the study demonstrates that improving demand 
forecasting accuracy is not merely a technical task but a 
strategic pathway toward sustainable transportation 
management. ST models—particularly RF-ST and GNN—
offer a practical and effective means for operators to optimize 
fleet usage, reduce operational burdens, and strengthen the 
long-term viability of bike-sharing systems within smart city 
contexts. These findings reinforce the role of data-driven 
forecasting as a core component of sustainable urban mobility 
planning. 

5.1. Limitations & future work 
This study has several limitations. First, the analysis relies on 
a single chronological train–test split applied to each station-
level time series. While this approach preserves the temporal 
structure of the data, alternative evaluation strategies such as 
rolling-origin validation could provide additional robustness. 
Second, external contextual factors such as weather 
conditions, public events, or holiday effects were not 
incorporated into the current modeling framework. 
Additionally, the Kayseri bike-sharing system operates 
seasonally, and the dataset therefore covers only the active 
operational period between April and November, excluding 
winter months when the system is temporarily suspended. 
Furthermore, the graph structure used in graph-based models 
was static and based solely on geographic proximity, which 
may not fully capture dynamic inter-station relationships. 
 The sustainability implications discussed in the paper 
were inferred rather than measured directly, due to the lack of 
operational data such as fuel consumption logs or truck 
routing traces. As a consequence, the quantified 
environmental and operational impacts of improved 
forecasting accuracy remain approximate rather than 
empirical. 

 Another limitation concerns the generalizability of the 
findings. The analysis is based on a single-city dataset 
(Kayseri), which represents a medium-sized bike-sharing 
system with 84 stations. While the results provide valuable 
insights, they may not directly generalize to larger 
metropolitan systems with denser networks, more complex 
mobility patterns, and higher demand variability. In such 
settings, the relative performance of different model 
families—particularly graph-based approaches—may differ. 
Therefore, future studies should evaluate the proposed 
framework on larger and multi-city datasets to assess its 
robustness and scalability under diverse urban conditions. 
 Another limitation of the study is the absence of external 
contextual variables such as weather conditions, public 
events, or holiday indicators. These factors are known to 
influence bike-sharing demand, particularly in urban mobility 
systems where weather variability can significantly affect 
cycling behavior. Due to the limited availability of consistent 
contextual records aligned with the station-level demand logs, 
such variables were not incorporated into the current 
modeling framework. 
 Future research will incorporate repeated holdout 
evaluation, richer contextual variables, and dynamic graph 
structures to capture evolving station interactions. 
Additionally, integrating real operational data—such as 
rebalancing routes, vehicle emissions, or user accessibility 
metrics—will enable a more rigorous assessment of the 
sustainability benefits of ST forecasting. Future research 
could also integrate meteorological data, event schedules, or 
holiday calendars to further enhance forecasting accuracy and 
better capture demand fluctuations driven by external 
environmental or social factors. 
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