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An interpretable generative
probabilistic framework for
demand characterization and
consistency checking in dock-based
bicycle-sharing systems: the case
of BiciMad

Carlos M. Vallez**¢, David Contreras*3 & Mario Castro®%23>¢

Bicycle-sharing systems (BSS) have become an important component of sustainable urban mobility,
but their demand remains difficult to model. Usage varies across hours, stations, weather conditions,
and types of day, while the available data often provide only a partial view of the underlying demand
process. This study proposes an interpretable probabilistic framework to characterize and generate
synthetic demand for BiciMad, Madrid’s dock-based BSS, using trip-level data from 2018 and 2019.
The contribution is not the introduction of new probability distributions, but the calibrated integration
of standard probabilistic components into a demand-side generative framework. Trip distances are
modeled with Gamma distributions, and hourly trip counts are represented with Negative Binomial
distributions conditioned on hour, day type, and precipitation. These components are combined

with empirical station-popularity profiles to generate synthetic origin—destination demand under
explicit contextual assumptions. Validation against observed data shows that the framework provides
calibrated uncertainty estimates, with empirical coverage of the 95% prediction intervals close to

the nominal level across contextual scenarios. An external consistency check using 2019 data further
shows the practical value of the approach, as it helped identify systematic timestamp misattributions
that were later confirmed by the data provider. The proposed framework is not intended as a full
capacity-aware operational simulator. Instead, it provides a simple, interpretable, and uncertainty-
aware baseline for demand characterization, synthetic demand generation, exploratory disruption
analysis, and data-quality consistency checking in dock-based bicycle-sharing systems.

Bicycle-sharing systems (BSS) have become essential components of sustainable urban mobility, supporting
multimodal transportation, reducing congestion, and contributing to environmental goals. As part of the
broader Mobility-as-a-Service paradigm!', BSS complement public transport networks and provide flexible,
short-range mobility options. Their relevance is further underscored by the central role of human mobility in
urban planning, epidemiological modeling, transportation forecasting, and location-based services®. As cities
increasingly adopt sustainable transportation solutions, BSS have become both an important mobility service
and an active field of research®*.

Despite their operational importance, modeling demand in BSS remains challenging. Bicycle-sharing
demand varies substantially across users, stations, temporal patterns, and contextual conditions, while the
availability of real-time feedback data is often limited. In dock-based systems, these challenges are particularly
relevant because demand imbalances may lead to empty origin stations or full destination stations, creating the
need for bicycle rebalancing operations. This problem is typically divided into two sub-problems: (1) supply and
demand modeling, and (2) optimization of bike distribution>. The present study focuses on the first of these
components, namely probabilistic demand characterization.
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More broadly, modeling human mobility is a major research area, with numerous movement patterns
described in the literature” and many mathematical and statistical models developed to analyze them®. A central
tool for understanding mobility systems is the Origin-Destination (OD) matrix, which quantifies the number
of trips from origin location i to destination j. Traditional approaches, such as the Gravity model’, have long
provided interpretable aggregate descriptions of mobility flows and remain a reference framework. A prominent
formulation is

PP
f(Dij)’

Tij =

yet classical OD models may struggle with generalization, overfitting to specific stations, limited stochastic
representation, low explainability, and sensitivity to imbalanced flows®. At the same time, human mobility
research has expanded through Al and data-driven methodologies'®, enabling more flexible and precise
modeling of spatiotemporal phenomena.

Mobility demand models are commonly classified into individual- and population-level approaches®.
Individual-level models simulate mobility flows based on traveler behavior, using methods that range from
random walks to sophisticated algorithms with many explanatory variables; however, they often involve high
complexity, behavioral uncertainty, and limited generalizability across scenarios. In contrast, population-
level models aggregate flows between origin—destination pairs and rely on theoretical, empirical, or machine-
learning formulations. In the context of shared mobility systems!!, and BSS in particular’, forecasting and
demand modeling have traditionally relied on regression-based and machine-learning approaches, including
deep recurrent neural networks'>'* and probabilistic frameworks such as Hidden Markov Models'”. Related
modeling and simulation approaches have also been explored in other shared-mobility domains, including
open-data-driven e-scooter system design'® and agent-based simulation of vehicle-sharing systems'’, showing
that generative and interpretable frameworks are relevant across multiple shared transport modes.

These approaches have clear strengths. Machine-learning models can provide accurate forecasts when
enough data and covariates are available; probabilistic state models can represent latent regimes or system
states; and agent-based or operational simulators can describe system dynamics in greater detail. However, these
benefits come with trade-offs. High-performing forecasting models may require rich input data and substantial
computational resources, and their outputs can be difficult to interpret. Detailed simulators, in turn, often depend
on behavioral assumptions, station-capacity information, bicycle availability, and other supply-side data that are
not always available in public trip-record datasets. Classical OD and gravity-style models are easier to interpret,
but they usually provide a limited representation of uncertainty. Recent studies in complex systems modeling
have highlighted the value of simple, interpretable probabilistic frameworks when robustness, transparency, and
decision support are important objectives!®. Similarly, prior work has shown that uncertainty and overdispersion
should be explicitly represented in shared mobility systems, particularly when robustness, interpretability, and
predictive performance are all relevant'®. For applications such as redistribution planning, anomaly screening,
and exploratory scenario analysis, this points to the need for models that balance interpretability, uncertainty
representation, and computational cost.

To clarify the positioning of the present work, Table 1 compares the proposed framework with representative
families of approaches used in BSS and shared-mobility demand modeling. The purpose of this comparison is
not to suggest that one type of model is generally preferable to the others. Rather, it helps define the specific role
of the proposed framework: a transparent probabilistic baseline for demand characterization, synthetic demand
generation, and consistency checking when only limited operational data are available.

This positioning motivates a complementary approach: a simple and interpretable probabilistic framework
that can characterize demand, generate synthetic trip profiles, and support consistency checks using limited data.
Such a framework is not intended to replace high-resolution forecasting models or full operational simulators.
Its purpose is more specific: to provide a transparent probabilistic baseline for understanding the main demand
regularities that can be inferred from trip-level records.

In this study, we propose such a generative probabilistic framework for dock-based BSS. The framework
focuses on two core aspects of demand: trip distances between stations and hourly trip counts under different
contextual conditions. Using trip-level data from Madrid’s BiciMad system, we show that Gamma distributions
provide a suitable representation of trip-distance patterns, while Negative Binomial distributions capture hourly
trip counts, including overdispersion and variation associated with hour, precipitation, and weekday/weekend
conditions. These components are then combined with empirical station-popularity profiles to generate synthetic
origin-destination demand under explicit contextual assumptions.

Novelty and contribution
The novelty of this work does not lie in the use of Gamma or Negative Binomial distributions in isolation. Both
are standard probabilistic tools. They are used here because they offer interpretable and empirically adequate
representations of two key features of BSS demand: trip-distance patterns and overdispersed hourly counts.
The contribution lies in their integration with empirical station-popularity profiles into a calibrated demand-
side generative framework. This structure links contextual hourly demand, station-level origin heterogeneity,
and distance-based OD allocation, allowing synthetic OD demand profiles to be generated under explicit
assumptions.
The scope of the framework is deliberately focused. It is not intended to replace high-performance forecasting
models or capacity-aware operational simulators. Instead, it provides a probabilistic baseline for demand
characterization, uncertainty representation, synthetic data generation, and data-quality consistency checking.
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Table 1. Positioning of the proposed framework with respect to representative families of approaches used in
BSS and shared-mobility demand modeling.

The paper makes five specific contributions. First, it shows that BiciMad trip distances and contextual
hourly demand variability can be represented by stable, low-dimensional probabilistic families during the
selected operational period. Second, it combines these components into a demand-side generative framework
that produces synthetic OD demand profiles under explicit contextual assumptions. Third, it validates the
framework through probabilistic calibration, including the empirical coverage of 95% prediction intervals across
weekday/weekend and rainy/non-rainy scenarios. Fourth, it shows how the framework can support data-quality
consistency checking, including the identification of systematic timestamp misattributions in 2019 data that
were later confirmed by the data provider. Fifth, it provides a spatial-sensitivity analysis of station-unavailability
scenarios, showing that the proposed global-renormalization rule preserves meaningful local concentration
without requiring an exogenous nearest-neighbor constraint.

The proposed approach should therefore not be read as a simple application of standard distributions to a
new dataset. Rather, these distributions serve as building blocks within a calibrated generative framework that
connects demand volume, contextual variability, station-level heterogeneity, and distance-based OD allocation.

Overall, this study provides an interpretable probabilistic framework for characterizing bicycle-sharing
demand and generating synthetic demand profiles under explicit assumptions. It complements more complex
forecasting and simulation approaches by offering a low-complexity baseline for uncertainty representation,
exploratory analysis, and operational data-quality consistency checking in dock-based bicycle-sharing systems.
Its transferability to other urban contexts or shared mobility systems should be assessed through further
adaptation and validation.

Results

Empirical characterisation of trip distances

The empirical distribution of trip distances derived from BiciMad data reveals a highly consistent pattern
between 2018 and 2019, with a pronounced peak at short-to-intermediate urban distances and a smooth, heavy
tail (Fig. 1). Kernel density estimates confirm that the shape of the distribution remains remarkably stable across
both years, even after normalizing counts to account for differences in total trip volume.

To ensure comparability across years, distance histograms were normalized by the number of active stations
in each period, since BiciMad substantially expanded its infrastructure in 2020. This adjustment is essential:
without it, the raw 2020 distribution would appear artificially inflated simply because users had more origin—
destination combinations available.
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Fig. 1. Trip distance distribution for 2018, 2019, and 2020 based on normalized histograms and kernel density
estimates. Note how the distribution remains similar in 2018 and 2019, while the overall volume and pattern
changed significantly in 2020 due to the impact of COVID-19.
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Fig. 2. Empirical distribution of trips between stations at distance, d, for the 2018 Bicimad dataset. Left: fit to
the most common probability distributions used in distances, on a doubly logarithmic scale; right: same plot
in a linear scale. Note how this (typical) representation is misleading, as it does not provide enough resolution
at the tails. Overall, the Gamma distribution is the one that best captures all the data points in the set, closely
followed by the log-normal distribution. In Appendix A, we make this comparison more quantitative.

Even after this station-adjusted normalization, 2020 still shows visible deviations from the 2018-2019 pattern,
consistent with the profound changes in mobility behavior during the COVID-19 pandemic. These observations
motivate the use of a parametric family capable of capturing both the skewness and variability of the empirical
distribution, particularly for modeling purposes in later sections.

To evaluate candidate distributions, we fitted six commonly used models to the empirical 2018 distance
distribution: the Gamma, Lognormal, Weibull, Rayleigh, Normal, and Exponential distributions. Visual
comparison (Fig. 2) shows that the Gamma distribution provides the best agreement across short, medium, and
long distances, whereas the Exponential and Normal distributions fail to capture the distribution peak or the
tail behavior. The Lognormal distribution performs reasonably well but systematically deviates at the extremes.

Quantitative comparison using KL divergence confirms the superiority of the Gamma distribution, yielding
a divergence of 4.5 x 1072, substantially lower than that of alternative models. This result holds consistently
across temporal subsets, including hourly aggregations, reinforcing the suitability of the Gamma distribution
for generative modeling. Additional methodological details on the KL computation, parameter estimation, and
distributional comparisons are provided in Appendix A for completeness.

A complementary goodness-of-fit assessment was conducted using the Anderson-Darling test? for the
Gamma and Lognormal distributions, the two best-performing candidates according to the Kullback-Leibler
divergence. This test, an extension of the Kolmogorov-Smirnov procedure with increased sensitivity to tail
behavior?!, compares the empirical cumulative distribution function with the fitted theoretical one, assigning
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greater weight to discrepancies in the extremes. Gamma and Lognormal each provided an excellent fit to the
empirical distance data, and the identical Anderson-Darling statistic (5.715) suggests that the practical difference
between them is small. Gamma was selected as a pragmatic choice because it consistently yielded a slightly lower
KL divergence and offered a convenient form for the generative simulator. This decision is also consistent with
the broader bike-sharing literature, where distance distributions have been reported as Gamma, Lognormal, or
Weibull depending on the system and scale?.

The Gamma distribution is not presented here as a methodological novelty in itself. Rather, it provides an
empirically supported and interpretable distance component for the generative framework. Its role is to support a
stable distance-based OD allocation mechanism, not to establish a universal law of bicycle-sharing trip distances.

Hourly variation in fitted Gamma parameters

Although the overall shape of the distance distribution remains similar across hours of the day, the fitted Gamma
parameters exhibit meaningful temporal patterns (Fig. 3). The scale parameter increases during morning and
afternoon peak periods, reflecting longer typical trip distances during commuting hours. Conversely, off-peak
periods show more concentrated distributions with lower scale values. Despite these variations, the fundamental
distributional form remains stable, allowing the model to capture hourly dynamics without requiring a complex
feature set.

Modeling hourly trip counts under contextual conditions

The empirical dataset provides trip timestamps only at an hourly resolution, with no minute-level information
available. Consequently, trips beginning at 9:15 or 9:35 are both assigned to the 09:00-10:00 interval in our
modeling framework. Our objective is to derive a theoretical distribution capable of predicting the number of
trips occurring within each hourly window, which subsequently enables the probabilistic simulation of origin-
destination flows using the Gamma-based distance model described above.

Trip counts aggregated at an hourly scale exhibit substantial variability that cannot be captured by Poisson
models, which assume mean-variance equality. Instead, the empirical data display pronounced overdispersion,
motivating the use of Negative Binomial (NegBin) distributions. When fitted separately under four contextual
conditions-weekday versus weekend/holiday and rainy versus non-rainy days-negative binomial models
accurately reproduce both the mean and variance of observed trip volumes.

Weather and day type exert strong influence over trip demand. Rainfall significantly reduces hourly usage,
while weekends and holidays not only exhibit lower volumes overall but also show altered temporal patterns,
including the absence of pronounced morning and afternoon commuting peaks. The fitted NegBin distributions
capture these behavioral differences effectively, providing a flexible mechanism for scenario-dependent demand
modeling.

The NegBin distributions fitted for each hour under non-rainy weekday conditions are illustrated in Appendix
B Fig. 7, where the model closely reproduces the underlying empirical histograms. Additional discussion of
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Fig. 3. Top: Comparison of the best-fit gamma distributions for a sample of representative hours. Although
the parameters in the bottom panel exhibit some variation throughout the day, the shape of the distribution
remains largely unchanged. Bottom: Values of the parameters shape and scale of the Gamma distribution fitted
for different hours during the day. The scale parameter is related to a typical mean travel distance, so the lower
panel suggests that that distance is larger at rush hours.
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why the Negative Binomial provides such an accurate representation-including its interpretation as a Poisson—
Gamma mixture and its connection to maximum-entropy arguments—is provided in Discussion section.

The relevance of the Negative Binomial component is therefore not only descriptive. It provides an explicit
probabilistic representation of overdispersion in hourly BSS demand, which is essential for generating realistic
uncertainty intervals and for later consistency-checking applications.

Validation through probabilistic interval coverage

In addition to parameter estimation, we performed a series of probabilistic validation exercises to assess the
fidelity of the fitted Gamma and NegBin models. Using the estimated distributions, we generated synthetic
data samples—analogous to posterior predictive checks—and compared these with observed trip counts. For
internal validation using 2018 data, hourly prediction intervals (2.5th-97.5th percentiles) were obtained from
the fitted Negative Binomial distributions across all four contextual scenarios (weekday/weekend X rainy/non-
rainy). Figure 4 shows the model-based 95% prediction intervals for hourly trip counts under these scenarios.
Empirical interval coverage was computed separately by comparing the observed 2018 hourly counts against the
corresponding intervals. Across all scenarios, 8,021 out of 8,456 observations fall within the corresponding 95%
prediction intervals, yielding an overall coverage of 94.86%. Coverage by scenario was 96.23% for working sunny
days, 93.20% for working rainy days, 94.18% for weekend/holiday sunny days, and 92.98% for weekend/holiday
rainy days (see Table 2 and Appendix H for the full hour-by-hour breakdown).

Table 2 summarizes the empirical coverage of the 95% prediction intervals across the four contextual
scenarios. These results show that coverage remains close to the nominal 95% level across all scenarios, although
performance is slightly lower under rainy conditions, particularly on weekends/holidays.

This result is important for the intended role of the framework. The model is not assessed only by how well
it reproduces average demand, but also by whether the uncertainty it generates is consistent with the variability
observed in the data. This calibration is necessary for both synthetic demand generation and data-quality
consistency checking, since both depend on reliable probabilistic bounds.

For each hour/scenario combination, the lower and upper bounds of the 95% prediction interval were
computed from the fitted Negative Binomial distribution using the 2.5th and 97.5th percentiles. The number of
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Fig. 4. Model-based 95% prediction intervals (2.5th-97.5th percentiles) for hourly trip counts under the four
contextual scenarios, obtained from the fitted Negative Binomial distributions. Empirical coverage is reported
separately in Table 2 and Appendix H.
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Scenario Within interval / Total | Coverage (%)
Working sunny day 3956/ 4111 96.23
Working rainy day 1549 / 1662 93.20
Weekend/Holiday sunny day | 1668 / 1771 94.18
Weekend/Holiday rainy day | 848 /912 92.98
Overall 8021/ 8456 94.86

Table 2. Empirical coverage of the 95% prediction intervals for hourly trip counts under the four contextual
scenarios. Detailed hour-by-hour results are reported in Appendix H.

empirical observations falling below or above these limits was then counted, and coverage was computed as the
percentage of observed hourly counts lying within the corresponding interval:

total — (numhi + numlow)

1
ol x 100 (1)

Coverage =

Figure 4 displays the model-based 95% prediction intervals for hourly trip counts under the four contextual
scenarios, while Table 2 reports the corresponding empirical coverage.

A detailed breakdown of these coverage statistics is provided in Appendix C.

For external validation, the 2019 dataset was compared with synthetic demand profiles generated from the
2018-fitted Gamma and Negative Binomial models. After harmonizing station availability between years, we
detected systematic deviations during the early-morning period (6-8 AM), as detailed in Appendix D. These
deviations were not isolated random errors; they formed a coherent temporal pattern that persisted across
repeated checks. A uniform +2-hour correction brought the 2019 observations back into alignment with the
expected demand patterns. This adjustment was later confirmed by the data provider, who attributed the issue
to daylight-saving transitions and operational interventions. This result provides an external and operationally
meaningful validation of the framework: beyond generating synthetic demand profiles, the model can also serve
as a probabilistic baseline for detecting inconsistencies in real operational datasets.

Probabilistic framework for synthetic demand generation

By integrating the fitted Gamma and Negative Binomial distributions with empirically derived station-popularity
profiles, we developed a demand-side generative framework for producing synthetic trip datasets under explicit
contextual assumptions. In this sense, the framework can be used as a synthetic demand simulator, although not
as a full operational simulator of the dock-based system. The simulation procedure operates in three stages: (1)
sampling the number of trips per hour from the appropriate Negative Binomial distribution; (2) assigning origin
stations based on popularity weights; and (3) generating destination stations by sampling from the hour-specific
Gamma distance distribution and mapping the resulting distances to feasible OD pairs.

The framework simulates plausible demand profiles while preserving the uncertainty and heterogeneity
represented by the fitted probabilistic components. The validation therefore supports a narrower interpretation:
the generated datasets reproduce the main statistical features explicitly modeled in this study, namely trip-
distance distributions and contextual hourly trip-count variability.

We formalize the trip generation process in a dock-based bike-sharing system using a probabilistic graphical
model (PGM) expressed in plate notation. The objective is to describe how contextual variables shape the joint
distribution of hourly trip counts and origin-destination (OD) flows.

Mathematical specification
The hourly trip count is modeled as

N ~ NegBin(p, r), @

where the parameters (p,r) depend on HOUR, RAINY, and WEEKEND. For each origin station
sef{l,...,S}

N. ~ Multinomial(N, Provr),  Provr = (Piours---» Phiour)s 3)

so that N, denotes the number of trips originating at station s during that hour.
For each hour/context combination, the origin-station popularity vector Puour was estimated empirically
as the normalized frequency of observed trip departures from each station in the filtered dataset:

(s) ngﬁ;)OUR
Puovr = S5 () 4
Z]‘:1 "NHOUR

where nS)OUR denotes the number of departures from station s under the corresponding hour/context

condition. These weights therefore represent marginal historical origin-station activity shares and do not
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explicitly account for station capacity, dock count, spatial dependence, station competition, catchment overlap,
or dynamic substitution effects.

For each origin-destination pair (s, k), we introduce a latent score that is a deterministic function of the
distance, ds,x, between both stations. Namely,

ﬁgb as—1 —Bsds ke
05 = d>s N S’k7 ds 0
k ( S) sk € k> (5)

where (as,(s) are hour- and context-specific parameters (again depending on HOUR, RAINY, and
WEEKEN D). These scores are normalized to obtain OD assignment probabilities

es,k

Mok = ——

Z es,k’ A (6)

k'#s
Finally, OD-specific trip counts are drawn from a multinomial distribution

Ng o ~ Multinomial(Ns, 7l's), )

where s = (75,1, ..., Ts,5) with s s = 0.

Figure 5 summarizes this hierarchical structure using plate notation. Grey nodes denote model parameters,
white nodes denote stochastic variables derived from the model, and plates (rectangles) indicate replication over
stations and destinations.

The PGM formulation provides the structural backbone for the generative simulator described below,
linking hourly trip volumes, station popularity, and distance-based OD allocation within a single probabilistic
framework.

By integrating the fitted Gamma and Negative Binomial distributions with empirically derived station
popularity profiles, we constructed a generative simulator capable of producing synthetic trip datasets under
various scenarios. The simulator operates in three stages:

1. Hourly trip counts. For each hour and contextual condition (weekday/weekend, rainy/non-rainy), sample
the total number of trips N from the corresponding NegBin(p, r) distribution.

2. Origin assignment. Allocate these IV trips across origin stations via a multinomial draw using the hourly
popularity weights P zou g, yielding station-level counts N.

3. Destination assignment. For each origin station s, generate candidate OD scores 6 5 from the hour-spe-
cific Gamma distribution, normalize them to obtain s, and sample destination counts N from
Multinomial(Ns, 7). Distances implied by these OD pairs are consistent with the fitted Gamma distance
model.

A more detailed schematic representation of the simulator workflow is provided in Appendix E.

This framework enables the generation of synthetic mobility patterns while explicitly preserving uncertainty
and heterogeneity through the fitted probabilistic components. Rather than claiming full empirical equivalence
between synthetic and observed data, the present validation supports a narrower interpretation: the probabilistic
framework reproduces the two marginal features explicitly modeled in this study, namely trip-distance
distributions and hourly trip-count variability under contextual conditioning.

Fig. 5. Probabilistic graphical model (plate notation) for hourly trip generation. Grey circles represent
parameters or latent variables; white circles denote stochastic quantities derived from the model. Plates indicate
replication over origin stations (s) and destination indices (k).
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Applications: redistribution scenarios and anomaly detection
Two practical applications demonstrate the utility of the proposed framework.

First, the synthetic demand simulator supports stylized counterfactual analysis of station unavailability, such
as closures due to construction, maintenance, or temporary events. By removing a station from the feasible OD
set and renormalizing the distance-based probabilities, the model estimates how demand would be redistributed
under the assumption that affected trips are reassigned among feasible alternatives rather than canceled.
This makes it possible to identify redistribution pressure induced by missing infrastructure and to highlight
potentially vulnerable areas. However, because the procedure does not model user-level search behavior, station
capacity, or local substitution dynamics, the experiment should be interpreted as a null redistribution scenario
rather than as a full behavioral prediction. A detailed illustrative example is provided in Appendix F, where we
also compare the original global-renormalization rule with a local K-nearest-neighbor redistribution heuristic
to assess the sensitivity of this assumption. The results show that the proposed rule preserves a substantial degree
of local spatial concentration without imposing a nearest-neighbor constraint, supporting its interpretation as a
flexible null redistribution mechanism.

Second, the model detects anomalies in real operational data. By comparing observed hourly counts with
probabilistic expectations, we uncovered systematic timestamp errors in late 2019 data-an inconsistency
later confirmed by the system operator. This illustrates how probabilistic modeling can enhance data quality
monitoring in mobility systems. A detailed account of this anomaly-detection process, together with supporting
analyses and visualizations, is provided in Appendix D.

Discussion

The main contribution of this work is to show that a small set of interpretable probabilistic components can be
integrated into a calibrated demand-side generative framework for dock-based BSS. This objective is different
from high-resolution demand forecasting or capacity-aware operational simulation. The framework should
therefore be evaluated as a probabilistic baseline for demand characterization, synthetic profile generation,
and data-quality consistency checking, rather than as a replacement for machine-learning predictors or full
operational simulators.

Although the individual components of the framework are standard, their integration addresses a specific
need in BSS demand modeling. The proposed framework jointly represents contextual hourly demand
uncertainty, station-level origin heterogeneity, and distance-based OD allocation while keeping the assumptions
explicit and empirically calibrated. In this sense, the contribution is integrative and validation-oriented rather
than algorithmic.

The results support this interpretation. The Gamma and Negative Binomial distributions capture two
important statistical regularities of BSS usage: trip-distance patterns and hourly demand variability. Despite
the complexity of individual route choices and the diversity of user motivations, aggregate mobility data exhibit
recurrent distributional structure. This suggests that some demand regularities can be represented with relatively
simple probabilistic models, provided that their scope is clearly defined.

A probabilistic interpretation of the distance component further supports these findings. In our formulation,
trip distance is defined as the separation between an origin-destination pair, computed using an asymmetric
distance metric that yields distinct values for A — B and B — A. Among the classical probability families
tested in the mobility literature, the Gamma distribution consistently provided the closest empirical match, with
minimal KL divergence and stable behavior across temporal subsets. This is consistent with the widespread use
of Gamma laws to describe travel distances under heterogeneous and context-dependent route conditions.

A theoretical justification for the emergence of the Gamma distribution arises from maximum entropy
considerations. When only two coarse-grained constraints—the mean distance d and the mean logarithmic
distance L = (log d)—are imposed, the least-biased distribution consistent with these constraints is precisely
the Gamma distribution?®. This view aligns with long-standing interpretations of gravity-like mobility models’,
which posit that aggregate flows reflect entropic equilibria rather than detailed individual-level decision
procedures. The use of a logarithmic constraint is further supported by Weber-Fechner laws of perceptual
scaling, which state that humans perceive quantities such as time, money, and distance on approximately
logarithmic scales?®. Maximizing Shannon entropy under these assumptions yields

S:prdlogpdf)\(Zpdfl) fﬁ(Zpdde) —(a—1) (Zpdlogdﬂj,

whose solution is the Gamma density

ﬁa a—1 —pAd
-7 g .
pa () ¢

Alternative explanations—such as interpreting the Gamma distribution as the sum of multiple exponential
components—are less compelling here, since the empirically estimated shape parameters are non-integer
and consistently below 3. Overall, maximum entropy reasoning offers a plausible theoretical explanation for
why aggregated urban trip distances may converge to a Gamma-like structure despite underlying behavioral
heterogeneity.

The Negative Binomial distribution likewise provides a useful model for hourly trip counts, as it captures
the substantial overdispersion present in the data. Its interpretation as a Poisson-Gamma mixture offers a
natural explanation for why trip counts exhibit variance exceeding the mean: latent heterogeneity in mobility
propensity—arising from weather, day type, and behavioral differences—induces variability that simple Poisson
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models cannot represent. This structure is also interpretable, since it separates contextual modulation from
intrinsic demand variability more explicitly than black-box forecasting approaches.

By integrating these probabilistic components into a demand-side generative framework, the proposed
approach moves beyond descriptive fitting. It enables the generation of synthetic demand profiles under explicit
contextual assumptions and provides probabilistic bounds against which observed data can be compared.
Within this scope, the framework can support exploratory analyses of altered or disrupted demand conditions,
as well as consistency checks in operational datasets. The timestamp anomaly detected in late 2019 illustrates
this second use. Rather than replacing visual inspection, the framework provides a probabilistic baseline against
which deviations from expected hourly demand can be quantified. In this case, the observed deviations were
later confirmed by the system operator as timestamp inconsistencies, showing that the framework can contribute
to data-quality screening as well as demand characterization.

The framework assumes conditional stability within the modeled contexts, namely hour of day, day type,
and precipitation regime. This assumption is appropriate for generating conditional demand profiles within
a relatively stable operational period, but it limits the use of the model as a long-term forecasting tool. In
particular, synthetic profiles generated from one year should not be interpreted as projections of future adoption,
demographic change, tariff changes, or network evolution. This is why the analysis focuses on the 2018-2019
period and excludes later years affected by COVID-19, Storm Filomena, tariff changes, infrastructure expansion,
and data inconsistencies.

Capacity constraints are not incorporated in the present framework. Because the model is fitted to completed
trips, it characterizes realized demand patterns rather than unobserved suppressed demand. Ignoring bicycle
and dock availability means that the generated profiles should not be used to estimate unmet demand directly.
Instead, they provide a demand-side baseline that could be coupled with occupancy snapshots, dock-availability
data, or rebalancing logs in future work to evaluate capacity-induced losses.

The station-popularity component also does not explicitly model spatial autocorrelation or behavioral
substitution among neighboring stations. This limitation is particularly relevant for the station-unavailability
experiment, because real users are more likely to substitute a closed or full station with nearby stations within
the same catchment area?>?°. To address this issue without changing the scope of the framework, we added a
spatial-sensitivity analysis comparing the original global-renormalization rule with a local K-nearest-neighbor
redistribution heuristic. The results of this analysis are used to interpret the station-unavailability experiment
as a stylized null redistribution scenario rather than as a full behavioral substitution model. Importantly, the
comparison with KNN does not indicate that the global-renormalization rule is less informative. Rather, it shows
that the proposed rule achieves a non-negligible level of local concentration without imposing local substitution
mechanically. This is a relevant methodological property of the framework: local concentration emerges from
the estimated probability structure, rather than being imposed through an exogenous choice of K.

Several additional limitations should also be acknowledged. Operational rebalancing activities, whereby
operators redistribute bicycles among stations, are treated as exogenous and unobserved, even though these
interventions directly affect the supply side and may confound demand patterns inferred from trip records
alone. The absence of GPS trajectory data also precludes modeling within-trip heterogeneity or route-specific
dynamics. Finally, while the binary precipitation indicator provides a useful first-order approximation of weather
effects, finer-grained meteorological variables such as temperature, wind speed, and humidity, as well as their
nonlinear interactions, would likely improve the representation of cycling propensity.

Future extensions could enrich the station-popularity component by incorporating socioeconomic indicators,
temporal network features, or real-time operational signals. Time-varying components could also be added
to capture evolving demand regimes more explicitly. Similarly, occupancy snapshots or other high-frequency
operational data would allow the framework to be connected to supply constraints and capacity-induced losses.
As systems expand, hierarchical Bayesian formulations or probabilistic programming frameworks may also
increase flexibility while preserving interpretability.

Further research could also assess the transferability of the framework to other BSS networks and to dockless
systems, where origin—destination constraints are weaker and spatial distributions are broader. Such settings
may require alternative parametric families or spatial point processes. Another promising direction is the
development of cross-system meta-distributions capable of capturing structural regularities across cities with
different sizes and network topologies. More generally, integrating richer temporal, spatial, and operational
information would help move from the present demand-side baseline toward more behaviorally realistic and
capacity-aware extensions.

Opverall, the proposed framework provides a focused and interpretable approach to probabilistic demand
characterization in dock-based BSS. Its main contribution is not the use of Gamma or Negative Binomial
distributions in isolation, but their calibrated integration with empirical station-popularity profiles into a
demand-side generative structure. Applied to BiciMad, the framework reproduces key empirical regularities in
trip distances and contextual hourly demand variability, provides calibrated prediction intervals, and supports
the identification of data inconsistencies in operational records. It should not be interpreted as a full operational
simulator. Rather, it offers a low-complexity probabilistic baseline for synthetic demand generation, exploratory
analysis, and data-quality consistency checking under explicit assumptions.

Methods

Case study

Madrid, the capital of Spain, with approximately 3.3 million residents 27 and a metropolitan area of 604.45 km?,
has faced increasing challenges related to congestion, air pollution, and mobility inefficiencies. In response, the
city launched its public bicycle-sharing service, BiciMad, in 2014. After an initial phase of technical instability
and vandalism, the service was municipalized in 2016, which improved its reliability and operational capacity.
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Since then, BiciMad has expanded significantly, growing from 175 stations and 2,000 bicycles to over 611 stations
and 7,500 bikes as of 2024.

BiciMad provides an ideal case study for modeling demand in a dock-based bicycle-sharing system due to
its open-access data policy, its large and heterogeneous user base, and the varying urban conditions across its
service area.

Datasets and data sources

The primary dataset comprises anonymized trip-level records from BiciMad, Madrid’s dock-based bicycle-
sharing system, covering the period from January 2018 to December 2019. Data were obtained from the open-
data portal of Madrid’s Empresa Municipal de Transportes (EMT)?® and include trip identifiers, origin and
destination station IDs, timestamps, user type, and total travel duration.

The analysis focuses on the 2018-2019 period to avoid atypical mobility patterns associated with the
COVID-19 pandemic (2020-2021) and extreme weather events such as Storm Filomena. More recent data
(2022-2025) were excluded due to multiple inconsistencies, including intermittent data unavailability,
changes in station infrastructure and tariff structures (notably periods of free access), and regulatory updates
affecting competing mobility services. Restricting the analysis to these two years ensures temporal stability and
comparability across observations.

To maintain behavioral consistency, the analysis was restricted to trips made by annual-pass users (user
type = 1). The remaining user categories correspond either to operator-driven bicycle repositioning trips or to
short-term users holding 1-, 3-, or 5-day tourist passes, both of which are associated with travel motivations and
usage patterns that differ substantially from those of regular city users. Including these groups would introduce
additional behavioral heterogeneity into the fitted demand distributions and could therefore obscure the
recurrent mobility patterns of interest; accordingly, they were excluded from the present analysis and would be
more appropriately examined in a separate study. In addition, stations introduced after 2018 or removed before
the end of 2019 were excluded, resulting in a stable network configuration across both years. After preprocessing
and filtering, the final analytical dataset comprised 3,249,624 trips in 2018 and 3,648,755 trips in 2019.

Contextual information was incorporated from external sources. The official holiday calendar for the city of
Madrid was retrieved from the Madrid City Council open-data portal, enabling the identification of weekdays,
weekends, and public holidays. Meteorological data were obtained from the Spanish Meteorological Agency
(AEMET), using daily precipitation measurements recorded at the Retiro weather station, which best represents
conditions across the BiciMad service area. A binary precipitation indicator was defined as

. [ 1, if daily precipitation > 1 mm,
rain_flag = { 0, otherwise.

A detailed description of all datasets and their original fields is provided in Appendix G. Also an explanatory
pseudocode for the data extraction process of BiciMad trips is available in the same Appendix G.

Preprocessing and filtering
Several preprocessing steps were applied to ensure consistency:

« Removal of dummy testing stations (IDs 1000-1017, 2000-2017, 3000).
« Filtering of trips with identical origin and destination, which typically correspond to aborted rentals.
o Exclusion of trips with unrealistic duration:

travel time < 60 s or travel time > 10800 s.

o Aggregation of start times to hourly bins.

Two binary contextual variables were created:

1, weekend or official holiday

weekend holiday flag = { 0, weekday rain_flag as defined above.

Transformations are summarized in Appendix H.

Distance computation between stations

Several methods exist for calculating the distance between two geographical points, which are defined by
their latitude and longitude. A brief overview of the most commonly used approaches-including Euclidean,
Manhattan, and Haversine distances is provided in Appendix I. Prior work has examined the suitability of
these alternatives for geographic distance estimation in mobility studies (e.g.,>?). In the context of bike-sharing
systems, many studies ultimately adopt the Haversine distance after evaluating multiple candidates (see, for
example,*’), a choice that is also common in related transportation domains such as taxi mobility analysis?!.

In the absence of GPS trajectories, trip distances in this study were approximated using station coordinates.
We adopted a hybrid Manhattan-Haversine method designed to better reflect urban street navigation while
retaining the robustness of great-circle distance calculations. This approach captures the grid-like structure of
city layouts—characteristic of Manhattan distance-while avoiding the distortions introduced by purely planar
metrics.
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Fig. 6. Distance calculation based on a mix of Haversine and Mahattan.

Origin ID | Origin station Destination ID | Destination station | Distance (m)
99 Biblioteca Nacional | 110 Serrano 699.799
110 Serrano 99 Biblioteca Nacional | 699.784

Table 3. Example of the proposed distance metric for a pair of stations. Differences between opposite
directions are on the order of 1-2 cm and are therefore quantitatively negligible, while still providing distinct
directional labels for each trip.

Given an origin station with coordinates (z1,¥1) and a destination station (z2,y2), the trip distance is
computed as

d=du((x1,9), (21,92)) + du (21, 92), (22,92)),

where dg (-, -) denotes the Haversine distance. The Haversine formula is defined as

dm(p,q) = 2R arcsin <\/sin2 (7;1;73/2) + cos(y1) cos(yz) sin? (m;m)) ;

with Earth radius R = 6371 km.

Conceptually, this method introduces an intermediate (imaginary) point that shares one coordinate with the
origin and the other with the destination, effectively decomposing the trip into two orthogonal segments. Unlike
a classical Manhattan metric, each segment is evaluated using the Haversine distance, thereby accounting for
Earth curvature. A schematic illustration of this distance definition is shown in Fig. 6.

A direct consequence of this distance definition is the presence of a negligible asymmetry between distances
computed from ¢ — j and j — 4. As illustrated in Table 3, these differences are on the order of one to two
centimeters and are therefore irrelevant for quantitative analysis. However, they provide a convenient mechanism
to uniquely label directional origin-destination (OD) pairs in large-scale datasets without resorting to artificial
perturbations. Compared to ad hoc alternatives—such as adding a small numerical offset to distinguish directions—
the proposed method more faithfully reflects the nature of real bicycle circulation in urban environments.

Fitting distance distributions
We tested several candidate distributions commonly used in mobility modeling, including Exponential,
Lognormal, Weibull, Rayleigh, Normal, and Gamma. Parameters were estimated using maximum likelihood
estimation via scipy.stats.

Goodness of fit was quantified using the Kullback-Leibler divergence:

Dl 11Q) = Y (P(a) o)1 (35 ).

with small constant e = 107° to avoid singularities.
The Gamma distribution yielded the lowest divergence,
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DL ~ 4.5 x 1075,

and consistently outperformed all alternatives across temporal subsets. Hourly Gamma distributions were fitted
to capture diurnal variation in parameters.

Modeling hourly trip counts
Hourly trip counts exhibit strong overdispersion, for which the Poisson model is inadequate. We therefore used
the Negative Binomial (NegBin) distribution. For empirical mean y and variance o, the parameters are:

o Iz

p=—=
o2’ o

The probability mass function (PMF) is:
P(K:k):(k:_kz_l)pn(lip)k? k:0’1727"'

Separate distributions were fitted for each hour and for each combination of contextual conditions:

(weekday, weekend /holiday) X (rain, no rain).

Probabilistic generative framework
The generative simulator integrates three probabilistic components:

1. Hourly trip count generation: For each hour h, sample

Ty, ~ NegBin(np, pp).

2. Origin assignment: Origins are sampled from an empirical station popularity distribution

P(origin = i) = ;.
3. Destination sampling: Given origin 4, we sample a distance
d ~T'(an, Br),
and map it to the nearest feasible OD pair (7, §) in the empirical set.

For the station-unavailability application, we also assessed the sensitivity of the redistribution rule by comparing
the original global-renormalization procedure with a local K-nearest-neighbor heuristic. This additional check
is not part of the core generative model, but is used to evaluate how strongly the redistribution results depend on
the assumed spatial-substitution rule. In particular, it helps distinguish spatial concentration that emerges from
the Gamma-derived probability structure from spatial concentration that is imposed mechanically through a
fixed neighborhood size. The analysis is described in detail in Appendix F.

The simulator generates synthetic datasets that match the statistical structure of observed BiciMad usage,
while allowing for the exploration of counterfactual scenarios.

Validation procedures
Internal validation. For each hour and contextual condition, we computed 95% prediction intervals using the
fitted NegBin models and verified empirical coverage:

#{Tobs € [Cla5,Clor.5]}

Coverage =
& Total observations

Coverage exceeded 94% across all conditions.

External validation. To assess external consistency, 2019 data restricted to the set of stations already operating
in 2018 were compared with the model predictions. This analysis revealed systematic deviations concentrated
around 6-8 AM. Once a +2-hour correction was applied, these discrepancies largely disappeared; EMT Madrid
later confirmed that they were caused by timestamp misassignments associated with system regularizations and
daylight-saving adjustments. This example shows that the probabilistic framework can provide a useful baseline
for consistency checking in operational datasets, complementing descriptive inspection of the data. However,
deviations between simulated and observed demand should not be interpreted exclusively as anomalies, since
they may also reflect structural differences between years that are not explicitly represented in the model. In
particular, because the framework assumes conditional stability within the modeled contexts, it does not capture
longer-term changes such as evolving system adoption, shifts in user composition, or network and operational
evolution.
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Data availability

This study relies exclusively on publicly available third-party datasets. Trip-level data from Madrid’s dock-based
bicycle-sharing system (BiciMad) are available from the Madrid City Council open data portal at https://datos
.emtmadrid.es/ dataset/historicos-de-bicimad-2017_2023. Meteorological data were obtained from the official
public meteo- rological service at https://www.aemet.es/es/datos_abiertos/ AEMET_OpenData. Official public
holidays data are available from Madrid City Council open data portal.. No new raw data were generated by the
authors. Model parame- ters inferred during the study are available from the corresponding author upon rea-
sonable request. A public GitHub repository https://github.com/cvallez/ProbabilisticMLModel.git is provided to
centralize dataset references and document the data acquisition and preprocessing workflow.

Code availability

The code used for preprocessing, distribution fitting, probabilistic validation, and synthetic trip generation will
be made publicly available upon acceptance at GitHub repository https://github.com/cvallez/ProbabilisticMLM
odel.git.
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