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THE RELATIONSHIP BETWEEN PEAK-HOUR PASSENGER DEMAND
AND DAILY STATION RIDERSHIP: A CASE STUDY OF THE RZESZOW
AGGLOMERATION

Summary. Passenger rail transport is a key component of regional mobility systems, where
the reliable assessment of station-level passenger volumes is essential for timetable planning
and service evaluation. This study analyses the relationship between peak-hour passenger
demand and daily station ridership using empirical data from the regional railway network of
the Podkarpackie Voivodeship in Poland. The analysis is based on field measurements of
passenger boardings and alightings collected during a month-long campaign covering the
entire regional railway network. For each station, total daily passenger exchange as well as
morning and evening peak-hour demand were recorded. The study examines whether peak-
hour demand levels and their asymmetry can serve as a practical proxy for daily station
ridership. Two modeling approaches were applied: multivariate linear regression estimated by
ordinary least squares and a random forest model to capture potential non-linear effects. The
results show that daily station ridership is primarily associated with morning peak-hour
demand, while evening peak demand plays a secondary but stable role. Greater peak
asymmetry is linked to lower daily passenger exchange, whereas territorial affiliation has only
a marginal influence once peak demand is considered. The findings demonstrate that peak-
hour measurements provide a data-efficient and practically applicable basis for approximately
estimating daily station ridership, thus supporting timetable planning, service adjustments, and
preliminary evaluations of demand changes in regional railway systems.

1. INTRODUCTION

Rail passenger transport is one of the key components of regional transport systems, particularly in
areas with a clearly polycentric settlement structure. Under such conditions, the effectiveness of network
operation is determined not only by infrastructure parameters and the level of service but also by the
characteristics of passenger demand, which develops at individual stations and along specific sections
of the network.

One of the most representative indicators of the performance of a passenger rail system is station
passenger flow, which is the total number of passengers who board and alight the system over the course
of a day. This indicator reflects both the overall level of rail use and the daily structure of demand, in
which — as practice shows — the morning and afternoon peak hours play a key role, as they are associated
with everyday commuting to workplaces and educational institutions.

In the Podkarpackie Voivodeship, the analysis of passenger flows is further complicated by the
pronounced spatial and functional heterogeneity of the network. The region is characterized by the
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presence of several strong urban centers (in particular, Rzeszow, Przemysl, and Stalowa Wola),
alongside an extensive network of medium-sized and small towns served by rail services of varying
intensities. As a result, even stations located on the same railway line and served by comparable rolling
stock may exhibit markedly different passenger-demand volumes and temporal profiles.

This study is based on the results of comprehensive field surveys and data from automated systems,
covering passenger flows across the rail network of the Podkarpackie Voivodeship, which were
collected as part of a separate research report [1]. The compiled material includes information on the
numbers of passengers boarding and alighting at stations, as well as the intraday distribution of demand,
which enables a description of the current pattern of network use and a transition to a more formal
analysis.

The article focuses on the relationship between peak-hour passenger demand and daily passenger
flow at the level of individual stations. This approach allows peak-period measurements to be treated as
a compact and readily obtainable proxy for the overall demand structure, and it provides a starting point
for moving from descriptive statistics to modeling.

The study addresses three interrelated research tasks: (1) assessing the relationship between a
station’s daily passenger flow and passenger loads during the morning and afternoon peak periods,
including their asymmetry; (2) developing a model for forecasting daily passenger flow based on a
minimal set of field measurements; and (3) verifying the stability of the results and analyzing the
sensitivity of the conclusions to changes in peak-period loads, as well as discussing potential practical
applications — in timetable planning, in evaluating the effects of changes in train service frequency, and
in prioritizing development measures.

Two methodologically distinct approaches were employed to achieve the above objectives: linear
regression estimated using the ordinary least squares method, as a transparent and interpretable baseline
tool, and a random forest model, which allows non-linearities and interactions between factors to be
taken into account.

2. LITERATURE REVIEW

Transport Research on passenger flows at individual railway and metro stations is well-established.
This is reflected in a large body of literature examining the factors that shape passenger demand, its
spatial and temporal patterns, and its links to infrastructure characteristics and the station’s surrounding
environment. More recent work has emphasized identifying determinants of station-level ridership using
both classical regression models and machine-learning methods, as well as the development of direct
demand modeling approaches for new and existing rail-based transport systems [2].

The foundations of this research stream lie in studies in which a station’s daily passenger turnover
is modeled as a function of land-use characteristics, built-up density, job accessibility, and transport
network parameters. For example, Zhu et al. [3] proposed a Bayesian negative binomial regression
framework to assess the factors shaping ridership at railway stations while accounting for spatio-
temporal heterogeneity, showing that the effects of individual variables differ substantially by time of
day and station location. Similar conclusions regarding the need to analyze time intervals separately
were presented by Wu et al. [4], who treated morning and afternoon demand as distinct operating
regimes of a station.

A significant part of the literature consists of studies using local regression models that allow for
spatial and temporal variation in coefficients. In particular, Ma et al. [5] applied geographically and
temporally weighted regression to analyze passenger demand, showing that global models tend to
smooth out local effects and underestimate the importance of territorial heterogeneity. An extension of
this approach was proposed by He et al. [6], who introduced adaptive local regularization to improve
estimation stability under high multicollinearity among explanatory factors.

Related studies based on smart-card data and points-of-interest (POI) datasets have also shown that
accounting for spatio-temporal heterogeneity improves the explanatory power of models compared with
ordinary least squares (OLS) and basic geographically weighted regression approaches, and that the
direction and strength of factor effects can differ substantially between boardings and alightings as well
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as across time intervals [7]. In parallel, a research stream has focused on more precise definitions of
distance metrics and geographic weighting (including network-distance measures), enabling a more
accurate representation of station catchment areas and strengthening the identification of local effects
[8]. More recent studies using multiscale geographically weighted regression further indicate that the
spatial ranges of influence of individual variables (spatial scales) are also heterogeneous and depend on
the temporal context (weekdays vs. weekends, peak vs. off-peak), which provides additional evidence
of the limitations of single-scale global models [9, 10]. At the same time, these methods require large
data volumes and strong spatio-temporal representativeness, which constrains their applicability in
practical transport planning tasks.

In addition to regression models with global and local coefficients, the literature also considers
panel-data approaches and multilevel models, which make it possible to separate within-station and
between-station variability in passenger flows. These models are used to examine the temporal stability
of demand determinants and to reduce estimation bias arising from unobserved time-invariant effects.
In practice, however, applying panel models and fixed-effects approaches requires long time series and
consistent, comparable measurements — conditions that are often difficult to meet in the case of limited
or one-off station surveys [11]. Recent research has demonstrated that modeling and simulation
frameworks can be constructed directly from sensor-based system-state data, reducing reliance on
extensive exogenous variables while preserving analytical robustness [12].

As computational methods have advanced, ensemble machine-learning algorithms — particularly
gradient boosting and random forest algorithms — have been increasingly applied. Related studies in
railway-system analysis have shown that data-driven quantitative models based on detailed operational
measurements allow for the identification of non-linear effects and system-level optimization potential,
complementing traditional demand-focused analyses [13]. Studies by Gu and Dou [14] and Shao et al.
[15] showed that using GBDT enables the identification of non-linear and threshold effects of land use
and transport accessibility on passenger demand that are not captured by linear models. These works
highlight the presence of saturation effects, whereby the marginal impact of factors decreases once a
certain level of intensity or load is exceeded.

At the same time, a key limitation of most machine-learning-based approaches remains the limited
interpretability of their results. In many studies, the analysis is reduced to assessing variable importance,
which does not allow for a direct interpretation of the sign and functional form of each factor’s effect
on passenger demand. In response, more recent work has proposed interpretable ML approaches based
on SHAP values and partial dependence plots. For example, Yang et al. [16] showed that the non-linear
relationships of factors shaping ridership exhibit pronounced temporal variability, and that their
interpretation requires sensitivity analysis of the model rather than reliance on global goodness-of-fit
measures alone.

A separate issue discussed in the literature concerns the extent to which passenger-demand models
can be reused across different cities, lines, and time periods. It has been shown that even when a model
achieves good fit within a single metropolitan area, transferring it to another context (e.g., a different
network structure, station profile, or demand regime) may degrade predictive performance and alter the
relative importance of factors. This, in turn, increases the importance of model interpretability and
stability for practical applications [17, 18].

Particular attention should be given to the use of peak-period loads as a proxy for daily passenger
turnover. Yu et al. [19] showed that the time of maximum passenger activity at an individual station
may differ substantially from the citywide peak and proposed peak-deviation indicators to support the
correct interpretation of peak-hour data. Further developments of this approach suggest that accounting
for the variability of peak-period factors and their asymmetry can reduce systematic bias in estimating
station-level peak-hour ridership and increase the usefulness of results for station design and operations
[18]. Nevertheless, most studies focus either solely on daily aggregates or analyze peak hours without
explicitly modeling their relationship with daily passenger turnover.

The literature review points to several persistent methodological limitations of existing approaches.
First, many models rely on extensive sets of exogenous variables, which limits their applicability when
field data availability is constrained. This limitation has also been highlighted in applied transport-
modeling studies, which emphasize the need for parsimonious modeling approaches capable of
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supporting route and demand analysis under restricted data conditions [20]. Second, linear models,
despite their high interpretability, are unable to capture saturation effects and non-linear demand
responses. Third, contemporary ML models often operate as “black boxes,” without in-depth sensitivity
analysis or scenario-based interpretation. Finally, the relationship between peak-period loads (AM/PM)
and a station’s daily passenger turnover is rarely treated as a standalone modeling objective.

In this context, the present study addresses the identified gap by proposing a minimalist yet
informative approach in which daily passenger turnover is modeled solely on the basis of peak-period
measurements and their asymmetry. Combining linear regression with a random forest model makes it
possible, on the one hand, to ensure interpretability and formal hypothesis testing, and, on the other
hand, to identify non-linear effects and assess the sensitivity of daily demand to changes in peak loads.
This approach complements existing research and is intended to explain not only the phenomenon but
also the practical use of the models in transport planning tasks.

3. RESEARCH METHODOLOGY AND RESULTS

The basis for the modeling was the result of on-site measurements of passenger flows at railway
stations in the Podkarpackie Voivodeship collected during a month-long campaign of comprehensive
passenger-traffic surveys covering the entire regional rail network. In report [1], three key variables
were recorded for each station:

Op — the overall daily passenger volume (i.c., the total number of boarding and alighting within a 24-
hour period);

Q. — the number of passengers served by the station during the morning commuting peak;

QOry — the number of passengers served by the station during the afternoon commuting peak.

The morning and evening peak periods correspond to the identified one-hour intervals of maximum
network load (6:15-7:15 for the morning peak and 15:15-16:15 for the afternoon peak), determined
based on 15-minute passenger-flow observations. These indicators constitute the direct outcome of
observations, without any aggregation or interpretation. They reflect the actual intensity of station use
by the population throughout a day. In addition, each station was assigned to a specific functional urban
area (FUA) (Fig. 1).

These areas represent territorial functional systems centered around medium-sized and large cities
such as Mielec, Tarnobrzeg, Stalowa Wola, Debica, Krosno, Jasto, Sanok, Przemysl, Jarostaw-
Przeworsk, the Rzeszow ROF, and others. In theory, the FUA classification may capture spatial variation
in mobility patterns; however, the actual effect of this factor is verified within the models.

The data were extracted from a report [1] in which each table corresponded to a single FUA and
listed the stations belonging to that cluster. All tables were then merged into a single dataset, with each
row representing an individual station.

Table 1 below provides a small, representative snapshot of the final database, limited to the
following columns: FUA name and station name, Op, Q.uu, Opis.

Table 1
A sample of the final dataset
FUA Station Ob Oum Oru
FUA Debica Dg¢bica 1710 165 195
FUA Debica Debica Wschodnia 198 20 25
FUA Jarostaw-Przeworsk Jarostaw 2464 215 260
FUA Jarostaw-Przeworsk Pelkinie 184 18 23
FUA Jasto Jasto 870 95 105
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Fig. 1. FUA boundary

Examining the absolute values of Q4 and Qpu is not sufficient to understand how a station
operates. It is also essential to consider the intra-day demand structure (i.e., the degree to which
passenger loads are evenly distributed between the morning and evening peak periods). To this end, the
peak-load asymmetry ratio (p) is introduced:

p = (1
PM
This ratio allows stations to be differentiated by their usage profile:

p = 1 — the station operates symmetrically, with demand evenly distributed;
p > 1 —a pronounced morning peak combined with a weak evening peak (predominantly one-way trips);
p <1 —activity is concentrated in the evening hours.

This asymmetry ratio (p) provides a measure of a station’s stability as a node in day-to-day
mobility: balanced stations typically perform a broader range of functions and play a more significant
role within the network. When calculating the asymmetry ratio (p), particular attention was paid to cases
where Qpy equaled zero. Such stations were either excluded from the regression analysis or treated as a
separate category to avoid division-by-zero effects. This approach helped prevent distortions and
artificial effects in the modeling results.

The input dataset includes station passenger volume during the morning and evening peak periods
(Qum and Qpy), the peak-load asymmetry ratio (p), and the categorical FUA variable describing each
station’s territorial affiliation. Total daily passenger volume Qp was used as the dependent variable. The
categorical FUA variable was subsequently transformed into a set of binary indicator variables (one-hot
encoding), which makes it possible to account for territorial heterogeneity across stations without
violating the assumptions of linear models.



236 I. Taran, M. Szarata, K. Kowalski

As a result, the final set of variables was constructed entirely from directly measured survey data
and did not require any external information. This methodological approach allows an assessment of the
extent to which a station’s daily passenger volume can be approximated based on peak-period loads and
their asymmetry without claiming to fully explain the mechanisms underlying demand formation.

The study tests the hypothesis that passenger-volume levels recorded at stations during the morning
and evening peak periods (Quum, Opy) capture a substantial share of the information about their total
daily load and can therefore be used to describe and provide an approximate assessment of the variability
of the Op indicator within a given system and study period without relying on extended sets of external
factors. Although Qum, Oprm, and Op were obtained within the same survey campaign, modeling is
applied to examine the structure and stability of the relationships between peak and daily indicators, and
to evaluate whether peak-period measurements can serve as a proxy for daily load in practical
applications.

Naturally, the model could be extended by incorporating additional factors such as population
density, train service frequency, competition from bus transport, distance to the metropolitan core, and
other attributes of the station’s surroundings. The aim of this article is not to build the most
comprehensive model possible but to demonstrate the self-sufficiency of field-measurement data. If
peak passenger-volume indicators can adequately describe and predict daily passenger volume, this
would imply that they provide a robust and interpretable basis for further analyses and for supporting
planning decisions. Expanding the set of variables is treated as a natural direction for future research
rather than as a prerequisite for obtaining a valid and substantively coherent baseline model.

The first modeling stage applied in this study is multivariate linear regression estimated using the
OLS method. Despite the rapid development of machine-learning methods, OLS remains a fundamental
and widely accepted tool for the quantitative analysis of transport demand and is extensively used in
station-level research.

The use of linear regression at the initial stage was motivated by several of its methodological
advantages. First, it offers a high degree of transparency and interpretability. Namely, coefficient
estimates make it possible to directly identify the sign and relative strength of individual effects and to
assess how changes in peak-period passenger volumes and their relationship translate into the daily
indicator.

A linear model provides a convenient framework for structural hypothesis testing. In particular, it
enables a separate assessment of the contribution of temporal demand characteristics (the morning and
evening peak periods, as well as their asymmetry) and territorial factors related to station type. It also
allows for the verification of whether these effects operate independently.

Finally, OLS serves as a reference level for subsequent comparisons with more complex non-linear
models. A material improvement in performance when moving to machine-learning algorithms is
interpreted as evidence of non-linear relationships, saturation effects, or interactions between factors
that are not captured by a linear model specification. As a result, multivariate linear regression functions
as the structural backbone of the study, formalizing the key relationships and providing an interpretable
basis for further analysis of results obtained using the random forest model. Within the context of this
research, linear regression is used as a baseline tool to formally pose the problem of identifying which
components of peak loads and which station characteristics contribute most to shaping daily passenger
volume. This approach enables a shift from descriptive analysis to a quantitative testing of hypotheses
regarding the role of the morning and evening peak periods, their asymmetry, and the station’s territorial
affiliation.

In order to achieve the stated goal, a formal linear model was introduced that links a station’s daily
passenger volume to a set of explanatory variables. This allows the transition from a conceptual
framework to a strict mathematical formulation. The linear model is expressed in the standard form:

Qp, = Bo+ B - Qam; + B - Qpm; + B3 “p; T ZII§=1yk “FUAy + & 2
where: Qp, — the i-th station’s daily passenger volume; Qap;, @pp; — the morning- and evening-peak
passenger volumes at station i; p; = Qaum,/Qpm,; — asymmetry ratio; FUA;;, — binary indicator variables
denoting whether a station belongs to the k-th FUA; 5, — intercept; B, §2, f3 — regression coefficients
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associated with Qap;, Q@pp;, and p;, respectively; yy — estimates of systematic adjustments to daily
passenger volume for stations in the k-th FUA relative to the baseline category; &; — error term.

Constructing the model in this way makes it possible to unambiguously separate the contribution
of the temporal demand structure (Qm, Opu, p) from the territorial factor, represented by the FUA binary
indicator variables, thereby giving the analyzed relationship a clear and interpretable structure.

The model was tested on the raw data for the set of analyzed stations. Each observation in the
dataset corresponds to an individual station, and all model estimations and performance metrics were
calculated across the full sample of surveyed stations. Estimation yielded a set of coefficients (Tables 2
and 3) describing the effects of peak-period loads, their asymmetry, and the station’s territorial affiliation
on daily passenger volume. In the tables below, the linear regression coefficients are reported in two
groups. The first group contains the parameters for the quantitative variables capturing the relationship
between daily passenger volume and peak-period volumes and their asymmetry. The second group
contains the coefficients for the binary FUA variables, reflecting systematic differences in daily
passenger volume associated with the station’s functional setting.

Table 2
Estimated coefficients of the linear regression model
Variable Coefficient Estimate
Quan B1 8.1827
Oru B> 3.6591
p B3 -12.2217

Table 2 presents the coefficients of the linear regression model for the quantitative variables
describing station peak-period loads and their asymmetry. These coefficients capture the relationship
common to all stations between daily passenger volume and the indicators of the morning and evening
peak periods, as well as the intra-day demand structure. The coefficient values are interpreted as the
change in daily passenger volume resulting from a one-unit increase in a given variable while all other
factors are held constant. The stochastic term € represents the portion of a station’s daily passenger
volume that is not explained by peak-period loads or their asymmetry. It captures the effects of off-peak
travel, transfer and through movements, the local characteristics of station operations, and measurement
errors. Empirically, € corresponds to the model residual, understood as the difference between the
observed daily passenger volume and the value estimated from the regression equation.

Table 3
Linear regression coefficients for binary FUA variables
FUA Coefficient
FUA Dgbica -73.7501
FUA Jarostaw-Przeworsk -77.2107
FUA Jasto 36.0933
FUA Krosno 38.6694
FUA Mielec -5.3737
FUA Przemysl 172.7085
FUA Sanok 12.2022
FUA Stalowa Wola 46.2859
FUA Tarnobrzeg 57.3780
FUA Rzeszow -207.0028

Table 3 presents the coefficients for the binary FUA variables, which reflect a station’s affiliation
with a specific functional context. These coefficients constitute systematic adjustments to the level of
daily passenger volume relative to the baseline FUA category, which is not included in the table. One
FUA category was omitted from the model specification and serves as the reference (baseline) group in
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order to avoid perfect multicollinearity. Their values indicate by how much, on average, the daily
passenger turnover of a station located in a given functional setting differs from that of the baseline
FUA, assuming identical values of peak-period loads and their asymmetry. Fig. 2 provides a visual
representation of the FUA coefficient estimates reported numerically in Table 3, facilitating their visual
interpretation in terms of relative magnitude and direction.
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Fig. 2. Linear regression coefficients

The coefficient values of the linear regression model presented in Table 3 enable a substantive
interpretation of the following identified relationships between the station’s daily passenger volume and
the characteristics of peak-period loads:

1. The coefficient for Q. is f: = 8.18. This means that an increase of one passenger in the morning
passenger volume is statistically associated with an increase in the daily passenger volume, indicating
the key role of the morning period in the structure of observed demand rather than a direct causal
relationship.

2. The impact of the evening peak is nearly 2.3 times weaker than that of Q. (82 = 3.66), which can be
explained by the fact that in the evening hours, passengers disperse in many directions, resulting in
less concentrated evening flows.

3. Flow asymmetry reduces the level of daily demand (5 = -12.22). The stronger the disturbance of the
p indicator, the lower the overall daily passenger volume. The dominance of a single time interval in
the demand structure reflects a limited functional role of the station within the daily mobility system
and is associated with a lower level of daily passenger volume.

4. Territorial effects (FUA) are secondary in nature. Most y; coefficients for the FUA variables take
small values or exhibit low statistical significance. Clear effects occur only for a few FUA categories,
such as Przemysl and Rzeszow ROF, that are related to their specific role within the network.

Consequently, within the dataset used and the adopted operationalization of the territorial context,
a station’s daily passenger volume is primarily associated with the magnitude of the morning and
evening peak periods, while being located within an FUA contributes only a limited corrective effect.

The OLS estimation results indicate that a station’s daily passenger volume can be described to a
considerable extent as a linear combination of peak-period loads. At the same time, the linear
specification of the model does not allow for the inclusion of potential nonlinear effects and interactions
between factors, which are characteristic of large stations and network hubs. For this reason, the
subsequent part of the analysis employs a random forest model, enabling the robustness of the linear
findings to be verified and the impact of peak-period loads on daily passenger volume to be examined
in more depth.
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The linear regression model made it possible to identify the basic structure of how peak-period
loads affect a station’s daily passenger volume and demonstrated that, in general terms, the observed
relationship is close to linear. However, the linear approach assumes an equal contribution of an
additional passenger in the morning or evening peak regardless of the station load level, and it does not
account for possible interactions among factors.

In real transport systems, increases in peak-period loads are often associated with saturation effects.
At large stations and hubs, additional passenger inflows encounter capacity constraints of the
infrastructure and timetable parameters; as a result, the increase in daily passenger volume attributable
to a unit increase in peak demand gradually decreases. Such behavior cannot be represented in a linear
model.

To account for potential nonlinear effects and interactions among factors, a random forest model —
an ensemble algorithm based on decision trees—was additionally applied in the study. To ensure
comparability of results, we trained the random forest model on the same set of variables as the linear
regression model. In addition to predicted values of daily passenger volume, the model also produces
estimates of relative feature importance, characterizing the contribution of individual factors to reducing
the prediction error.

A key advantage of the random forest model is that it does not require an a priori specification of
the functional form of the relationship; the algorithm automatically identifies nonlinearities and
combinations of features. In this study, the random forest model is used to verify the robustness of the
conclusions obtained from the linear model and as a tool for further scenario-based sensitivity analysis
of daily passenger volume with respect to changes in peak-period loads.

The variable importance values computed using the random forest model are presented in Table 4.
The importance measures are normalized values produced by the algorithm; they are summed to 1 across
all variables and reflect their relative contributions to prediction error reduction. In this context, feature
importance refers to the relative contribution of each variable across the ensemble of decision trees.
Therefore, the reported percentages do not represent shares in passenger volume or explained variance
(R?) but instead indicate the relative contribution of each predictor to the model’s overall predictive
performance.

Table 4
Variable importance measures in the random forest model
Variable Importance measure
FUA Debica 0.002684529
FUA Jarostaw-Przeworsk 0.000396932
FUA Jasto 0.0000231889
FUA Krosno 0.00000507009
FUA Mielec 0.000118388
FUA Przemysl 0.007886806
FUA Sanok 0.0000837088
FUA Stalowa Wola 0.000299678
FUA Tarnobrzeg 0.000144752
FUA Rzeszoéw 0.005950322
Qam 0.560504441
Oru 0.412180976
P 0.009721207

Based on the results presented in Table 4, several conclusions were formulated. First, the variable
importance analysis in the random forest model reveals a clear and stable hierarchy of factors that, in
terms of structure, is consistent with the results of the linear regression. The dominant determinant of
daily passenger volume remains the morning peak (Q.u), which accounts for approximately 56% of the
model’s total explanatory power. This means that more than half of the information on a station’s daily
load is captured by the magnitude of the morning peak flow. Even without assuming a linear functional
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form, the model confirms the OLS findings regarding the key role of the morning period: knowledge of

Q. allows the station’s daily passenger volume to be reconstructed with high accuracy.

Second, the evening peak (Opu) is the second most important factor, accounting for about 41% of
the total importance. Although its contribution is clearly lower than that of the morning peak, it remains
a significant component of the model and reflects the characteristics of the spatiotemporal structure of
return trips. Taken together, the moming and evening peaks account for more than 97% of the total
feature importance, underscoring the pivotal role of peak periods in shaping daily passenger volume.

Third, the peak-load asymmetry ratio (p) makes a limited but stable contribution (< 1% of the total
importance). Despite the small magnitude of this effect, the feature is consistently used by the model
and serves as a corrective indicator, allowing differences between station types to be considered. Peak
asymmetry is not an independent driver of demand; however, it improves the accuracy of station
characterization in borderline cases.

Fourth, a station’s territorial affiliation, represented by the set of FUA indicator variables, has a
minimal effect on the model results, as their combined importance does not exceed 3%. This points to
the secondary role of geographic context compared with actual peak flows and confirms that a station’s
daily passenger volume is not determined by functional-area membership alone but primarily by the
actual scale of morning and evening activity.

Based on these conclusions, the importance structure obtained using the random forest model
almost fully reproduces the logic of the linear regression coefficients, which constitutes an important
methodological finding. Two fundamentally different approaches — OLS and a nonlinear ensemble
model — independently confirm the same hierarchy of factors, strengthening the robustness and
credibility of the conclusions. At the same time, the random forest model complements the linear model
by enabling the identification of saturation effects and differences in station behavior at varying load
levels, which was subsequently leveraged in the sensitivity analysis.

Developing regression and nonlinear models makes it possible to describe the current structure of
passenger demand. However, this alone does not answer the key practical question in transport planning:
how does the daily passenger volume of a station change as a result of an intentional modification of the
service offer? In rail transport, such changes are typically associated with adjustments to peak-period
operations, such as introducing or withdrawing train services, reallocating capacity, or changing service
frequency.

The sensitivity analysis is based on a controlled variation of the morning peak passenger volume
(Quum) while keeping the remaining station characteristics constant — namely, the evening peak (QOpu),
the peak-load asymmetry indicator (p), and territorial affiliation (FUA). This experimental design
reflects a situation in which the station’s infrastructure conditions and spatial context remain unchanged,
whereas changes in demand during the morning peak are achieved by modifying the timetable or service
offer parameters.

For each specified change in Q4u, the predicted value of daily passenger volume is computed using
the trained random forest model. This makes it possible to determine how daily passenger volume
responds to increases or decreases in morning peak demand and to assess the presence of linear response
ranges, saturation effects, and asymmetry in the system’s response.

From a technical perspective, the experiment was organized as follows:

1. A representative baseline combination of features was selected — conventionally, a “typical station”
or the average station profile within a given group. The vector of variables (Quu sases QP base,
Piase, FUA) was adopted as the reference point.

2. For the Quu value (parameter), a range of increments was defined 4Q.u

404 € [-50, -40, ..., 0, ..., 40, 50], 3)

That is, scenarios were considered in which the morning peak flow either decreased or increased
by several dozen passengers.

3. For each value, 4Q.4u, a new value of the morning peak was calculated using the formula

QAM new — QAM base T 4 QAM, (4)
while the remaining parameters remained unchanged.
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4. The resulting set (Qun new, Opu bases P base» FUA) was fed into the trained random forest model, which
was used to compute the forecast of daily passenger volume, Op**(40.u).
5. Based on the obtained results, a response curve was constructed linking the predicted daily passenger
volume to changes in the morning peak:
Op "= f(4Qum) (5)

The response curve obtained from the computations of predicted daily passenger volume was
visualized in the form of a plot (Fig. 3).

The resulting response curve shows a clear departure from strictly linear behavior. Near the baseline
morning peak value, the relationship between changes in Q. and daily passenger volume remains close
to linear, indicating a comparable response of daily demand to moderate changes in the morning service
offer.

600
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200
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Fig. 3. The relationship between predicted daily passenger volume and changes in the morning peak 4Q4m

As Q. increases further, the slope of the curve gradually decreases, reflecting a saturation effect:
each additional passenger in the morning peak generates an increasingly smaller increment in daily
passenger volume. This indicates the presence of structural constraints typical of large stations and hubs,
where simply expanding peak-hour service becomes a less effective instrument for stimulating demand.

When Q. decreases, daily passenger volume also declines, but the system’s response appears to
be smooth. Even with a moderate reduction in the morning service offer, a baseline core of demand is
maintained, and the losses in daily passenger volume are less proportional than would be implied by the
linear model.

The sensitivity analysis naturally complements the results of the earlier stages of the study. It
confirms the dominant role of the morning peak in shaping daily passenger volume and indicates that a
linear approximation is adequate only within a limited range of loads. The identified saturation effects
explain the differences between the linear regression and the random forest model for stations with high
peak flows and highlight the advantage of the nonlinear approach when analyzing extreme scenarios.

From a practical perspective, the sensitivity analysis makes it possible to move from describing the
demand structure to assessing the consequences of specific managerial decisions. The resulting response
curves can be used to preliminarily screen measures related to changes in the morning service offer, to
evaluate the effects of introducing or reducing services, and to perform further economic analyses that
link changes in daily passenger volume with revenue and cost levels. In this sense, the sensitivity
analysis transforms the random forest model from an analytical tool into an applied component of
transport planning support.

However, sensitivity analysis assesses model behavior under changes in input parameters and does
not reveal the models’ comparative predictive accuracy. In the next chapter, the OLS and random forest
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models are validated using standard performance metrics: root mean square error (RMSE), mean
absolute error (MAE) and coefficient of determination (R?). The results are summarized in Table 5.

Table 5
Model quality metrics
Model RMSE MAE R?
OLS 289.62 119.63 0.9722
Random Forest 426.68 82.25 0.9397

The validation results indicate that the linear regression and the random forest model behave
fundamentally differently depending on the scale of a station’s daily passenger volume. The linear model
exhibits a lower RMSE and a higher coefficient of determination, which indicates its ability to reproduce
the overall dispersion structure of daily passenger volume well, especially for stations with high Op
values. In practice, OLS explains the vast majority of variability in daily demand, as it correctly
describes the behavior of major network hubs.

At the same time, the random forest model achieves a lower MAE, indicating higher predictive
accuracy for most stations with moderate passenger flows. For a “typical station,” the random forest
model produces a smaller average error than linear regression, reflecting its ability to better fit local data
characteristics.

The combination of a lower RMSE for OLS and a lower MAE for the random forest model is
unusual, yet cognitively informative. It suggests that the random forest model performs poorly when
predicting extremely high values of daily passenger volume, where a few large errors substantially
increase RMSE. At the same time, for most stations with medium and low flows, the nonlinear model
provides an accurate approximation of the observed values.

4. DISCUSSION

Overall, the differences between the models can be interpreted as follows: the linear regression
describes the system well regarding global relationships and the behavior of the largest hubs, whereas
the random forest model more effectively models the network, thus providing higher accuracy for typical
forecasts. In the context of this study, this underscores that the surprisingly high performance of a simple
linear regression stems from the near-linearity of the fundamental relationships in the dataset, while the
advantages of the nonlinear model become apparent primarily when modeling stations with moderate
passenger flows, for which the accuracy of typical predictions is crucial.

The numerical quality metrics were complemented by a visual verification of the fit between the
actual and predicted daily passenger volume for the random forest model. The results of the scatter plot
analysis of observed versus predicted values indicate that, for most stations with low and medium QOp
values, the random forest predictions cluster close to the line of perfect agreement, which corresponds
to the low MAE and high accuracy of typical forecasts. At the same time, for stations with extremely
high daily passenger volume (Przemysl and the Rzeszow ROF), the dispersion of predictions increases,
leading to a few large errors and, consequently, a higher RMSE compared with the linear model. No
significant systematic bias in the forecasts was identified, as the deviations are local and concentrated
in the tails of the distribution.

A combined analysis of the numerical metrics and the visual verification of predictions allows
several key conclusions to be formulated. In the task considered, the linear regression does not perform
any worse than the random forest model and, in terms of some global performance measures (RMSE
and R?), even achieves better results. This points to the near-linear nature of the relationship between
daily passenger volume and the characteristics of station peak loads.

At the same time, the random forest model remains a useful analytical tool. It provides higher
prediction accuracy for typical stations with moderate passenger flows and enables the identification of
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nonlinear effects, in particular, the saturation effect at large hubs, which was leveraged in the sensitivity
analysis. Thus, the combined use of OLS and random forest models proves methodologically justified:
the linear model offers an interpretable view of global relationships, while the nonlinear model refines
the system’s behavior from a local and scenario-based perspective.

5. CONCLUSIONS

Real-world field data from passenger-flow surveys conducted by the authors on the railway
network of the Podkarpackie Voivodeship were used in this study. This ensures the empirical credibility
of the results and distinguishes the study from analyses based on aggregated statistics or modeled data.

The analysis showed that a station’s daily passenger volume is primarily determined by the
magnitude of the morning peak flow, while the evening peak plays a secondary yet stable role. This
finding is methodologically robust and is confirmed by the linear regression and the nonlinear random
forest model.

It was established that, for most stations with moderate passenger flows, the relationship between
daily passenger volume and peak-period loads is nearly linear, which explains the high explanatory
power of the OLS model. At the same time, saturation effects emerged at the largest network hubs,
whereby further increases in the morning service diminished the increases in daily demand. These
nonlinearities are correctly identified by the random forest model and are reflected in the sensitivity
analysis results.

Model validation yielded a nontrivial yet substantively important outcome: linear regression better
captures the global structure of passenger demand and the behavior of large stations, whereas the random
forest model provides higher predictive accuracy for typical stations with moderate flows. The joint use
of both models is justified, as it makes it possible to retain interpretability while also identifying the
limits of effectiveness of managerial interventions.

The conclusions have direct practical relevance for transport planning. For stations with a medium
load level, increasing the morning service offer can be an effective instrument for stimulating daily
mobility, whereas for large hubs, more complex solutions are required to go beyond a simple increase
in the number of services.
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