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Abstract

This study explains how reinforcement learning (RL) contributes to congestion mitigation
in inland freight terminal operations by testing a serial process model in which RL
strengthens operational learning stability (OLStab), OLStab improves logistics efficiency,
and logistics efficiency lowers congestion. Rather than presenting RL as a stand-alone con-
gestion-reduction instrument, the paper examines a distinct inland-terminal application
in which congestion emerges from interacting gate, yard, transfer, and dispatch frictions.
Using a simulation-based explanatory design calibrated to a realistic macro-logistics con-
text, and interpreting the results as simulation-informed evidence rather than direct field
proof, the study analyzes 500 episode-level observations representing complete terminal
runs under varying control conditions. The results show that RL positively affects OLStab,
OLStab positively affects logistics efficiency, and logistics efficiency negatively affects con-
gestion. The serial indirect pathway from RL through OLStab and logistics efficiency to
congestion is statistically significant, whereas the direct effect of RL on congestion be-
comes non-significant once the mediators are introduced. Decision latency sensitivity
does not significantly moderate the RL-to-OLStab relationship, suggesting that latency-
related boundary conditions are more context-specific than the main capability pathway.
The article contributes by offering a cautious simulation-based and mechanism-centered
explanation of RL-enabled congestion mitigation in inland terminals, by treating OLStab
as a simulation-grounded intermediate operational stability index, and by showing that
the empirical pattern is better explained by theory-ordered simulator-level mechanism
than by a residual direct RL effect.

Keywords: reinforcement learning; inland freight terminals; dry ports; operational
learning stability; logistics efficiency; congestion; serial mediation

1. Introduction

Inland freight terminals and dry-port-type interfaces play a critical coordinating role
in hinterland logistics because they connect road flows, yard handling, storage buffers,
and rail or onward dispatch operations [1,2]. Congestion in these facilities is therefore not
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simply a matter of local queue length. It is an emergent outcome of interacting arrival
surges, staging constraints, dispatch timing, equipment availability, and uneven work-
load propagation across terminal subsystems [3,4]. Even when digital tools improve visi-
bility, inland nodes remain vulnerable to coordination breakdowns because operational
decisions must be updated repeatedly under variability rather than solved once under
stable conditions [5-7].

Reinforcement learning offers a promising control logic for such settings because it
adapts decisions through repeated interaction with changing system states and reward
feedback [8-10]. Reviews of RL in logistics and transportation emphasize its suitability for
stochastic, high-dimensional, and operationally complex environments, while recent
freight studies show that learned policies can improve dispatching, replanning, and yard
decisions under uncertainty [11-15]. What remains less well developed, however, is a pro-
cess explanation of how learning-based control translates into lower congestion inside
terminal operations. Much of the existing literature reports performance gains at the out-
come level, but leaves the intermediate operational pathway undertheorized [9,10].

That gap is especially important in inland terminal environments, where congestion
is often generated by unstable internal adjustments rather than by a single visible bottle-
neck [2-4]. A learned controller may improve performance not because it directly sup-
presses queues at all times, but because it gradually stabilizes operational responses, re-
duces oscillatory adjustments, and enables more reliable execution across coupled activi-
ties [16-18]. The present study therefore shifts attention from headline performance claims
to the internal capability sequence through which learning affects congestion.

To capture that sequence, the paper introduces operational learning stability
(OLStab) as a simulation-grounded intermediate operational stability index. OLStab re-
fers here to the consistency, manageability, and reduced volatility of operational adjust-
ment across repeated terminal decisions. It is treated as conceptually distinct from logis-
tics efficiency: OLStab reflects whether the operating pattern becomes more stable,
whereas logistics efficiency reflects how well the terminal converts that stability into
throughput, turnaround quality, coordination, and resource use. This distinction makes it
possible to test whether RL influences congestion indirectly through a staged operational
mechanism rather than through a dominant stand-alone direct effect.

The study also examines decision latency sensitivity (DLS) as a boundary condition.
In principle, learning-based control should be harder to translate into performance when
observations, decisions, or execution responses lag behind the current state of operations
[19,20]. Yet latency effects in terminals are likely to be context-dependent because some
operating environments absorb timing frictions through buffering or standardized rou-
tines more effectively than others [19,20]. For that reason, DLS is treated as a secondary
contextual factor rather than the central contribution of the article.

The broader supply-chain, logistics, and terminal-operations literature offers contex-
tual support for understanding learning-enabled decision systems, operational risk, and
congestion-sensitive logistics coordination [19-23]. However, these studies are used here
only as contextual support. They do not substitute for direct terminal evidence, and the
present analysis remains limited to the inland-terminal simulation setting examined in
this paper.

Accordingly, the contribution of this paper is threefold, and each contribution is lim-
ited to the designed simulation environment. First, it provides a simulation-based mech-
anism explanation of congestion mitigation in an inland freight terminal application, ra-
ther than treating RL as a generic performance booster. Second, it cautiously positions
OLStab as a simulation-grounded intermediate metric linking adaptive learning to real-
ized logistics efficiency. Third, it presents the study as a related but distinct application
within the broader family of RL-based terminal simulations: the analytical focus,
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simulator organization, and empirical pattern of effects are specific to the inland-terminal
setting examined here. On that basis, the paper tests, within this designed simulation en-
vironment, a serial model in which RL enhances OLStab, OLStab improves logistics effi-
ciency, and logistics efficiency reduces congestion, while DLS is evaluated as a secondary
boundary condition.

The remainder of the paper is organized as follows. Section 2 develops the conceptual
background and hypotheses. Section 3 explains the simulation-based methodology, data-
generation procedure, construct operationalization, and model equations. Section 4 re-
ports the empirical results. Sections 5-7 discuss the findings, theoretical contributions, and
practical implications. The paper then presents limitations and future research directions
before the conclusion.

2. Conceptual Background and Hypothesis Development
2.1. Reinforcement Learning as Adaptive Control in Inland Logistics

Within logistics research, reinforcement learning is best understood as an adaptive
control approach for repeated decision problems under uncertainty. Instead of optimizing
a single static decision, an RL agent observes operational states, selects actions, receives
reward feedback, and updates future choices through experience. This logic is particularly
attractive for logistics systems in which congestion, equipment utilization, demand, and
routing options evolve over time. Reviews by [8-10] consistently show that RL becomes
most valuable when state spaces are large, feedback is sequential, and repeated re-opti-
mization by exact methods is difficult or too slow.

For terminal-related applications, the relevance of RL lies in its capacity to manage
continual adjustment rather than one-off optimization [9,10]. Studies on synchromodal
replanning, rail-yard control, AGV dispatching, and container stacking show that RL can
improve operational decisions under uncertainty, disturbance, and incomplete foresight
[11,14,21,22]. These studies support the view that RL is suited to inland freight terminals,
where dispatch coordination, gate admission, yard handling, and outbound release deci-
sions recur throughout an operating episode rather than appearing as isolated optimiza-
tion tasks [9,10].

The implication for the present paper is that RL should be theorized as a learning
mechanism embedded in an operating process. Its value must therefore be assessed not
only by whether final congestion falls, but also by whether the controller creates a more
stable and effective pattern of operational adjustment along the way.

2.2. Why Congestion Persists in Digitally Enabled Terminal Systems

Digitalization improves sensing, information sharing, and decision support, but it
does not automatically remove congestion from terminal environments [5,6]. In practice,
digitally enabled terminals still confront interacting queues, limited buffers, unbalanced
workloads, and synchronization failures across operational units [3,23]. Research on dig-
ital twins and intelligent terminal control shows that better data can improve representa-
tion and responsiveness, yet performance remains highly sensitive to how decisions are
coordinated across interdependent subsystems and how quickly those decisions can be
executed in practice [6,7,15].

This problem is especially visible when local disturbances propagate beyond their
point of origin. In automated terminal and truck-dispatch settings, seemingly efficient lo-
cal rules can produce downstream conflicts, idle time, or spillback when task assignment,
routing, and release decisions are not aligned [15,23,24]. Likewise, inland and cross-dock-
ing studies show that fluctuating arrivals and asymmetric traffic conditions destabilize
scheduling even when real-time information is available [3,25]. Congestion persistence

https://doi.org/10.3390/systems14070743



Systems 2026, 14, 743

4 of 32

should therefore be treated as a process problem rooted in coupled operational variability,
not simply as an information deficit [3,25].

For inland freight terminals, the challenge is amplified by the role of the facility as a
transfer and buffering node [2,3]. Gate inflows, yard movements, storage decisions, and
dispatch releases interact tightly, so operational instability in one part of the node can
quickly appear elsewhere as longer waiting times, blocking, and accumulated dwell
[3,23]. This motivates a mechanism-oriented framework that explains how learning affects
the internal operating pattern before it affects the final congestion outcome.

Seen from this perspective, digital transformation is a necessary but insufficient con-
dition for congestion relief [5,7]. What matters is whether digital and learning-enabled
control produces a more coherent and stable operating rhythm across the terminal [6,15].

2.3. Operational Learning Stability as an Intermediate Stability Index

The concept of operational learning stability was introduced in related simulation-
based work by Rahman, Md.M 2026 [25,26]. In the present paper, OLStab is used as an
episode-level intermediate stability index that captures whether adaptive control is asso-
ciated with steadier operational behavior across repeated simulation episodes. The index
draws on the operations literature on learning-by-doing and routine refinement, where
repeated execution can improve performance when knowledge is retained, implemented,
and translated into more predictable processes [15,16,26]. In this study, however, OLStab
is not treated as a field-validated organizational capability. It is a simulation-grounded
formative index constructed from normalized indicators of decision volatility, queue-evo-
lution volatility, and adjustment magnitude. The idea draws on the operations literature
on learning-by-doing and routine refinement, where repeated execution can improve per-
formance only when knowledge is retained, implemented, and translated into more pre-
dictable processes [15,16,26]. Zhang et al. (2024) and Glock et al. (2019) both show that
learning dynamics matter because they shape whether operational trajectories become
progressively more stable or remain vulnerable to disruption and reversal [15,16].

In the present context, OLStab does not refer to a perceptual or survey-based con-
struct. It refers to an episode-level operating property reflected in lower adjustment vola-
tility, smoother queue evolution, and more consistent controller behavior. This framing is
important because inland terminal congestion is rarely driven by a lack of activity; it is
driven by unstable activity that generates repeated corrections, uneven loads, and avoid-
able spillovers.

The construct is also theoretically useful because it separates adaptive learning from
realized performance. Studies on organizational learning and logistics service effective-
ness suggest that a learning-oriented capability base can support better execution out-
comes, but capability and performance are not the same phenomenon [18,27]. By model-
ing OLStab as an intermediate operational stability index, the paper clarifies the step be-
tween learning-based control and logistics efficiency instead of collapsing them into a sin-
gle outcome.

This distinction further helps position the paper as a mechanism study. The theoret-
ical question is not merely whether RL works, but whether it works by stabilizing internal
adjustments in a way that later improves execution quality.

To address the conceptual proximity between OLStab and logistics efficiency, the two
constructs are separated by role and indicator meaning. OLStab describes the stability of
the adjustment process itself: lower decision volatility, smoother queue evolution, and
more manageable operational changes. Logistics efficiency describes realized execution
quality: throughput, turnaround, coordination, and resource utilization. Therefore, the
high OLStab-LE correlation reported later indicates strong empirical association in the
simulator, but the interpretation does not assume that the two constructs are identical. For
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that reason, the paper frames the serial pathway as simulation-informed evidence con-
sistent with staged operational development, not as universal proof of organizational ca-
pability formation. Although OLStab and logistics efficiency are separated conceptually
and operationalized with different component signals, they should not be interpreted as
fully independent field-validated constructs in this simulation-based design. Both indices
are generated within the same episode-level simulator and therefore may share part of the
same underlying operational structure. The high correlation between OLStab and logistics
efficiency indicates that smoother adjustment and better execution quality are closely con-
nected in the simulated terminal environment. Therefore, the serial pathway should be
interpreted as a theory-ordered decomposition of related simulator-derived indices, ra-
ther than as definitive evidence that two fully independent constructs have been empiri-
cally separated.

2.4. Logistics Efficiency and Congestion as Linked Performance Outcomes

Logistics efficiency is modeled as the quality of realized terminal execution, ex-
pressed through throughput, turnaround, coordination, and resource use [23,28]. In
tightly coupled freight nodes, these dimensions are inseparable from congestion because
inefficient handling, poor synchronization, and repeated rework quickly translate into
waiting, blocking, and dwell-time accumulation [3,23]. Studies on AGV dispatching, yard
stacking, and dry-port forwarding all point to the same operational logic: better execution
quality reduces self-generated pressure inside the system [3,11,13,22].

For inland freight terminals, this means that congestion should be interpreted as a
downstream consequence of how well the terminal converts available capacity into coor-
dinated flow [2,3]. Faster handling alone is not enough. Efficiency must also reflect
whether activities are aligned across gate processing, yard handling, and release decisions
so that queue pressure is not simply shifted from one subsystem to another [13,23,28].

The link between efficiency and congestion is therefore more than a cost argument.
It is a systems argument. When resources are used more coherently and processing be-
comes more reliable, fewer queues are formed, fewer blockages persist, and the terminal
is better able to absorb variability without widespread spillover [22,23,28].

This makes logistics efficiency the natural second-stage mediator in the present
model: it captures the performance consequences of stabilized operational learning and
provides the most immediate pathway to lower congestion.

2.5. Hypothesis Development: RL to Stability, Stability to Efficiency, Efficiency to Congestion

H1 proposes that reinforcement learning positively affects operational learning sta-
bility. The logic is straightforward: repeated reward-guided adjustment should reduce ad
hoc decision oscillation and generate more consistent operational responses than non-
learning control that does not systematically incorporate feedback [10,14]. Evidence from
truck dispatching, AGV control, and other logistics applications supports the expectation
that learning-based policies can produce more orderly operating patterns under uncer-
tainty [11,12,14].

In inland-terminal terms, a controller that learns from repeated interaction should
become better at balancing interventions across coupled queues and service points,
thereby creating smoother adjustment trajectories across episodes [11,12].

Thus,

H1. Reinforcement learning positively affects operational learning stability (OLStab).

H2 links operational learning stability to logistics efficiency. Once operational adjust-
ment becomes more stable, execution should become easier to coordinate because fewer
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abrupt corrections, priority reversals, and workload imbalances disturb the process. The
organizational learning literature suggests that stable learning routines improve effective-
ness by making coordination more predictable and execution less wasteful [16-18].

Applied to inland freight terminals, this implies that steadier operating behavior
should support better throughput, turnaround, and resource utilization [17,18]. OLStab is
therefore expected to improve logistics efficiency because stability creates the conditions
under which efficient execution can be sustained rather than repeatedly interrupted
[16,18].

Therefore,

H2. Operational learning stability (OLStab) positively affects logistics efficiency.

H3 states that logistics efficiency negatively affects congestion. This follows both
queueing logic and terminal operations logic. When handling becomes more coordinated
and resource use becomes more balanced, fewer delays accumulate and fewer local bot-
tlenecks escalate into broader congestion [3,13]. Research on rehandling reduction, for-
warding design, and conflict-aware dispatching supports this expectation by showing
that more efficient logistics execution reduces pressure on the broader system [3,13,22].

In the inland-terminal setting examined here, higher logistics efficiency should there-
fore correspond to lower congestion because the node can process variability with less
blocking and less spillover across coupled activities [3,22].

Consequently,

H3. Logistics efficiency negatively affects congestion.

2.6. Serial Mediation and Decision Latency Sensitivity

H4 integrates the preceding claims into a serial mediation mechanism. The argument
is that RL contributes to congestion reduction primarily by first stabilizing operational
adjustment and then converting that stability into better logistics execution [10,29]. This
sequencing is theoretically important because it distinguishes among learning capability,
execution performance, and final system outcome [16,18]. It also speaks directly to a re-
curring weakness in the RL-for-logistics literature, where policy success is often reported
without an explicit account of the operating pathway through which success is produced
[9,10].

Accordingly,

H4. Operational learning stability (OLStab) and logistics efficiency serially mediate the relation-
ship between reinforcement learning and congestion. Because the focal variables are exported as
episode-level summary indices after each simulator run, the term “serial mediation” is used here to
describe a theory-ordered statistical specification rather than direct temporal observation of separate
operational stages. Thus, H4 tests whether the covariance pattern among RL, OLStab, logistics
efficiency, and congestion is consistent with the proposed mechanism. It does not imply that
OLStab, logistics efficiency, and congestion were observed as temporally separated outcomes within
each episode.

Consequently,

HS5. Decision latency sensitivity (DLS) moderates the relationship between reinforcement learning
and operational learning stability (OLStab). H5 introduces decision latency sensitivity (DLS) as a
secondary contextual condition in the RL-OLStab relationship. Conceptually, delayed observation,
decision execution, or feedback may disturb the translation of learning-enabled control into stable
operational adjustment. However, latency effects may vary across operating contexts because some
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terminal environments may absorb timing frictions through buffering, standardized routines, or
slack capacity. Therefore, DLS is tested cautiously as a possible moderator of the RL-OLStab rela-
tionship rather than as a general moderator of all downstream outcomes.

Accordingly, H5 proposes that decision latency sensitivity moderates the relation-
ship between reinforcement learning and operational learning stability. The interaction
term between RL and DLS is statistically non-significant, indicating that DLS does not
meaningfully change the strength of the RL-OLStab relationship in the simulated inland-
terminal environment. The positive direct coefficient of DLS should also be interpreted
cautiously. This coefficient is inconsistent with the initial expectation that greater latency
sensitivity would impair operational stability. Therefore, the result should not be inter-
preted as evidence that latency sensitivity improves OLStab. A more cautious interpreta-
tion is that, within this simulator, the DLS index may partly capture context-specific buff-
ering, standardized routines, or latency-management conditions that coexist with more
stable adjustment. Consequently, DLS is not supported as a theoretically robust boundary
condition in this study.

3. Methodology

This study uses a simulation-based explanatory design to examine the mechanism
through which reinforcement learning relates to congestion mitigation in inland freight
terminals [10,23,29]. The empirical context is an inland logistics node characterized by in-
teracting gate arrivals, yard handling, transfer buffering, and dispatch release decisions
[2,3]. Rather than representing a generic port environment, the simulator is organized
around inland-terminal flow coordination and the propagation of congestion across
linked service points [3,29]. Secondary indicators from the World Bank calibration were
used to calibrate plausible operating conditions at the macro-logistics level, while the an-
alytical dataset itself consists of simulated episodes rather than observations from real
terminals [23,29]. Each episode corresponds to one complete run of the inland-terminal
simulator under a defined control setting and environmental condition, after which the
model exports a summary record for reinforcement learning strength, operational learn-
ing stability, logistics efficiency, decision latency sensitivity, and congestion [14,29]. The
unit of analysis is therefore the simulated episode, and the claims of the paper are limited
to the mechanism produced within this distinct simulator setting rather than to direct
causal proof for all real-world terminals [22,23].

3.1. Data-Generation Procedure

The test dataset was generated by running the inland-terminal simulator for 500 com-
plete episodes. Each episode began with a defined operating environment, including gate
arrival pressure, yard-handling conditions, transfer-buffering conditions, dispatch-re-
lease logic, and decision-latency conditions. During an episode, the RL controller ob-
served the current terminal state, selected actions, received reward feedback, and updated
its policy. At the end of each run, the simulator exported one episode-level row containing
reinforcement learning strength, operational learning stability, logistics efficiency, deci-
sion latency sensitivity, and congestion. Therefore, OLStab, logistics efficiency, DLS, and
congestion should be understood as same-episode summary outputs generated from the
completed simulator run. They are analytically ordered according to the proposed mech-
anism, but they are not time-stamped field observations collected at separate temporal
stages. This distinction is important for interpreting the mediation model as a simulator-
level statistical pathway rather than as direct evidence of temporal causal sequencing. The
raw analytical workbook contains these episode-level records and the statistical output
sheets used for the tables reported in this paper.
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3.2. Calibration and Interpretation

World Bank macro-logistics indicators served only as contextual calibration bench-
marks for establishing plausible operating ranges in the simulated inland-terminal envi-
ronment. The calibration used the six Logistics Performance Index dimensions —customs
efficiency, infrastructure quality, international shipment reliability, logistics competence
and quality, tracking and tracing capability, and timeliness —to define low, medium, and
high scenario settings. Because these indicators are macro-logistics descriptors rather than
terminal-level observations, they were not treated as field validation data. The conversion
logic was transparent and rule-based: LPI-type scores below 2.50 were mapped to a low
operating condition, scores from 2.50 to 3.50 were mapped to a medium operating condi-
tion, and scores above 3.50 were mapped to a high operating condition. The thresholds
were used as design anchors for scenario construction, not as empirical estimates from a
named terminal. The low, medium, and high LPI thresholds should therefore be inter-
preted as heuristic scenario anchors rather than empirically validated calibration cutoffs.
They were used to structure plausible operating conditions for the simulator, not to esti-
mate terminal-specific parameters or validate the simulated environment against ob-
served terminal records. Accordingly, the calibration procedure supports contextual plau-
sibility, but it does not constitute field calibration or external validation. Equal contextual
weight was assigned to the six LPI dimensions because the purpose was to create plausi-
ble simulation ranges rather than to estimate a country-level logistics performance model.
The resulting episode-level observations are therefore repeated outputs from a designed
simulator, and the coefficients, mediation estimates, p-values, and confidence intervals are
interpreted as simulation-based evidence about the internal mechanism generated by this
design, not as direct causal estimates from a field implementation. Table 1 provides an
overview of how the World Bank Logistics Performance Index (LPI) dimensions were
translated into low, medium, and high simulation settings for the inland freight terminal
model. The mapping illustrates how customs efficiency, infrastructure quality, interna-
tional shipment reliability, logistics competence, tracking and tracing, and timeliness were
employed solely as contextual calibration benchmarks. These dimensions informed plau-
sible parameter ranges for factors such as gate-processing reliability, yard and buffer ca-
pacity, arrival variability, dispatch responsiveness, observability, and delay sensitivity.
Furthermore, the table emphasises that the LPI indicators were not regarded as direct ob-
servations at the terminal level or as field-validation data; instead, they functioned as rule-
based design anchors for the development of realistic simulation scenarios. Consequently,
the episode-level observations resulting from this process should be understood as out-
puts from a carefully designed simulation environment, rather than as independent rec-
ords from real-world terminals.

Table 1. Calibration mapping used for World Bank LPI-based simulation context setting.

LPI Dimension

Simulation Parameter
Affected

Medium Setting (2.50-

L i 2.
ow Setting (<2.50) 3.50)

High Setting (>3.50)

Customs efficiency

Infrastructure quality

International shipment
reliability

Gate-processing relia- Service reliability =

bility
lay

Service reliability = Service reliability =
and clearance de-0.70; delay sensitivity = 0.85; delay sensitivity = 1.00; delay sensitivity =
1.30 1.00 0.75

Yard/buffer capacity = Capacity factor =0.75; Capacity factor =1.00; Capacity factor =1.20;
and service-rate varia- variability multiplier = variability multiplier = variability multiplier =

bility

Arrival-pressure varia- Arrival variability =

bility

ability

1.30 1.00 0.80
Arrival variability =  Arrival variability =
and schedule reli-1.30; schedule reliabil- 1.00; schedule reliabil- 0.80; schedule reliabil-

ity =0.70 ity = 0.85 ity =1.00
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Logistics competence

Service adaptation and Adaptation factor=  Adaptation factor=  Adaptation factor =
dispatch responsive-  0.70; dispatch respon- 0.85; dispatch respon- 1.00; dispatch respon-

and quality ness siveness = 0.75 siveness = 0.90 siveness = 1.00
State observability and Observability =0.70;  Observability = 0.85;  Observability = 1.00;
Tracking and tracing information-delay con- information delay =  information delay =  information delay =
dition 1.30 1.00 0.75
Release adherence and . . .
. . . . Adherence =0.70; dis- Adherence = 0.85; dis- Adherence = 1.00; dis-
Timeliness dispatch-delay condi-

tion

patch delay =1.30 patch delay =1.00 patch delay = 0.75

To improve consistency between Figure 1 and the statistical model, the variables and
parameters used in the figure are defined as follows. In the mediation framework, X de-
notes the independent variable, reinforcement learning strength (RL); M; denotes the
first mediator, operational learning stability (OLStab); M, denotes the second mediator,
logistics efficiency (LE); Y denotes the outcome variable, congestion; and Wdenotes the
moderator, decision latency sensitivity (DLS). To avoid duplication, all formal equations
are presented once in the methodology section, while Figure 1 is used only as a visual
summary of the analytical workflow. In descriptive terms, the main mechanism is RL —
OLStab — LE — Congestion, and the moderation path is RL X DLS — OLStab.

Freight Terminal

H5 moderation
Full-model robustness
Exploratory PCA/ clustering

‘ Simulated Inland }

Gate « Yard + Buffer » Dispatch
Decision latency

Supplementary diagnostics ’ Start ‘ Operational Inputs

; }
L msnm:W 1 { LE'=TF‘+TA-':EG'*RU' }

Episode export

H3: -

H5
HL: + N H ( )
Serial Mediation RL Terminal | 500 Complete
H4 RL OLStab Model LE Congestion > Simulation Episodes
RL + OLStab — LE —+ Congestion N = 500

Mechanism tests

Qe = 3y 1y = M, Vy

Cong, = Yo + C'RL; + by OLStab, + byLE; + € J %féb( =Bo + BLRL; + B2DLS; + B3(RL, x DLS;) + &

Direct Regressions
H1 +« H2 » H3
OLS models Di

Episode-Level
Constructs
RL * OLStab ¢ LE * DLS * Congestion

agnostics

Data Screening
Normality * VIF * Residuals
Bootstrap checks

Interpretation: simulation-generated operational evidence, not direct field observation; tests examine the internal mechanism of the designed terminal model

Figure 1. Experimental situation for reinforcement learning model comparison. Source: Authors’

own creation using Python 3.13.

In the reinforcement learning terminal model, s; denotes the terminal state at time
step t, including queue status, yard condition, buffer condition, dispatch status, and de-
cision-latency condition. a; denotes the action selected by the RL controller at time step
t, . denotes the reward feedback received after action execution, and m; denotes the
learned decision policy at time step t. V; denotes the value estimate associated with the
current terminal state or policy evaluation. The symbol w; denotes the weight assigned
to the k-th normalized component in a formative construct index.
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Where DV denotes normalized decision volatility, QV;" denotes normalized
queue-evolution volatility, and AM; denotes normalized adjustment magnitude. These
three components are reverse-coded because lower volatility and lower adjustment mag-
nitude indicate higher operational learning stability. TP;” denotes normalized through-
put performance, TA; denotes normalized turnaround performance, CQ; denotes nor-
malized coordination quality, and RU; denotes normalized resource utilization. Thus,
OLStab captures the stability of operational adjustment, whereas LE captures realized
logistics execution quality. Table 2 summarizes the notation and variable definitions used
in Figure 1 and the model equations. It clarifies the meaning of the main analytical sym-
bols, including the independent variable, mediators, moderator, outcome variable, rein-
forcement learning terms, and simulation indexes. The table helps understand how the
figure, reinforcement learning process, and statistical model are connected.

Table 2. Notation and variable definitions used in Figure 1 and model equations.

1/No-
Syfnbo /No Full Meaning Role in This Study
tation
Reinforcement learning .
X Independent variable
strength (RL)
Operational 1 ing stabilit
M1 ( gf ;faijo)na carmng ST Birst mediator
M2 Logistics efficiency (LE) Second mediator
Y Congestion Dependent/outcome variable
Decision lat itivit
( DeElSs)lon atency sensitivity Moderator
Reinf t1 i
RL einorcement featning Captures the intensity and quality of learning-enabled control
strength
OLStab Operational learning stability =~ Captures stability of operational adjustment
LE Logistics efficiency C.aptures execution c!u.alit.y through throughput, turnaround, coordina-
tion, and resource utilization
DLS Decision latency sensitivity Captures sensitivity to delayed observation, decision, or execution
. . Represents the current operational condition, such as queue status,
s_t Terminal state at time step t .. " . o
yard condition, buffer condition, dispatch status, and latency condition
a_t Action selected at time stept  Represents the decision/action chosen by the RL controller
r_t Reward feedback at time step t Represents performance feedback received after action execution
L d decisi licy at ti
pi_t stiza;?e ecision policy at ime Represents the RL policy mapping states to actions
V_t Value estimate at time stept  Represents the estimated value of the current state or policy evaluation
omega_k Weight of the k-th component Rfepr.esents the weight assigned to a normalized component in a forma-
tive index
DV_i* Normalized decision volatility Component of OLStab
N lized -evoluti
Qv_i* orima‘ized quetierevoiition Component of OLStab
volatility
i . .
AM.i* Normalized adjustment magni Component of OLStab
tude
TP i* Normalized throughput perfor- Component of LE
mance
li for-
TA_i* Normalized turnaround perfor Component of LE
mance
co it Tormalized coordination qual- Component of LE
Ity
Normalized resource utilizationComponent of LE

RU_i*

Simulation episode index

Identifies each of the 500 simulated episodes
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t Time-step index Identifies each decision step inside an episode

Figure 1 provides an overview of the entire workflow of the study, commencing with
the simulated inland freight terminal environment and concluding with statistical mech-
anism testing. The workflow illustrates the interaction between the reinforcement learn-
ing (RL) controller and various terminal operations, which encompass gate arrivals, yard
handling, transfer buffering, dispatch release, and decision-latency conditions. Each com-
plete simulation episode yields an episode-level record that includes RL strength, OLStab,
logistics efficiency, DLS, and congestion. These outputs are subsequently employed for
data screening, operational construct development, direct-effect regression analysis, serial
mediation testing, and the H5 moderation test. Additional procedures, including full-
model robustness checks, PCA, clustering, and related diagnostic outputs, are treated only
as supplementary checks and are not interpreted as independent validation of the pro-
posed mechanism. The figure emphasizes that the study relies on operational evidence
generated through simulation rather than direct field observations.

To avoid confusion with ordinary least squares, operational learning stability is ab-
breviated as OLStab throughout the equations and results. All core constructs were oper-
ationalized as standardized episode-level indicators. Reinforcement learning strength
captures the intensity and quality of learning-enabled control within an episode.

Reinforcement learning strength was operationalized as a normalized algorithm-in-
ternal control index rather than as a direct congestion or logistics-efficiency outcome. The
index captures the extent to which the RL controller actively updated, improved, and sta-
bilized its learned policy during a complete simulation episode. It was calculated as fol-
lows:

RL strength = (normalized learning-update intensity + normalized value-improvement behavior +
normalized policy-convergence quality)/3

In this calculation, normalized learning-update intensity refers to the magnitude of
policy or value-function updates during each episode. Normalized value-improvement
behavior reflects improvement in the controller’s internal value estimate during the epi-
sode. Normalized policy-convergence quality refers to the reduction in policy instability
or temporal-difference error across the episode. Higher values of RL strength therefore
indicate stronger learning-enabled control. Importantly, the RL-strength index was com-
puted from algorithm-internal learning signals and was not constructed from OLStab, lo-
gistics efficiency, DLS, or congestion components.

Reinforcement learning strength was operationalized as a normalized algorithm-in-
ternal control index rather than as a direct congestion, logistics-efficiency, DLS, or OLStab
outcome. The index captures the extent to which the RL controller actively updated, im-
proved, and stabilized its learned policy during a complete simulation episode. It was
calculated as follows:

RL Strength; = (LUL + VIB: + PCQi*)/3**

where LUI* denotes normalized learning-update intensity, VIBi* denotes normalized
value-improvement behavior, and PCQ:* denotes normalized policy-convergence quality
for simulation episode i. All three components were normalized to the 0-1 range before
aggregation, and equal weights were assigned because the purpose was to construct a
transparent formative index of algorithm-internal learning strength rather than to esti-
mate an externally validated latent construct. Higher values indicate stronger learning-
enabled control within the simulated episode. Importantly, RL strength was derived only
from algorithm-internal learning signals and was not constructed from OLStab, logistics
efficiency, DLS, or congestion components.
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This derivation clarifies that RL strength is a formative, simulator-specific index of
learning-control behavior. It does not represent a direct operational-performance outcome
and should not be interpreted as an externally validated measure of universal RL capabil-
ity. Instead, it provides a reproducible episode-level indicator of how strongly the RL con-
troller updated, improved, and stabilized its policy within the designed inland-terminal
simulation.

OLStab captures the consistency of operational adjustment, including lower decision
volatility, smoother queue evolution, and steadier execution patterns. Logistics efficiency
is modeled as a realized execution construct incorporating throughput, turnaround speed,
coordination quality, and resource utilization. Decision latency sensitivity reflects the ex-
tent to which delayed decisions erode operating performance, and congestion is treated
as the system-level pressure outcome composed of queueing, blockage, dwell accumula-
tion, and yard saturation. OLStab and logistics efficiency were intentionally kept separate
in the measurement logic so that the analysis could distinguish stabilization of adjustment
from performance of execution, while recognizing that both are generated within the same
simulation environment.

To improve the transparency of the newly introduced operational learning stability
construct, OLStab was operationalized as a formative, normalized, episode-level stabil-
ity index. The index combines three simulation-derived components: decision volatility,
queue-evolution volatility, and adjustment magnitude. Each component was normalized
before aggregation. Because these components represent instability, they were reverse-
coded so that higher OLStab values consistently indicate more stable learning behavior,
lower operational fluctuation, and more manageable adjustment patterns.

The OLStab index was calculated as follows:

(1 -DVvH+ (1 -0QV)+ (A - AM)

OLStab; = 2

Logistics efficiency was operationalized as a formative execution-quality index based
on throughput performance, turnaround performance, coordination quality, and resource
utilization. The logistics efficiency index was calculated as follows:

_ TP + TA; + CQ; + RU;

LE; 7

where i indexes simulation episodes; DV;" denotes normalized decision volatility; QV;
denotes normalized queue-evolution volatility; AM; denotes normalized adjustment
magnitude; TP; denotes normalized throughput performance; TA; denotes normalized
turnaround performance; CQ; denotes normalized coordination quality; and RU; de-
notes normalized resource utilization.

This operationalization clarifies that OLStab captures the stability of operational ad-
justment, whereas logistics efficiency captures the quality of operational execution. In
other words, OLStab reflects whether the learning-enabled control process becomes
smoother and less volatile, while LE reflects whether the terminal converts that stability
into better throughput, turnaround, coordination, and resource use.

The component-level implementation of these indices should remain aligned with
the simulator code and the supplementary dataset supplied with the submission. Table 3
below outlines the definitions, measurements, and distinctions of each study construct
within the simulation-based research design. It clarifies the model roles of the variables:
reinforcement learning strength as the independent variable, OLStab as the first media-
tor, logistics efficiency as the second mediator, decision latency sensitivity as the modera-
tor, and congestion as the outcome variable.
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Table 3. Derivation of the RL Strength index.

RL Strength Com-
ponent

Definition Source Signal in Simulator Normalization Weight

Learning-update
intensity (LUL*)

Value-improve-
ment behavior
(VIB*)

Policy-conver-
gence quality
(PCQY™)

Captures the magnitude Episode-level update magnitude
of policy or value-func- from the RL controller, such as
tion updating during  value-update or temporal-differ-
the episode. ence update activity.

Captures the extent to
which the controller’s
value estimate improves
during the episode.

Min—-max normalized to 0-1
across all simulated epi-  1/3
sodes.

Difference or improvement in valueMin-max normalized to 0-1
estimates between earlier and later across all simulated epi- 1/3
learning steps within the episode. sodes.

Decline in policy instability, action-
value fluctuation, or temporal-dif-
ference error across the episode.
Higher values indicate stronger
convergence quality.

Reverse-coded where neces-
sary and min-max normal-
ized to 0-1 across all simu-
lated episodes.

Captures the reduction
in policy instability or
learning error during
the episode.

This construct mapping helps address potential circularity concerns by differentiat-
ing among five separate operational phenomena: learning-enabled control, adjustment
stability, execution performance, latency sensitivity, and downstream congestion pres-
sure.

The distinction remains important because OLStab and logistics efficiency are oper-
ationally adjacent and generated within the same simulator. For that reason, the study
does not treat their association as proof that two fully independent field constructs have
been validated; it treats the separation as a simulator-level measurement distinction that
requires future external testing.

To reduce the risk of a mechanical or tautological interpretation, the congestion index
was kept separate from the components used to construct RL strength, OLStab, logistics
efficiency, and DLS. Congestion was represented by downstream pressure signals such as
queueing, blocking, dwell accumulation, and yard saturation, whereas OLStab used vol-
atility and adjustment signals and logistics efficiency used execution-quality signals. The
estimated paths are therefore not definitional identities, although they remain simulator-
internal associations that require cautious interpretation and external validation.

Nevertheless, this separation should be understood as a design-based reduction in
tautology risk rather than a complete removal of interdependence. Because congestion,
OLStab, and logistics efficiency are all generated within the same inland-terminal simula-
tor, the constructs may still share underlying operational dynamics such as queue evolu-
tion, flow coordination, resource pressure, and blocking behavior. Therefore, the model
does not claim that the variables are fully independent empirical constructs. Instead, it
treats them as analytically separated but operationally related simulator-derived indices.

The linkage between the simulator and the structural model was handled explicitly.
At the control layer, a single RL controller interacted sequentially with terminal states,
selected actions, received rewards, and updated its policy over repeated iterations. The
aim of this algorithmic layer was not to claim universal superiority of one RL family over
all alternatives, but to generate repeated observations from a learning-enabled inland-ter-
minal environment and then test whether the resulting operational pattern matched the
proposed theoretical pathway. Because the design uses one primary RL controller to-
gether with simple benchmark rules, robustness is framed as within-design sensitivity ra-
ther than as an exhaustive cross-algorithm competition.

Before hypothesis testing, the episode-level dataset was screened for completeness,
duplication, range validity, and anomalous cases. Given the simulator-based design, near-
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complete data were expected after preprocessing, but checks were still performed to con-
firm that no episodes were duplicated and that normalized indicators remained within
their intended bounds. Outliers were examined using visual inspection and Isolation For-
est because rare congestion episodes may represent theoretically meaningful operating
states rather than recording mistakes. Flagged cases were therefore not removed mechan-
ically; instead, they were used as part of robustness re-estimation.

Diagnostic testing preceded formal hypothesis estimation. Descriptive statistics were
complemented by skewness, kurtosis, Shapiro-Wilk tests, Q-Q assessment, Pearson and
Spearman correlations, and variance inflation factor analysis. Because simulation-derived
variables can depart from strict normality even when the underlying relationships are
linear, assumption testing focused on both raw distributions and regression residuals. Re-
sidual independence, heteroskedasticity, and multicollinearity were evaluated through
Durbin-Watson, Breusch-Pagan, and VIF statistics, and inferential emphasis was placed
on confidence intervals and bootstrap procedures where appropriate.

The hypothesis tests were estimated using ordinary least squares regression, serial
mediation, and moderated regression. To make the model specification reproducible and
to avoid repeated equations, all substantive construct and hypothesis equations are pre-
sented once below.

Xij — min(xj)

f—

Yy = max(xj) - min(xj) M

oLsta, = -2V *+( _fvi*) + - AMD (2)

LE, = TP; + TA; :CQ;* +RU; 3

OLStab; = By + PiRL; + ¢; 4)

LE; = By + [,0LStab; + ¢; (5)

CONG; = By + BLLE; + ¢ (6)

OLStab; = ag + a4 RL; + &; (7)

LE; = By + ayRL; + d,,OLStab; + &,; (8)

CONG; = yy + ¢'RL; + b,OLStab; + b,LE; + &5; )
OLStab; = By + B1RL. + B, DLS.; + B3 (RL.; X DLS.;) + & (10)

Equations (1)—(3) define the normalized indicators and formative indices. Equations
(4)-(6) test the direct paths for H1-H3. Equations (7)—(9) specify the serial mediation
model used for H4, and Equation (10) tests the DLS moderation path for H5. In these
equations, i indexes simulation episodes; RL denotes reinforcement learning strength;
OLStab denotes operational learning stability; LE denotes logistics efficiency; DLS de-
notes decision latency sensitivity; and CONG denotes congestion. The terms f,, @, and
Yo denote intercepts; B, a, b, ¢, and d,; denote estimated coefficients; the subscript ¢
indicates mean-centered variables; and & denotes the error term. Because H5 is a second-
ary boundary-condition test, DLS is interpreted cautiously and is not treated as the
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defining claim of the study. All preprocessing and statistical analyses were conducted in
a reproducible computational workflow suitable for simulation-generated tabular data,
using Python-based data handling, diagnostics, regression estimation, and robustness
routines. To keep the paper aligned with its central contribution, the main text emphasizes
the direct-effect regressions, the serial mediation model, and the moderation test. Addi-
tional procedures such as SHAP, PCA, clustering, and related machine-learning checks
are treated only as limited supplementary diagnostics; they are not presented as inde-
pendent external validation of the simulator-generated mechanism.

Methodological rigor was further strengthened through construct mapping, distinc-
tiveness checks, and sensitivity-oriented interpretation, especially for OLStab and DLS.
Because these variables are composite episode-level indices rather than survey scales, the
primary validity argument is conceptual and formative: the components were assigned to
OLStab, logistics efficiency, DLS, and congestion on theoretical grounds and then exam-
ined empirically for redundancy and separation. The study therefore interprets the medi-
ation results as evidence consistent with a simulator-level mechanism, not as proof that
the same mechanism has been externally validated in field data.

The analytical workbook containing the 500 simulated episode-level records and the
corresponding statistical outputs is available from the corresponding author upon reason-
able request, subject to the journal’s data-sharing policy. As the dataset was generated
through simulation and contains no confidential terminal-level information, a de-identi-
fied version may be shared to support replication of the reported analyses.

4. Results

The results are reported in the same sequence as the analytical design: data screening
and diagnostics, bivariate associations, direct-effect regressions, the serial mediation test,
the moderation model, and supplementary robustness checks.

Data-quality screening indicated that the episode-level dataset was suitable for for-
mal hypothesis testing. The final analytical sample contained 500 simulation episodes
with no missing values or duplicate rows. The observed ranges were consistent with the
intended construction of the indices, with RL, OLStab, logistics efficiency, and DLS
bounded between 0 and 1 and congestion remaining non-negative. Although Shapiro-
Wilk tests suggested departures from strict normality for some raw indicators, the regres-
sion residuals exhibited satisfactory behavior and the remaining diagnostics did not indi-
cate serious threats to inference. VIF values showed overlap among the central constructs
but not at a level that would invalidate interpretation. Overall, the diagnostic evidence
supports the use of the episode-level dataset for the mechanism tests that follow.

Table 4 summarizes the descriptive statistics for the main variables used in the study,
based on 500 simulated episodes. The results show that RL, OLStab, logistics efficiency,
and DLS are all within the expected normalized range from 0 to 1, while congestion re-
mains non-negative. The mean values indicate moderate levels of RL strength, operational
learning stability, logistics efficiency, and decision latency sensitivity across the simulated
episodes. Skewness and kurtosis values are generally within acceptable ranges, suggest-
ing that the variables do not show extreme distributional problems. Overall, the descrip-
tive statistics indicate that the simulation-generated dataset is suitable for the subsequent
regression, mediation, moderation, and robustness analyses. The bivariate association
pattern was consistent with the conceptual model. RL was strongly and positively associ-
ated with OLStab, and OLStab was strongly and positively associated with logistics effi-
ciency. Congestion was negatively associated with RL, OLStab, and logistics efficiency,
indicating that stronger learning, more stable operating adjustment, and better execution
quality all coincided with lower congestion pressure. By contrast, DLS demonstrated neg-
ligible bivariate associations with RL and congestion, while its associations with OLStab
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and logistics efficiency were minor. This pattern indicates that DLS is not strongly inte-
grated within the core RL-OLStab-LE—congestion pathway at the bivariate level. How-
ever, the subsequent moderation model reveals that DLS possesses a small yet statistically
significant positive direct association with OLStab, whereas the interaction between RL
and DLS remains non-significant. Consequently, DLS is interpreted as a weak context-
specific timing condition rather than a robust moderator of the RL-OLStab relationship.

Table 4. Construct-mapping check used to reduce circularity concerns.

Construct

Model Role Main Signal Meaning Separation Logic

RL strength
OLStab

Logistics efficiency
DLS

Congestion

Independent varia-

ble

First mediator

Second mediator

Moderator

Outcome

. . . ., Not defined from congestion out-

Learning-enabled control intensity/quality
come

Adjustment stability, lower volatility, Stability process, not throughput
smoother queue evolution performance
Throughput, turnaround, coordination, re-Execution quality, not adjust-
source utilization ment volatility itself
Sensitivity to delayed observation/deci-
sion/execution
Queueing, blocking, dwell accumulation,
yard saturation

Contextual timing condition

Downstream system pressure

Table 5 shows strong support for H1-H3. RL positively predicted OLStab, OLStab
positively predicted logistics efficiency, and logistics efficiency negatively predicted con-
gestion. The pattern is consistent with the proposed sequence from learning-based control
to stability, from stability to execution quality, and from execution quality to congestion
mitigation. On the other hand, Figure 2 presents the correlation results among the key
study variables using both Pearson and Spearman correlation tests. The figure shows that
RL is strongly and positively associated with OLStab, and OLStab is strongly and posi-
tively associated with logistics efficiency. Congestion is negatively associated with RL,
OLStab, and logistics efficiency, supporting the proposed direction of the study model. In
contrast, DLS shows only weak relationships with the main variables, suggesting that de-
cision latency sensitivity plays a limited role in the core mechanism. Overall, the correla-
tion results provide preliminary support for the serial pathway from RL to OLStab, from
OLStab to logistics efficiency, and from logistics efficiency to lower congestion. The strong
OLStab-logistics efficiency correlation indicates that the two constructs are closely related
in the simulator. This is theoretically plausible because stable adjustment can support bet-
ter execution quality; however, it also requires caution. The high correlation may partly
reflect construct proximity or shared simulator structure. Therefore, the subsequent me-
diation results are interpreted cautiously as simulation-level evidence consistent with the
proposed mechanism, not as conclusive proof of complete discriminant separation be-
tween OLStab and logistics efficiency.

Table 5. Descriptive statistics for key study variables.

Variable

Mean SD Min Max Skewness Kurtosis

RL
OLStab
LE
DLS
Congestion

500
500
500
500
500

0.492 0.287 0.002 0.999 0.062 -1.193
0.574 0.204 0.016 1.000 0.009 -0.769
0.507 0.169 0.040 0.987 0.156 -0.352
0.514 0.293 0.004 0.999 -0.006 -1.266
66.258 6.154 46.008 82.849 -0.152 -0.257

Table 6 and Figure 3 provide the direct-effect evidence for H1-H3, while the serial
mediation results are summarized in Table 7 and Figure 4. Within the simulated design,
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Congestion

OLS A

DLS

RL significantly increased OLStab, and OLStab significantly increased logistics efficiency.
When RL, OLStab, and logistics efficiency were entered jointly, OLStab and logistics effi-
ciency remained significant negative predictors of congestion, whereas the direct RL effect
became non-significant. Bootstrap estimates show a significant indirect effect through
OLStab and a significant negative serial indirect effect through OLStab and logistics effi-
ciency, while the path through logistics efficiency alone was not significant. Overall, the
results are consistent with the interpretation that, in this designed simulator, RL is associ-
ated with lower congestion chiefly through improved operational stability and logistics
execution rather than through a strong residual direct effect. However, this interpretation
remains limited to a theory-ordered statistical pathway among simulator-derived epi-
sode-level indices. Because OLStab, logistics efficiency, and congestion are exported from
the same completed simulation episode, the mediation result should not be read as proof
of a temporally separated causal sequence. Instead, it indicates that the simulated data are
statistically consistent with the proposed ordering of adjustment stability, execution qual-
ity, and congestion pressure.

Correlation Heatmap

RL 4

LE 4

1.0

Figure 2. Pearson correlations and p-values and Spearman correlations and p-values. Source:

Authors’ own elaboration using Python 3.13.

Table 6. Correlation analysis (Pearson above diagonal; Spearman below diagonal).

Variable RL OLStab LE DLS Congestion
RL 1.000 0.852 *** 0.760 *** 0.001 —0.557 ***
OLStab 0.860 *** 1.000 0.880 *** 0.107 * —0.662 ***
LE 0.771 *** 0.883 *** 1.000 0.116 * —0.688 ***
DLS 0.003 0.101* 0.117 ** 1.000 -0.036
Congestion —0.564 **  —0.652**  —0.677**  —0.030 1.000
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Note: Upper triangle = Pearson; lower triangle = Spearman. * p <0.05, ** p <0.01, ** p < 0.001.

Table 7. Direct-effect regressions for H1-H3.

Hypothesis Dependent Variable Predictor Coefficient  SE t P 95% CI R?
H1 OLStab RL 0.606 0.017 36.382 <0.001 [0.573, 0.639] 0.727
H2 LE OLStab 0.728 0.018 41.248 <0.001 [0.694, 0.763] 0.774
H3 Congestion LE -25.096 1.185 -21.183 <0.001 [-27.424,-22.768] 0.474

LE vs. Congestion (r = —0.760, p = 1.50 x 107"1) OLStab vs. LE (r = 0.857, p = 9.42 x 1071%) RL vs. OLStab (r = 0.853, p = 2.30 x 107'32)
30 . 1.0 1.0
70
0.8 0.8
60
5750 0.6 o 067
%40 4 o
8 0.4 © 0.4
30
20
0.2 0.2
10
ol : k , e 004 °
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
LE OLStab RL

Figure 3. Direct-effect relationships among the core study variables. Source: Authors’” own

conception using Python 3.13.

However, this finding should be interpreted cautiously. Because RL, OLStab, and
logistics efficiency are strongly correlated simulator-derived indices, the disappearance of
the direct RL effect after including OLStab and logistics efficiency may partly reflect
shared variance, multicollinearity, or variance absorption among closely related episode-
level constructs. Therefore, the non-significant direct RL coefficient should not be treated
as definitive proof of full mediation. Instead, it indicates that, within the designed
simulator, the data are statistically consistent with a theory-ordered pathway in which
RL-related variation is largely captured by operational stability and logistics execution
indicators.

Serial Mediation Path Diagram (H4)

al=0.606
p<0.0001 d21=0.701 b2=-17.235

RL — oLs — LE 5| cCongestion

Serial indirect effect = —7.316
95% bootstrap Cl [-9.638, —5.017]

Figure 4. Serial mediation model for H4. Source: Authors” own elaboration using Python 3.13.
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Figures 4 and 5 collectively summarize the simulation-level evidence for serial medi-
ation in relation to H4. Figure 4 illustrates the pathway through which RL is associated
with congestion: RL enhances OLStab, OLStab improves logistics efficiency, and logistics
efficiency is associated with lower congestion. The direct path from RL to congestion be-
comes non-significant once OLStab and logistics efficiency are included, but this should
be interpreted as evidence consistent with serial mediation within the designed simulator,
not as definitive proof of full mediation in real terminal operations. Figure 5 displays the
bootstrap distribution of the serial indirect effect; the confidence interval does not include
zero, supporting the statistical presence of the proposed indirect path in the simulated
data. The moderation analysis did not support H5. Although the model was significant
overall, the RL x DLS interaction was small and non-significant, indicating that the RL-to-
OLStab relationship did not vary meaningfully across the observed range of decision la-
tency sensitivity. In this inland-terminal simulation, DLS therefore appears to be too weak
or too context-specific to function as a reliable boundary condition. Table 8 reports the
moderation results for H5 and confirms that H5 is not supported.

Bootstrap Distribution of Serial Indirect Effect

80 4

Frequency
[e)]
o

D
o
1

201

Indirect effect

Figure 5. Bootstrap distribution of the serial indirect effect. Source: Authors’ own elaboration using
Python 3.13.

Table 8. Serial mediation results for H4.

Path/Effect Coefficient p 95% Bootstrap CI
ar: RL — OLStab 0.606 <0.001 —

a2: RL — LE (controlling for OLStab) 0.023 0.335 —

d21: OLStab — LE (controlling for RL) 0.701 <0.001 —

bi: OLStab — Congestion (controlling for RL, LE) -8.516 <0.001 —

b2: LE — Congestion (controlling for RL, OLStab) -17.235 <0.001 —

¢t RL — Congestion (controlling for OLStab, LE) 0.916 0.488 —

c: RL — Congestion (total effect) -11.958 <0.001 —

Indirect via OLStab -5.159 — [-7.970, -2.046]
Indirect via LE -0.399 — [-1.217, 0.362]
Serial indirect RL — OLStab — LE — Congestion -7.316 — [-9.638, -5.017]
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As indicated in Table 8, the moderation analysis did not support H5. Although the
overall moderation model was statistically significant, the interaction term between RL
and DLS was small and statistically non-significant. This indicates that decision latency
sensitivity did not meaningfully change the strength or direction of the RL-OLStab rela-
tionship within the observed range of the simulated inland-terminal environment. In
other words, the results do not show that the effect of reinforcement learning on opera-
tional learning stability becomes stronger or weaker under different levels of DLS. There-
fore, the empirical evidence does not support the original moderation expectation.

The direct coefficient of DLS, however, was small and positive. This finding requires
careful interpretation because it does not align with the initial theoretical expectation that
greater latency sensitivity would impair operational stability. The positive direct associa-
tion should therefore not be interpreted as evidence that latency sensitivity improves
OLStab. Such an interpretation would be theoretically misleading because the original
logic of DLS was based on the assumption that delayed observation, delayed decision
execution, or delayed feedback should make operational adjustment more difficult. In-
stead, the result suggests that the present operationalization of DLS may not purely cap-
ture harmful latency exposure.

A more cautious interpretation is that, within the present simulator, the DLS index
may partly reflect context-specific operating conditions in which latency-sensitive envi-
ronments are accompanied by buffering capacity, standardized dispatch routines, con-
servative adjustment behavior, or latency-management mechanisms. These conditions
may coexist with more stable operational adjustment even when latency sensitivity is pre-
sent. Therefore, the positive DLS coefficient is best understood as a simulator-specific di-
rect association rather than as confirmation of a beneficial latency effect.

Taken together, the non-significant RL x DLS interaction and the small positive direct
DLS coefficient indicate that DLS does not function as a theoretically robust boundary
condition in this study. DLS appears to be too weak, too context-dependent, or too broadly
operationalized to reliably explain variation in the RL-OLStab relationship. Accordingly,
H5 is not supported. The finding should be treated as evidence that the DLS construct
requires further refinement, particularly through more direct measures of observation de-
lay, decision delay, execution lag, and feedback delay in future simulation or field-based
studies.

Figure 6 illustrates the moderating effect of decision latency sensitivity (DLS) on the
relationship between reinforcement learning (RL) and operational learning stability
(OLStab). The figure indicates a positive association between RL and OLStab across vari-
ous levels of DLS. However, the slopes do not demonstrate a meaningful difference, which
corroborates the statistical finding that the interaction between RL and DLS is not signifi-
cant. Consequently, the figure visually confirms that DLS does not notably weaken or
strengthen the RL-OLStab relationship in the simulated inland-terminal context. This sug-
gests that DLS serves more as a context-specific condition rather than as a strong moder-
ator in this study. The moderation analysis and figure generation were performed using
Python 3.13. As a robustness check, a full-model regression was estimated with RL,
OLStab, logistics efficiency, and DLS entered simultaneously as predictors of congestion.
The overall model remained significant, but only OLStab and logistics efficiency retained
significant negative effects, whereas RL and DLS were not significant. This pattern is con-
sistent with the mediation results and indicates that, once the internal capability pathway
is modeled explicitly, RL no longer shows a distinct residual direct effect on congestion.

Table 9 presents the full-model regression conducted as a within-simulator sensitiv-
ity check, with RL, OLStab, logistics efficiency, and DLS included as predictors of conges-
tion. The findings indicate that the overall model is statistically significant. However, only
OLStab and logistics efficiency emerge as significant negative predictors of congestion,
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while RL and DLS do not exhibit significant direct effects. This result is consistent with
the primary mediation findings, but it should be interpreted as internal robustness evi-
dence rather than independent validation. Consequently, the full-model result supports a
cautious reading that congestion in this simulation is mainly explained by operational
learning stability and logistics efficiency. The analysis was performed using Python 3.13.

Moderation Plot (H5): interaction p=0.525
0.9 1 —— Low DLS (-1 SD)
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Figure 6. Moderation effect of decision latency sensitivity on the RL-OLStab relationship (H5).
Source: Authors’ own creation using Python 3.13 output.

Table 9. Moderation results for H5.

Term Coefficient SE t P 95% CI
Constant 0.574 0.005  122.640 <0.001 [0.565, 0.583]
RL (centered) 0.605 0.016 36.939  <0.001 [0.573, 0.637]
DLS (centered) 0.073 0.016 4.578 <0.001 [0.042, 0.105]
RL x DLS -0.036 0.057 -0.637 0.525 [-0.148, 0.075]

Model summary: R? = 0.738; adjusted R?=0.737; F = 466.098; p < 0.001. Decision: H5 not supported.

To further examine the stability of the proposed mechanism, a full-model regression
was estimated as a robustness check by including the main predictors jointly in the con-
gestion model. As reported in Table 10, logistics efficiency remains a significant negative
predictor of congestion, while the direct effect of reinforcement learning becomes non-
significant after OLStab and logistics efficiency are included. This pattern supports the
interpretation that the relationship between reinforcement learning and congestion is
mainly explained through the proposed intermediate mechanism rather than through a
residual direct effect. Overall, the empirical pattern is coherent and internally consistent
within the simulation design. The diagnostics indicate that the episode-level data are us-
able, the correlation structure aligns with the theory, the direct-effect models support H1-
H3, and the serial mediation analysis is consistent with H4 in this designed environment.
By contrast, H5 is not supported. The most stable and substantively important predictors
of congestion are the internal process variables-OLStab and logistics efficiency-rather
than RL or DLS as stand-alone direct drivers. This pattern is consistent with, but does not
prove, a sequential capability-development process in inland-terminal congestion mitiga-
tion.
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Table 10. Full-model regression for robustness.
Term Coefficient SE t p 95% CI
Constant 79.069 0.723 109.355 <0.001 [77.649, 80.490]
RL 1.282 1.338 0.958 0.338 [-1.347, 3.912]
OLStab -8.973 2.546 -3.524 <0.001 [-13.976, -3.970]
LE -17.439 2.463 -7.081 <0.001 [-22.278, -12.600]
DLS 1.072 0.689 1.555 0.120 [-0.282, 2.425]

Model summary: R? = 0.491; adjusted R? = 0.487; F = 119.289; p < 0.001.

4.1. Limited Supplementary Diagnostics

As a limited supplementary diagnostic, SHAP values were used to examine the rela-
tive predictive contribution of the four focal predictors in the congestion model. Logistics
efficiency produced the largest mean absolute SHAP value, followed by OLStab, whereas
DLS and RL contributed much less to model output. This ordering is consistent with the
full-model regression and with the mechanism logic of the paper, but it remains a descrip-
tion of the simulator-generated data rather than independent evidence that the mecha-
nism holds in field settings.

These supplementary results are therefore interpretively supportive rather than con-
stitutive. They do not replace the theory-driven mediation analysis and should not be read
asindependent validation; they only show that the predictive profile of the simulated data
is aligned with the proposed process explanation.

4.2. Descriptive Latent-Structure Checks: PCA and Clustering

As a limited supplementary assessment, principal component analysis and clustering
were used to describe the internal structure of the episode-level dataset beyond the main
regression-based results. The PCA results show that the first principal component ex-
plained 64.4% of total variance, while the second explained an additional 20.0%, so that
the first two components jointly captured 84.5% of the overall variation. When the third
component was added, cumulative explained variance increased to 94.0%. These results
indicate that the simulated data have a compact internal structure, but they do not provide
external validation of the constructs or of the mediation mechanism.

Figure 7 illustrates the PCA scatter plot for the simulated episode-level dataset. The
plot displays the distribution of 500 simulation episodes across the first two principal
components, which summarize the primary variation among RL, OLStab, logistics effi-
ciency, DLS, and congestion. The observed clustering pattern suggests internal structure
in the simulated data, but it should be interpreted descriptively rather than as independ-
ent confirmation of the theoretical model. Under the K-means (k = 2) specification, the
silhouette coefficient was 0.375, indicating a moderate degree of separation between clus-
ters rather than a sharply polarized structure. In parallel, DBSCAN identified a noise pro-
portion of 0.01, showing that only a very small share of episodes behaved as isolated or
anomalous observations. Taken together, the PCA-cluster evidence is treated as a supple-
mentary description of the simulation output, not as a substitute for external validation
or real terminal evidence.
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Figure 7. PCA scatter plot of observations based on PC1 and PC2. Each point is colored according
to the normalized Congestion value, with darker colors indicating higher congestion and lighter

colors indicating lower congestion. Source: Authors’ own creation using Python 3.13 production.

4.3. Construct Clarification: Operational Learning Stability (OLStab)

Operational Learning Stability (OLStab) is conceptualized in this study as an epi-
sode-level stability index derived from observable controller behavior and performance
trajectories rather than as a latent perceptual construct. The purpose of this operationali-
zation is pragmatic: to capture the extent to which a learned policy remains consistent,
low-volatility, and operationally manageable under conditions of variability and disrup-
tion. Accordingly, OLStab should be interpreted as a simulation-grounded operational
metric developed for the present study, rather than as a universally established theoretical
construct.

This approach enables OLStab to be measured using routine runtime signals gener-
ated within the simulation environment, including action-change frequency, adjustment
magnitude, and variability in congestion-related cost. It also enhances transparency and
reproducibility by linking the construct directly to observable system behavior. At the
same time, the broader construct validity of OLStab should be interpreted cautiously, as
its generalizability beyond the present simulation setting remains to be established. Fu-
ture research should therefore validate the construct using real terminal operational logs,
alternative formulations of stability, and independent datasets from learning-enabled lo-
gistics environments.

Further clarification concerns the relationship between OLStab and logistics effi-
ciency. Although OLStab is operationalized as an adjustment-stability index and logistics
efficiency is operationalized as an execution-quality index, both are generated within the
same simulation environment and may therefore share part of the same underlying oper-
ational dynamics. For this reason, the distinction between OLStab and logistics efficiency
should be interpreted as an analytical and simulator-level separation, not as definitive
evidence of full discriminant validity between two independently validated field con-
structs. The high association between the two constructs may reflect the operational real-
ity that smoother adjustment and better execution quality are closely connected in freight-
terminal processes, but it may also partly reflect common simulator structure. Therefore,
OLStab is best understood as a cautious, simulation-derived stability indicator that re-
quires further validation through independent operational records, time-separated
measures, and alternative component definitions.
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5. Discussion

The findings are consistent with the interpretation that reinforcement learning is as-
sociated with congestion mitigation in the simulated inland freight terminal primarily
through an indirect operating pathway. RL improves OLStab, OLStab improves logistics
efficiency, and logistics efficiency reduces congestion; once both mediators are modeled,
the direct RL-to-congestion path is no longer significant. This is an informative simula-
tion-based result because it suggests that the value of RL in this setting may lie less in
immediate queue suppression and more in the development of a steadier and more man-
ageable operating pattern. However, the result remains internal to the designed simulator
and should not be interpreted as field-validated proof of full mediation. In addition, the
disappearance of the direct RL-to-congestion path should be interpreted cautiously be-
cause it may partly reflect shared variance, construct overlap, or variance absorption
among closely related simulator-derived indices rather than a fully independent causal
mediation process.

This process-based reading sharpens the interpretation of learning-enabled logistics
control within the modeled inland-terminal environment. Much of the transportation RL
literature emphasizes improved outcomes such as lower delay, better dispatch quality, or
reduced dwell time. The present study complements that literature by clarifying a possi-
ble simulator-level sequence through which such gains may emerge inside terminal oper-
ations. In the inland-terminal setting modeled here, RL appears to matter because it first
stabilizes internal adjustment and only then translates into stronger execution perfor-
mance. The paper therefore advances a mechanism-oriented simulation explanation ra-
ther than an outcome-only or field-general claim. At the same time, this explanation
should be understood as a theory-ordered statistical pathway among episode-level simu-
lator outputs, not as direct evidence that OLStab, logistics efficiency, and congestion occur
as temporally separated stages in real terminal operations.

The discussion also helps differentiate this study from superficially similar simula-
tion papers. Even when related studies share a broad interest in RL and congestion, the
present article is organized around a distinct inland-terminal application, a simulator cen-
tered on inland-node coordination frictions, and an empirical pattern in which the serial
pathway is dominant while the DLS moderation effect is not. These context-specific fea-
tures are central to the interpretation of the results and help position the paper as a com-
plementary application rather than a duplicate presentation. Nevertheless, because
OLStab and logistics efficiency are strongly related and generated within the same simu-
lation environment, the study does not claim that they are fully independent field-vali-
dated constructs. Their relationship should instead be interpreted as an analytically sepa-
rated but operationally adjacent simulator-level distinction between adjustment stability
and execution quality.

The DLS finding requires caution. The study expected DLS to weaken the RL-OLStab
relationship, but the interaction effect was not significant. In addition, the small positive
direct association between DLS and OLStab does not align with the original theoretical
expectation. This suggests that the DLS index may not purely represent harmful latency
exposure in the current simulator. Instead, it may also reflect operating contexts in which
latency-sensitive conditions are accompanied by buffering, standardized dispatch rou-
tines, or compensating control logic. For this reason, DLS should be interpreted as a weak,
simulator-specific contextual indicator rather than as a confirmed moderator. The positive
DLS coefficient should therefore not be interpreted as evidence that latency sensitivity
improves operational learning stability. Rather, it indicates that the current DLS opera-
tionalization may require further refinement before it can be used as a robust theoretical
boundary condition.
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The systems’ interpretation of the findings should also remain cautious. Although
congestion is described conceptually as an emergent outcome of interacting gate, yard,
buffer, and dispatch subsystems, the empirical analysis relies mainly on regression-based
mediation and moderation models. Therefore, the present study does not directly test
emergence through feedback loops, nonlinear adaptation, dynamic interactions, or sys-
tem-dynamics behavior. The systems’ contribution is consequently limited to a simula-
tion-informed mechanism interpretation of related operational indices, not a full dy-
namic-systems explanation of congestion emergence.

Taken together, the simulation-informed findings refine the theoretical role of RL
only within the modeled inland-terminal setting. RL should be viewed here as a potential
contributor to a simulator-level process sequence whose operational value depends on
whether it creates stable routines and better execution quality. Congestion reduction is
interpreted as the downstream consequence of that simulated sequence, not simply the
direct footprint of algorithm adoption and not a universal claim about all terminal envi-
ronments. Overall, the discussion supports a cautious interpretation: the model provides
a theory-ordered explanation that is internally consistent within the designed simulator,
but it requires external validation with real terminal data, time-separated operational
measures, and alternative simulator designs before stronger theoretical or practical claims
can be made.

6. Theoretical Contributions

This study offers four simulation-informed theoretical contributions, all bounded by
the designed inland-terminal simulator. First, it extends the RL-for-logistics literature by
shifting the analytical focus from performance comparison alone to mechanism explana-
tion. The paper shows that, within this simulation architecture, congestion mitigation can
be examined as a staged operating process rather than as a simple direct outcome of algo-
rithmic control. However, this contribution should be interpreted as a theory-ordered sim-
ulator-level explanation, not as externally validated evidence that the same mechanism
necessarily operates in real inland freight terminals.

Second, it advances operational learning stability (OLStab) as a simulation-grounded
intermediate metric in learning-enabled logistics analysis. By distinguishing OLStab from
logistics efficiency, the paper identifies a possible stability layer linking adaptive learning
to realized execution quality, while acknowledging that broader construct validity re-
quires external validation. At the same time, the contribution is limited by the operational
proximity between OLStab and logistics efficiency. Because both constructs are generated
within the same simulation environment and are strongly correlated, the study should
not be interpreted as proving full discriminant validity between adjustment stability and
execution quality. Rather, it proposes OLStab as an analytically useful simulator-derived
stability index that future research should validate using independent operational data,
time-separated measures, and alternative component definitions.

Third, it contributes to inland freight terminal research by showing that, in the mod-
eled environment, congestion is more usefully examined as the downstream result of in-
ternal process stability and execution quality than as an isolated bottleneck phenomenon.
The serial mediation structure therefore adds a context-specific explanatory model for the
inland-terminal simulation examined here. Nevertheless, this contribution should be un-
derstood cautiously because the serial pathway is estimated from same-episode simula-
tor-derived indices. The disappearance of the direct RL-to-congestion effect after includ-
ing OLStab and logistics efficiency may partly reflect shared variance, construct overlap,
or variance absorption among related simulator outputs. Therefore, the contribution lies
in proposing a theory-ordered statistical pathway for further testing, not in establishing
definitive causal mediation in real terminal operations.
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Fourth, the unsupported DLS moderation result contributes mainly by narrowing
rather than confirming the boundary-condition argument. It indicates that timing-related
contextual effects should be specified more narrowly and tested under stronger variation,
rather than assumed to operate uniformly across learning-enabled logistics environments.
Importantly, the small positive direct association between DLS and OLStab does not sup-
port the original expectation that latency sensitivity should weaken operational stability.
This result suggests that DLS, as operationalized in the present simulator, may partly cap-
ture buffering, standardized dispatch routines, or latency-management capacity rather
than harmful delay sensitivity alone. Therefore, the theoretical contribution of DLS is not
the confirmation of a robust moderator, but the identification of a measurement and con-
ceptual boundary that future studies should refine using direct measures of observation
delay, decision delay, execution lag, and feedback delay.

Overall, the theoretical contribution of this study is best understood as a cautious,
simulation-informed framework for examining how learning-enabled control, operational
stability, execution quality, and congestion pressure may be statistically related within a
designed inland-terminal environment. The study does not provide a full systems-theo-
retical explanation of congestion emergence through feedback loops, nonlinear adapta-
tion, or dynamic interaction effects. Future research should therefore extend this frame-
work using field data, digital-twin experiments, agent-based models, system-dynamics
models, or dynamic queueing approaches that can more directly evaluate emergent con-
gestion behavior in freight-terminal systems.

7. Practical Implications

From a practical perspective, the simulation-informed results suggest that invest-
ments in reinforcement learning or other adaptive decision technologies should be justi-
fied not only on the basis of technological sophistication, but on their ability to support
stable operational routines within a controlled decision environment. The findings sug-
gest cautiously that congestion reduction is unlikely to arise simply because a learning
algorithm is introduced. Benefits are more likely to emerge when adaptive systems reduce
oscillatory dispatching, smooth queue evolution, and improve execution consistency
across terminal processes. Managers may therefore evaluate learning systems according
to whether they create operational stability first, because stability appears to be the imme-
diate pathway through which downstream efficiency and congestion benefits are realized
in the simulated inland-terminal setting. However, this implication should be interpreted
as simulation-informed guidance rather than as field-validated managerial evidence from
an operating terminal.

A second simulation-informed implication is that operational policy should explic-
itly reinforce process consistency and coordination discipline. In practice, this means
strengthening the routine alignment of yard handling, gate scheduling, truck appoint-
ment adherence, dispatch coordination, and feedback-based replanning. It also means de-
signing monitoring systems that detect instability early, such as abrupt workload shifts,
repeated rescheduling cycles, or queue volatility across terminal subsystems. Where
learning-based systems are deployed, managers may need to ensure that the surrounding
operational architecture supports consistent execution, because unstable routines can di-
lute the performance gains of otherwise capable technologies. At the same time, because
OLStab and logistics efficiency are closely related simulator-derived indices in this study,
these managerial implications should not be interpreted as proving that adjustment sta-
bility and execution quality are fully separable field-level capabilities. Rather, they sug-
gest that terminal managers should jointly monitor stability-related signals and execution-
quality indicators when evaluating learning-enabled decision systems.
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Third, the results suggest, within the limits of the simulation design, that managers
should prioritize efficiency-building mechanisms rather than relying on technological
adoption alone. Logistics efficiency emerged as the strongest direct driver of lower con-
gestion, while the full-model results also showed that operational learning stability and
logistics efficiency remained significant when reinforcement learning itself no longer had
a distinct direct effect. This suggests that managerial emphasis should be placed on
throughput reliability, turnaround performance, coordination quality, and resource utili-
zation. Technology should therefore be treated as an enabler of these mechanisms, not as
a substitute for them. A practical strategy is to sequence implementation efforts so that
digital or learning-based tools are embedded within broader programs of process rede-
sign, coordination discipline, and execution-quality improvement. Nevertheless, because
the results are derived from one designed simulation environment, this recommendation
should be viewed as a cautious implementation logic rather than a direct operational pre-
scription.

Finally, decision latency sensitivity should still be monitored, but managers should
avoid assuming that it will always operate as a decisive moderator. In the present study,
the interaction effect was not significant, which implies that latency-related vulnerabilities
may be contingent on the specific operating environment, the range of timing disruptions,
and the degree of process standardization. For practitioners, this means latency indicators
remain useful as risk-monitoring variables, especially in environments exposed to traffic
uncertainty, weather-related arrival deviations, or delayed decision execution. However,
managerial attention should remain centered on the more robust leverage points identi-
fied here: stabilizing operations and improving logistics efficiency. Importantly, the small
positive direct association between DLS and OLStab in the simulation should not be in-
terpreted as evidence that latency sensitivity improves operational stability. A more cau-
tious interpretation is that the DLS index may partly reflect buffering, standardized dis-
patch routines, or latency-management capacity under certain simulated conditions.
Therefore, future managerial application should distinguish harmful delay exposure from
organizational or technological capacity to absorb delay before using DLS as a decision-
support indicator.

8. Limitations and Future Research

This study has several limitations that should be acknowledged. First, the empirical
dataset was generated from 500 simulation episodes rather than collected from real inland
freight terminal operations. The results therefore provide simulation-informed evidence
about a designed mechanism, not direct field proof from a named terminal or a universal
estimate of reinforcement learning effects across all logistics nodes. Accordingly, the find-
ings should be interpreted as evidence from a controlled simulation environment rather
than as externally validated operational evidence. Future studies should strengthen exter-
nal validity by using terminal operating logs, field experiments, digital-twin testbeds, or
independently developed simulation benchmarks.

Second, operational learning stability (OLStab) is introduced as a simulation-
grounded, formative, episode-level stability index. Although the paper clarifies its dis-
tinction from logistics efficiency and explains the operational logic behind its component
construction, its broader construct validity remains open to further testing. Future re-
search should examine OLStab using real terminal logs, alternative stability measures,
independently validated datasets, and sensitivity checks based on different weighting and
normalization schemes. The high correlation between OLStab and logistics efficiency also
indicates that future studies should continue to examine discriminant validity, construct
redundancy, and the extent to which adjustment stability and execution quality can be
separated empirically in operational logistics systems. The high correlation between
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OLStab and logistics efficiency remains an important limitation. Although the study sep-
arates OLStab as adjustment stability and logistics efficiency as execution quality, both
variables are derived from the same simulator and may partially reflect overlapping op-
erational dynamics. Therefore, the present analysis should not be interpreted as definitive
evidence that OLStab and logistics efficiency are fully independent field-validated con-
structs. Rather, the study provides a theory-ordered analytical separation between two
closely related simulator-derived indices. Future research should test discriminant valid-
ity using alternative component definitions, independent terminal datasets, time-sepa-
rated operational measures, and robustness checks that reduce possible redundancy be-
tween stability and execution-quality indicators.

Third, all focal variables are generated within the same simulator and exported at the
same episode-level aggregation stage. This creates a risk that part of the observed serial
pathway reflects simulator structure, construct proximity, or model specification rather
than fully independent empirical emergence. Therefore, the serial mediation results
should be interpreted as a theory-ordered statistical pathway among simulator-derived
indices, not as definitive evidence of temporally separated causal development in real ter-
minal operations. Similarly, the non-significant direct RL-to-congestion path after includ-
ing OLStab and logistics efficiency should not be described as definitive full mediation. It
may also reflect shared variance, multicollinearity, or variance absorption among closely
related simulator-derived constructs. A further limitation concerns residual tautology and
operational interdependence among the simulator-derived constructs. Although the
study separates RL strength, OLStab, logistics efficiency, DLS, and congestion by using
different component signals and model roles, these variables are still generated from the
same simulated operating system. Congestion is operationally related to queueing, block-
ing, dwell accumulation, coordination, and resource pressure, which are also indirectly
connected to the stability and efficiency indicators. Therefore, the analysis reduces circu-
larity concerns but cannot fully eliminate them. Future studies should test the proposed
mechanism using independent field measures, time-separated operational records, alter-
native congestion definitions, and external validation datasets.

Fourth, the operationalization of RL strength remains a limitation that should be ad-
dressed in future research. In this study, RL strength is treated as an algorithm-internal
learning-control index rather than as a direct congestion, logistics-efficiency, or terminal-
performance outcome. Although the manuscript defines RL strength through learning-
update intensity, value-improvement behavior, and policy-convergence quality, these
components are still produced within the same simulation architecture. Therefore, the RL
strength construct should be interpreted as a simulator-specific control index rather than
as a universally validated measure of reinforcement learning capability. Future research
should improve reproducibility by reporting more detailed algorithm logs, value-function
update traces, convergence diagnostics, reward trajectories, policy-stability indicators,
and sensitivity tests across alternative RL algorithms. Such work would help determine
whether the observed RL-related effects remain stable when RL strength is operational-
ized through different learning metrics or independently observed algorithmic outputs.

Fifth, the role of decision latency sensitivity (DLS) requires cautious interpretation.
The theoretical expectation was that greater decision latency sensitivity would weaken
operational stability, but the simulated results show only a small positive direct associa-
tion with OLStab and no significant RL x DLS interaction. This means that DLS does not
function as a robust moderator in the present model. More importantly, the positive direct
association between DLS and OLStab does not align with the expected negative theoreti-
cal logic of latency sensitivity. This result should not be interpreted as evidence that la-
tency sensitivity improves operational stability. One possible explanation is that the sim-
ulated representation of latency-sensitive operating conditions may also capture more
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conservative decision adjustment, buffering, standardized dispatch routines, or latency-
management capacity under certain scenarios. Future studies should therefore test DLS
using alternative latency specifications, stronger latency shocks, delayed-information
structures, asynchronous decision timing, direct measures of observation delay, decision
delay, execution lag, feedback delay, and field-based operational data.

Sixth, the World Bank Logistics Performance Index indicators were used only as con-
textual calibration benchmarks for plausible simulation settings. The low, medium, and
high thresholds used in the simulation should be understood as rule-based scenario an-
chors rather than empirically validated terminal-level calibration parameters. Future re-
search should improve calibration by using real terminal throughput records, arrival dis-
tributions, dwell-time data, yard utilization, truck appointment logs, dispatch delays, and
congestion-cost observations. The World Bank Logistics Performance Index indicators
were used only as contextual calibration benchmarks for plausible simulation settings.
The low, medium, and high thresholds used in the simulation should be understood as
heuristic, rule-based scenario anchors rather than empirically validated terminal-level cal-
ibration parameters. These thresholds were not derived from observed terminal operating
logs, and therefore they support contextual plausibility rather than external validation. In
addition, macro-logistics indicators have limited direct correspondence with terminal-
level operational behavior such as queue evolution, dispatch timing, congestion formation,
equipment utilization, yard blocking, and truck turnaround. Future research should im-
prove calibration by using real terminal throughput records, arrival distributions, dwell-
time data, yard utilization, truck appointment logs, dispatch delays, and congestion-cost
observations.

Seventh, although the manuscript discusses congestion as an emergent systems phe-
nomenon arising from interacting terminal subsystems, the analytical strategy remains
primarily regression-based and mediation-oriented. The present study does not directly
model emergence through feedback loops, nonlinear adaptation, dynamic interaction ef-
fects, or system-dynamics simulation. Therefore, the systems-theoretical contribution
should be interpreted cautiously as a simulation-informed mechanism analysis rather
than as a full dynamic-systems explanation of congestion emergence. Future studies
should extend the present framework by incorporating feedback-loop analysis, nonlinear
simulation, agent-based modeling, system-dynamics modeling, dynamic queueing mod-
els, or digital-twin experiments that can more directly capture emergent congestion be-
havior across gate, yard, buffer, and dispatch subsystems.

Finally, the study’s conclusions should be interpreted in line with its methodological
boundaries. The findings suggest a theory-ordered simulator-level pathway in which RL-
related variation is associated with OLStab, logistics efficiency, and congestion, but they
do not establish universal causal evidence for real inland freight terminals. The contribu-
tion is therefore best understood as a cautious simulation-informed explanation of a de-
signed inland-terminal scenario, not as direct operational validation of reinforcement
learning-based congestion mitigation.

Finally, the World Bank Logistics Performance Index indicators were used only as
contextual calibration benchmarks for plausible simulation settings. The low, medium,
and high thresholds used in the simulation should be understood as heuristic, rule-based
scenario anchors rather than empirically validated terminal-level calibration parameters.
These thresholds were not derived from observed terminal operating logs, and therefore
they support contextual plausibility rather than external validation. In addition, macro-
logistics indicators have limited direct correspondence with terminal-level operational be-
havior such as queue evolution, dispatch timing, congestion formation, equipment utili-
zation, yard blocking, and truck turnaround. Future research should improve calibration
by using real terminal throughput records, arrival distributions, dwell-time data, yard

https://doi.org/10.3390/systems14070743



Systems 2026, 14, 743

30 of 32

References

utilization, truck appointment logs, dispatch delays, and congestion-cost observations.
Future work should also compare alternative simulator designs, use shared benchmark
datasets where available, vary reward and congestion-cost formulations, and examine
whether the RL-OLStab-logistics efficiency—congestion pathway remains stable across
different inland, dry-port, seaport, and multimodal terminal contexts.

9. Conclusions

This study examined how reinforcement learning relates to congestion mitigation in
inland freight terminal operations by testing a serial mechanism in which RL strengthens
operational learning stability, OLStab improves logistics efficiency, and logistics efficiency
reduces congestion, while DLS was examined as a secondary contextual factor. The sim-
ulation-based results support a clear pattern within the designed simulator: RL is posi-
tively associated with OLStab, OLStab is positively associated with logistics efficiency,
logistics efficiency is negatively associated with congestion, and the serial indirect path-
way is significant, whereas the direct RL effect becomes non-significant once the media-
tors are included. The moderation effect of DLS is not supported. Overall, the study sug-
gests that, within this designed inland-terminal simulation, congestion mitigation can be
understood as a process of sequential stability and execution development rather than as
a strong stand-alone direct effect of RL. These conclusions remain simulation-informed
and should be tested against alternative simulator designs and real-world operational
data before broader field-level claims are made. Future research should test richer timing-
related moderators, extend the framework to other inland and multimodal nodes, and
examine whether the proposed pathway remains stable across independently validated
data sources.
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