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Abstract

Agent-Based Transport Models (ABTMs) are powerful tools for simulating complex transport systems, yet they often lack formal
specifications, limiting their transparency, reproducibility, and automation. While behavioral (sub-) models such as discrete choice
models have a formal foundation, their integration into broader simulation systems is usually informally documented or solely
defined in source code, making it difficult to replicate findings, reuse components, or enforce best practices. To address this, this
paper conducts a comprehensive analysis of various aspects observed within existing different ABTM frameworks, highlighting
the variation of their purposes, resolution, agent types, and modeling methods. Building on this analysis, we propose a metamodel
tailored for ABTM specification, defining common concepts in an abstract syntax for defining agent attributes, behaviors, and
interactions. Our proposed metamodel emphasizes a method-agnostic design, enabling integration and reuse of already existing
behavioral models. This paves the way for automatic model validation, code generation, and sensitivity analysis. Additionally, we
outline a conceptual mapping to Discrete Event System Specification (DEVS) to formalize the dynamic semantics, along with a
graphical syntax for intuitive model creation by transport engineers.
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1. Introduction

Agent-based modeling (ABM) is a powerful tool for evaluating the effects of planned infrastructure developments
and transport policy measures. In the past decades, this paradigm has gained and retained attention in transport mod-
eling research. It allows to simulate complex, heterogeneous systems with individual agents and their interactions.

Certain aspects of transport modeling already provide well-established formalizations. For example, discrete choice
models are based on a stochastic framework, and car-following behavior can be defined through mathematical equa-
tions. The composition of such behavioral (sub-)models is rarely, if ever, formally specified. Instead, these integrated
agent-based transport models (ABTM) are often described informally using natural language in scientific publications
or handbooks. In some cases, their definition is only implicitly encoded in the source code of the simulation itself.
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This lack of formalization introduces significant challenges. Without a clear, transparent specification, it becomes
difficult to identify existing models with desired properties, replicate research findings, or reuse models effectively.

To address these issues, this paper proposes a formal specification language for ABM-based transport models (Sec.
3) by employing concepts from Model-Driven Engineering (MDE) (Sec. 2.1), based on a literature review (Sec. 2.2).
Such a language enables new forms of automation, including verifying model properties, enforcing best practices
rules, generating and executable code, and identifying interactions among agents to leverage parallel processing.
Existing standards like GMNS (General Modeling Network Specification) [7] can be integrated as ’best practice
rules’ to check that the domain-specification complies with the standard, as well as serialization format for the related
aspects of model instances.

Importantly, the specification language must integrate existing (formalized) behavioral (sub-)models. By being
’method-agnostic’, it remains independent of the specific methods used to model agent behavior, but focuses on
specifying their integration. These behavioral (sub-) models will be considered purely functional models, producing
a deterministic output for a given input (including sources of randomness). Existing standards like PMML (Predictive
Model Markup Language) [18] can be integrated by incorporating the specified model parameters.

This approach has the potential to increase transparency and therefore trust in ABTM while lowering the techno-
logical barriers for transport engineers and scientists (domain experts). Using a domain-specific language (DSL), they
can define and engineer models without delving into the underlying complexities of model transformation or code
generation, tasks which could instead be managed by technology experts developing DSLs and simulation software.

The term *model” can have various meanings. In this paper, we specifically use 'model’ to refer to ABTMs, which
integrate multiple behavioral models to simulate the spatiotemporal evolution of agents within a transport system.
We distinguish "behavioral models’ capturing individual choices. They map a given choice situation (including agent
data) to a selected choice or value (e.g. a destination, mode of transport, or route). Finally, the terms metamodel and
DSL refer to the modeling language proposed in this paper.

2. Related Work and Foundations

There are several popular transport modeling frameworks, some of which touch on topics related to this paper’s
focus, while most do not fully integrate the principles of Model-Driven Engineering. Bastarianto et al. [5] provide an
overview of current ABTM frameworks, based on a literature review spanning the last two decades.

MATSim [22] supports large-scale agent-based transport simulations. It iteratively scores and mutates the daily
travel plans of agents (selected modes and routes). During each iteration, a physical simulation module called *mob-
sim’ is executed, employing a queue-based mesoscopic traffic flow model. MATSim provides nine extension points
through the software design pattern of dependency injection [54]. Extensions are implemented in the Java program-
ming language, and the MATSim handbook describes the XML format for input data. Similarly the other listed frame-
works: NetLogo [52], SimMobility [1], TAPAS [21], FEATHERS [6] and mobiTopp [30], require engineers to write
source code in the respective programming languages and familiarity with the underlying code base to integrate cus-
tom behavioral models.

The mobiTopp framework already makes use of domain-specific languages (DSLs) in one aspect: It provides a
DSL for specifying discrete choice models (nested logit models) and their utility functions [27], eliminating the need
to write custom Java code, as it is automatically generated. Executable Java code is automatically generated from these
DSL specifications. This approach makes the choice models more readable and eliminates the Java-specific boilerplate
code.

AnyLogic [17], a multimethod modeling environment, provides a graphical model editor. Users can specify agent
properties in a tree-like view and processes using flowchart diagrams. However, as proprietary software, AnyLogic’s
provided libraries (e.g., road traffic) have public API documentation but lack transparency regarding their internal
workings. Users can extend the simulations with custom logic written in Java.

Metamodeling has previously been explored in the related domain of Agent-Oriented Software Engineering
(AOSE) and multi-agent system (MAS) specification (e.g. SARL [39], ASPECS [12]), where agents are treated as
software units. This contrasts with the domain of agent-based simulation (ABS), where agents represent entities in
a simulated environment rather than software components. Beydoun et al. [8] provide an extensive overview of ten
metamodeling approaches developed for AOSE and MAS specification. To unify these diverse methodologies, they
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propose a “methodology-independent’ modeling language called FAML that encapsulates shared concepts. However,
these AOSE metamodels have limitations when applied to ABTM simulations. First, their terminology and abstraction
levels are designed for software and system engineers, not for transport engineers. Second, most of these metamodels
are built around the cognitive frameworks like BDI (Belief-Desire-Intention) [37]. Recently, Viana et al. [5S0] extended
a cognitive framework metamodels to model adaptive normative agents. FAML supports but does not mandate the use
of such cognitive frameworks. However, FAML and the other listed metamodels showcase a goal- and task-oriented
perspective that makes them ill-suited for transport modeling. In transport simulations, the agents’ are deigned to
reflect the decision-making processes and interactions observed in the real world, often through stochastic models.
The global purpose of the simulation is to estimate a future state of a transport system by evaluating scenarios (e.g.,
infrastructure changes, policy adaptations, or cost evolution). This distinguishes them from software agents (or agent
compositions) in terms of AOSE, which model software systems that provide a service - i.e. reacting to client input
and providing some output. Another key difference lies in the treatment of the environment. AOSE metamodels typi-
cally include concepts to model the environment in which (software) agents are situated and with which they interact
(e.g. to model sensors, actuators, or remote data sources). In transport simulations, however, the environment itself is
simulated as it is a part of the modeled transport domain. Therefore, it can be modeled as a (potentially static) agent
(or set of agents) itself. Lastly, the AOSE metamodels listed by Beydoun et al. [8] often use generalized ontology
objects, without specifying how agent attributes are modeled. In the case of AOSE, the domain representation can
potentially be implemented manually by users. This, however, is not desired for ABTM specification, as the goal is to
remove the need for writing custom source code.

Apart from AOSE, Zhang et al. [53] have combined an agent metamodel for multi-agent simulation with the DEVS
(discrete event system specification) framework. However, their approach focused on mapping the cognitive frame-
work PRS onto DEVS concepts and is therefore *'method-dependent’. Transport simulations often rely on statistical
regression models such as discrete choice models, making their approach non-applicable. This further underscores the
need for metamodeling approaches tailored to the unique requirements of agent-based transport simulations.

Furthermore, the co-simulation framework MECSYCO (Multi-Environment Co-Simulation and Modeling Frame-
work) [43, 10], allows to integrate multiple simulation models across various domains. The interaction of different
models, or ”simulators”, can be defined by specifying data exchange interfaces and coupling artifacts (supporting the
FMU standard). The framework’s metamodel is mapped to the DEVS formalism for consistency and synchronization
across the co-simulation. However, agents in the MECSYCO metamodel represent entire simulators rather than indi-
vidual entities. The abstraction through artifacts obscures the domain models as well as the side effects (updates of
state variables) inside these black-box simulators.

2.1. Model-Driven Engineering

Model-Driven Development (MDD) is a paradigm aiming to reduce accidental complexity (opposed to essen-
tial complexity inherent within the application domain) in system development by using models as central artifacts
throughout the engineering life-cycle [2]. Historically, software models were often limited to design documentation or
high-level system descriptions, not used in essential phases such as testing, deployment, or runtime adaptation. Hence,
in conventional software engineering, models are second-class entities, disconnected from the software artifacts they
represented. MDD raises models to become first-class objects in software development. Models are considered as
an integral artifacts in the engineering process enabling automation like code generation. Furthermore, MDD defines
formal, machine-readable formats with well-defined semantics, making models interoperable and reusable [2].

Model-Driven Engineering (MDE), employs this MDD paradigm: technology experts develop domain-specific
languages (DSL) (e.g. a language to specify ABM), that allows domain-experts (e.g. transport engineers) to specify
their system at an abstract level without knowledge of programming languages or software architecture. MDE applies
model transformations and code generation (algorithms defined by the technology expert, i.e. DSL software developer)
to create executable code or perform analyses of the specified models [42].

The general model theory by Stachowiak [44] defines the term *'model’ through three features: A model represents
something called the ’original’ (representation), it captures only certain attributes of the original (reduction), and it
serves a specific purpose (pragmatic).

To develop a formal DSL for a certain domain, a metamodel can be developed, which defines the abstract elements,
structure and semantics of the models defined by the domain experts. This defines the bounds in which to create
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models of their system [3, 45]. A metamodel consists of four aspects: The abstract syntax describes the potential
structure of models. It defines the constructs of a DSL and the relationships between those constructs. The concrete
syntax determines how these constructs are visually or textually represented (e.g. JSON format, or graphical diagrams)
[26]. Context conditions describe additional modeling rules (constraints) that cannot be expressed by the abstract
syntax [19] (e.g. OCL [51]). The dynamic semantics of a metamodel defines the meaning of its constructs and their
relationships. These semantics are often defined informally in natural language text. Alternatively the metamodel can
be mapped to a language with defined semantics (e.g. Petri-networks, or programming languages)[14].
To formalize the creation of metamodels, a (self-describing)
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structure of the metamodel.

multiple aspects). For private passengers, this includes the choice

of: a place of work or education, ownership of mobility tools, ac-

tivities and their scheduling, or destination, mode of transportation and route for each trip. Freight demand models
model a different set of decisions, including: establishment location, fleet size, contracts with carriers, the demand for
and production of goods, and tour planning. Meanwhile, traffic flow models generally distinguish vehicle classes such
as passenger cars or heavy vehicles, thus abstracting the trip purposes inherent within these four classes. Furthermore,
the different modeled aspects of transportation are sometimes distinguished into three levels: strategic, tactical, or
operational. Moreover, through its pragmatic feature, each transport model has a certain purpose or certain operations
for which it is built. Models are usually built to assess current or planned transport infrastructure or to forecast a
future state of the transport system, after implementing certain measures (like building infrastructure or employing
transport policies). A model’s purpose defines which aspects it should reflect and which of those must be sensitive to
the implemented measures/policies.

ABTM also vary in their spatial and temporal scope, depending on the focus and objectives of the simulation. The
spatial scope can range from analyzing single intersections or highway sections (e.g. traffic flow models), to entire
cities, metropolitan areas, or countries (e.g. travel demand or land-use models) [24]. The categorization of time scales
in transport models varies across studies and depends on both the use case and the modeled aspects of transportation.
The often used terms of short-term, mid-term, and long-term models are ambiguous: Huang et al. [24] define short-
term models as within-day microscopic agent behavior (e.g., lane-changing and collision avoidance); mid-term as day-
to-day decisions like scheduling, route- and mode choice; and long-term as decisions spanning months to years (land
use or property development). Lu et al. [29] use a similar definition for the different time scales within the SimMobility
framework. In contrast, mobiTopp uses a week-long perspective, defining long-term as invariant decisions over the
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simulated week, while short-term covers within-day decisions [30, 20]. Other studies define “long-term” as up to
multiple decades [47, 36, 9], while studies in flow prediction define it as above 15-30 minutes [49] or 1 hour [28].

The next dimension of variety is the type(s) of simulated agents. Huang et al. [24] discuss eight properties for
ABTM based on DeLaurentis’ [13] definition for aeronautics: autonomous, interface, mobile, adaptive, reactive,
utility-based, goal-based and information-gathering agents. We will exclude the ’autonomous’/ interface’ agent di-
mension, as we assume fully autonomous models, that require no additional user input at runtime other than the
provided input data. This leaves us with the mobility dimension (mobile vs. immobile agents) and the paradigm of de-
cision making: either utility-based or goal-based. Furthermore, reactive behavior describes non-learning agents (with
limited or no memory and a fixed solution path) while adaptive agents change their behavior based on past experiences
(and hence require memory) (cf. [24]). Finally, we identify the ’information-gathering’ property as a prerequisite for
an agent to be adaptive. Specifying these properties of an agent simplifies defining behavioral rules in later steps.

Another aspect by which transport models are commonly classified is their resolution. Typically, micro-, meso-
and macroscopic models are distinguished: microscopic refers to models with individual entities and their interac-
tions; mesoscopic models aggregate individuals with (some) shared attributes (like current road link or destination);
macroscopic models aggregate (large portions of) the population through a few key figures [5, 16]. However, for
integrated ABTM that model multiple decisions, this classification can be ambiguous: for example, the MATSim
framework models individual person agents with their own attributes and plans [23], hence its travel demand compo-
nent is microscopic. However, MATSim is also mesoscopic in that it provides a queue-based model of traffic flow [22].
Also, the agent-based travel demand modeling framework mobiTopp [30] simulates individual schedules of micro-
scopic agents (incl. destination and mode choice), however, excludes rout choice resulting in aggregated macroscopic
origin-destination matrices. Handling (millions of) agents on a microscopic level (especially for large-scale scenarios/
survey areas) results in high computational effort in both computation power and memory [24, 5]. Therefore, Manley
et al. [31] developed a hybrid approach to balance the trade-off between realistic behavior and computational effort.
Also, Mathieu et al. [32] argue that multi-agent systems should incorporate a ”ZOOM” pattern, to dynamically switch
between a micro- and macroscopic perspective where possible.

Lastly, transport models can vary in their applied method(s) to model certain behavioral aspects. A common method
is random utility maximization, where agents aim to optimize outcomes such as minimizing travel time or costs [33].
while Mehdizadeh et al. [33] also list random regret minimization [11] as a relevant non-utilitarian discrete choice
model alternative. Moreover, cognitive frameworks like the Belief-Desire-Intention [37] paradigm or PECS (Physis,
Emotion, Cognition, Social Status) [41] can be applied. Mehdizadeh et al. [33] recommend using theory-driven models
over heuristic models as their established behavioral frameworks provide more straightforward causal links.

3. Proposed Metamodel

Our proposed metamodel is structured into three core components: the static description of agents and their proper-
ties (data model), the description of dynamic agent behavior and interactions (process model), and the specification of
behavioral model interfaces (extension points). First, we will define its core concepts and constraints (abstract syntax
and context conditions), based on the reviewed literature of Section 2. Later, we propose first ideas for a graphical,
diagram-based syntax as well as a sketch for mapping the dynamic part of the metamodel to the DEVS formalism to
define its semantics. We choose the mapping to DEVS as this has been found effective for transport models in previous
research [15], however, a mapping to other standards like SARL [39] are conceivable and equally effective.

The root element AgentBasedTransportModel of our metamodel holds the following agent definitions and some
metadata properties like a name, coordinate system, and spatial bounds of the modeled area. As discussed in Section
2.2, conventional terms used for time-scale and resolution classification can be ambiguous for integrated ABTM.
Therefore, we do not specify them for the entire ABTM globally, but instead specify them per sub-model.

The root concept of our metamodel is *AgentBasedTransportModel’ which contains the following model elements
and holds some additional metadata. Each model has a name, coordinate system, and spatial bounds of the modeled
area. Some metadata attributes, like spatial bounds, could even be determined automatically (e.g., by computing the
convex hull of the other elements). As discussed in Section ??, the terms such as short-, mid-, and long-term models
are ambiguous. Instead, users should define the (ABTM-wide) simulation period (interval) and the expected time scale
for each behavioral model. With this, we can derive the expected temporal resolution of certain decisions. Similarly,
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Fig. 2: Metamodel to specify the static agent data model.
UML-Labels: (A)bstract, (C)lass, (E)numeration. Fig. 3: Metamodel to specify (behavioral) sub-models

the conventional classification of models as micro-, meso-, or macroscopic is avoided at the ABTM level; instead, the
agent-resolution may also be specified individually for each behavioral model.

The static agent data model (Fig. 2) describes types of Agents and their Properties. Each type of Agent is given
a name and categorized as either mobile or stationary. Every Agent has a spatial embedding (Location, e.g. point,
polyline, or polygon). For mobile agents, this embedding is variable during simulation, while for stationary agents, it
remains immutable. Furthermore, Agents possess a set of Properties, each defined by a name and type. Basic types
include Text, Logical, Integer and Decimal. A property can also Reference other Agents (so they are themselves
Types), either as a single property (e.g., a person’s household) or as a set Reference (e.g., all members of a household).
References also have a reverse name to model how the referenced Agent calls the referencing Agent. Cardinality
constraints express whether properties are optional or can hold lists of values. Advanced data structures, such as
Schedule, Route, or Network, may also be included in the future as additional, frequently used Types. Properties are
classified as either static (immutable) or state variables that evolve during the simulation. State variables capture an
agent’s internal state or memory and can be used to model adaptive behavior, stability variables in utility functions, or
cognitive frameworks such as BDI (Sec. 2.2).
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Fig. 4: Metamodel of agent dynamics and interactions

To achieve a method-agnostic metamodel of ABTM, our approach decouples the specification of behavioral mod-
els (here called Sub-Models to also include other types of isolated model procedures) from the integrated ABTM
specification (Fig. 3). Sub-Models represent pure functions that map a (choice) situation (input parameters such as:
agent attributes, current state and location) to an outcome (result type such as: destination, mode, or route). This
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approach encourages to reuse existing (behavioral) models which often already have a high degree of formaliza-
tion. Sub-Models can have multiple implementations, enabling contributions from both technology experts (e.g., route
search algorithms) and domain experts (e.g., discrete choice models). Sub-Models may also include Labels (a Reso-
lution, Time Scale or custom text) so users can convey their intended application, such as ’utility-based’, *goal-based’
or ’information-gathering’ as discussed in Section 2.2. In the literature these classifications are attributed to Agents,
however, as Agent behavior can be described through multiple Sub-Models, we apply these Labels per Sub-Model.

The dynamic model (Fig. 4) integrates the Agent data model and behavioral Sub-Models to describe the evolution
of Agent States and interactions. Agent behavior can depend on its current situation like *at home’, ’in transit’ or
“overtaking process’. To explicitly show the differences in behavior, States and Transitions can be modeled. States
have a Transition to either the next State or Decision node. Decision nodes can have multiple (ordered) Constrained
Transitions additional to a default transition. Exactly one State must be marked as initial. At the entry of a State,
(behavioral) Sub-Models can be applied to update the Agent’s state variables. These Updates are explicitly defined,
to transparently state the ’side-effects’. Here, the Type of the assigned Property must match that of the computed Sub-
Model. State Transitions can be instant or triggered by elapsed time (Time Trigger), or external messages (Message
Trigger). The time for state Transitions is either a static Duration or modeled dynamically by applying a Time-Model
with a result type of Time. Durations can be ’infinite’ to model passive states that transition only in response to external
messages. Messages provide a mechanism for Agent interactions in situations where state progression of one Agent
depends on another. When entering a State, Agents can send Messages to other referenced Agents. For example, a
vehicle agent may notify a person agent with an ’arrived’ message, enabling the person to begin their next activity.

The dynamic semantics of the proposed metamodel can be defined as a mapping to the Discrete Event System
Specification (DEVS) formalism. The following sketch shows the feasibility of such a mapping. A complete mapping
is part of our future work. The static aspects of the metamodel, i.e. the agent data model and the behavioral model
interface descriptions we can adopt semantics similar to UML or Ecore class diagrams. One crucial aspect, however, is
the visibility and mutability of agent state variables: we assume only the agent itself can modify its variable properties.
This encapsulation ensures that state changes are explicit and controlled within the agent’s behavior.

The dynamic aspects of the metamodel, specifying the agent behavior and interactions, require a more specific
mapping to DEVS. Previous research, such as the work of Dubiel and Tsimhoni [15], showed that combining agent-
based modeling (ABM) with DEVS enhances the capabilities of both approaches. Moreover, such a mapping also
enables the generation of executable simulation code, as there are numerous existing DEVS-based simulation engines.

A DEVS model is formally defined as M = (X, Y, S, Ocxt> Oint, A, ta) where:

e §: Set of system states; X: Set of input events; Y: Set of output events.

® Opy - S XX X Rg — §: External transition function: determines next state based on current state, input, and
elapsed time since the last state transition.

Oins - S — S: Internal transition function: determines next state when no external event occurs.

A: S — Y: Output function: generates the output events just before an internal transition.

e ta:S — ]Rg U {oo}: Time advance function: determines the duration a model remains in a given state.

Each agent A defined in the proposed metamodel can be represented by a corresponding DEVS model My. A’s
states directly map to the My’s state set S. Input events X in M, correspond to the messages A expects during its
message-triggered transitions, while the output events Y represent the messages sent by A. The DEVS output function
A (executed before internal transition) can be defined to execute the update actions and return the sent messages of the
current transition’s next state.

A’s state transitions ¢ := s — s’ translate to M4’s transition functions. Instant transition have a time advance of 0.
For time-triggered transitions fa determines the duration A remains in state s by evaluating the associated time model.
For message-triggered transitions, ta returns infinity, making s a passive state in the DEVS framework. The external
transition function d,,, handles state changes based on incoming messages. If a message x aligns with transition #’s
trigger, the external transition function returns the next state s’. Otherwise, the agent remains in its current state s.
When M, receives a message not expected during transition ¢, a special 'REJECT’ response can be sent back. A
decision node d with multiple constrained transitions is mapped to a state s; with ta = 0, hence the conditions are
evaluated as soon as s; is entered. 6;,,(ss) evaluates the conditions in the specified order, selecting the first valid
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transition or the default transition if none match. This also supports probabilistic state transitions: by incorporating

random variables into transition conditions.
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Figures 5,6 and 7 show a draft how an exemplary ABTM could be defined using a graphical, diagram based syntax.
The example shows person and car agents assigned to households. Each person agent executes activities (here one
hour) before planning a trip, i.e. selecting a destination, checking car availability and selecting a mode. The duration
is determined by the current location, selected destination and mode. In case the mode "CAR’ is selected, the available
car is notified about the trip start (and end). A ’fail-safe’ mechanism handles unexpected "REJECT’ messages of the
car. To define the static agents data model, we propose to use a simplified version of UML or ECore class diagram
syntax (Fig. 5), and an extended UML state diagram syntax for the dynamic model (Fig. 7).

Person location = dest Car RIDE |
send ,STOP* ! o v
to availCar -» dest = DestinationChoice

x TravelTime (p, location)
(location, dest, mode) » availCar = AvailableCar
(p.household)
- - -# mode = ModeChoice Py
location =

car
unavail
able

send .RIDE AvailCar= @
to availCar CAR

mode == »

location, dest, availCar
®, » dest, ava ) driver.location 1 »STOP*

Fig. 7: Example dynamic models of Person and Car. Notation: circle = state (initial: double circle); diamond = decision node; solid arrows =
transition; hourglass = duration/time trigger; inbound dashed arrow = message trigger; outbound dashed arrow = update/send message.

4. Conclusion

In this paper, we first analyzed various aspects of agent-based transport models (ABTMs) as described in the
literature. Building on this analysis, we proposed a metamodel for specifying ABTMs. This metamodel includes
an abstract syntax for modeling agents and their attributes, as well as their dynamic behavior and interactions. A
key feature of our approach is its method-agnostic design concerning (behavioral) sub-models (individual decisions
without updating the agent’s state). This approach enables the reuse of previously developed models, such as discrete
choice models or routing algorithms. To support this, the metamodel allows to define interfaces for these sub-models.
To define the dynamic semantics of a specified ABTM, we provided a conceptual mapping to the DEVS formalism.
This mapping not only establishes a formal definition of semantics but also a transformation into executable simulation
code. Future research could explore additional mappings to integrate existing frameworks like MATSim, enabling
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reuse of their mobsim component. Finally, we proposed an initial draft of a graphical, diagram-based concrete syntax
that transport engineers can use to create ABTMs.

With the developed domain specific language for ABTM specification, we take a step towards more transparent
and formalized (integrated) ABTM. The formal specification allows for more automation in the design/engineering
process. Best practices could be formulated with reference to the proposed metamodel and later automatically checked
or enforced. Moreover, a formally specified model could be automatically checked to determine if it will be sensi-
tive to certain changes like increased cost travel time or automated vehicle saturation. Here, the question remains
open, whether a list of (behavioral) sub-models suffices to capture the purpose of an ABTM. In future work, we will
investigate if desired model sensitivities could be specified as well.

To fully unlock the potential of automation and automated reasoning about ABTM, the specified behavioral (sub-)
model interfaces could be extended by including formal contracts defining pre- and post-conditions on in- and outputs.
To further increase the reuse of these sub-models, a concept similar to generalization (or inheritance) in UML could
be integrated to the static agent data models, hence allowing for adding custom properties while previously developed
sub-models still operate in the more general view of the parent class.

Some additional extensions of the metamodel are conceivable, to make it more expressive like: constraining the
domain of property values, adding custom role labels to indicate the purpose of properties, multiple result values
for sub-models to reduce redundancy, or combining optional and mandatory transition triggers. Another promising
future extension is the incorporation of model validation and calibration similar to Beydoun et al. [8] who proposed
to include a design-time view.
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