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Abstract

Dynamic aeronautical information is still widely disseminated through textual Notice to
Air Missions (NOTAMSs), while message-oriented storage cannot directly maintain the
evolving states of affected objects. The objective of this study is to determine whether
NOTAM-derived object events can be organized into traceable bitemporal states that sup-
port accurate and efficient current and historical access. To this end, this paper proposes
BiTE, a bitemporal event-centered database framework that connects object-level event
evidence, historical state versions, and materialized current-state projections. By integrat-
ing business and system time with NOTAM-specific lifecycle rules, BiTE supports state
maintenance, historical reconstruction, and source traceability. A MongoDB-based proto-
type was evaluated using 44,591 NOTAMs from five major U.S. aerodromes. Independent
manual validation showed 96.14-100% agreement across object identification and lifecycle-
maintenance tasks. Across 1500 manually verified queries, BiTE achieved F1 scores of
99.43% and 98.66% for current-state and airport-overview retrieval, respectively, and a
historical hit rate of 95.80%, outperforming representative message-oriented, relational-
bitemporal, and RDF-based implementations. Mean query latency remained below 3.7 ms,
while functionally equivalent ablations confirmed the performance contribution of the
layered architecture. These results demonstrate that BiTE enables accurate, traceable, and
efficient object-state management for dynamic aeronautical information.

Keywords: aeronautical information management; dynamic aeronautical information;
Notice to Air Missions; bitemporal database; event-centered modeling; natural-language query

1. Introduction

Aeronautical information supports flight planning, air traffic management, airport
operations, and aviation safety. It includes relatively stable information published through
products such as the Aeronautical Information Publication (AIP), as well as dynamic
information describing temporary or frequently changing operational conditions [1,2].
The Notice to Air Missions (NOTAM) is a primary carrier of such dynamic information
and reports time-sensitive changes involving aeronautical facilities, services, procedures,
hazards, and other operational elements [1-3].

NOTAMs are distributed in textual and increasingly structured digital forms. Digital
NOTAM and the Aeronautical Information Exchange Model (AIXM) provide machine-
interpretable representations that support information exchange, validation, database up-
dates, and downstream processing [4-7]. Nevertheless, textual NOTAMSs remain prevalent
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in operational information workflows. Although partly standardized, their interpretation
still depends on abbreviations, contextual information, and domain knowledge [2,3,8-10].

Conventional NOTAM databases generally preserve each notice as a message-level
record containing identifiers, locations, validity times, and free text. This organization
supports archiving and filtering but does not directly represent the affected aeronautical
object, its evolving operational state, or the evidence responsible for that state [6,11,12].
Operational queries, however, are often state-oriented: users need to determine the current
condition of an object, reconstruct its condition at an earlier time, and trace that condition
to its causative notices.

Lifecycle relations further complicate state maintenance. NOTAMN, NOTAMR, and
NOTAMC records respectively introduce, replace, and cancel operational conditions [3]. If
these relations are treated only as links among messages, replaced or cancelled information
may remain visible, while historical state transitions are difficult to reconstruct. Moreover,
the operational validity of a condition may differ from the time at which it is recorded
or superseded in the database. Effective state management must therefore distinguish
business time from system time while preserving the original evidence [13-15].

Existing technologies address only parts of this problem. AIXM and Digital NOTAM
define structured representations and exchange mechanisms, while bitemporal databases,
event sourcing, and versioning support validity, change, and history. However, they do
not specify how source notices, one-to-many object events, lifecycle transitions, historical
versions, and current projections should be coordinated in a unified database. The novelty
of this study therefore lies in integrating these mechanisms with NOTAM-specific object
and lifecycle semantics. Its objective is to develop and evaluate a lifecycle-aware bitemporal
framework for accurate, traceable, and efficient object-state access.

Accordingly, this study proposes BiTE, a Bitemporal Event-Centered Database Frame-
work for Dynamic Aeronautical Information State Management. BiTE organizes normalized
NOTAM-derived object events into bitemporal state histories and current-state projections
while preserving links to the original notices. NOTAM-specific rules maintain these states
under new, replacement, and cancellation operations, supporting current-state access,
historical reconstruction, and source traceability. Event normalization is treated as an
upstream input-adaptation process; the primary focus is persistent database organization
and lifecycle-aware state maintenance.

BiTE complements rather than replaces AIXM and Digital NOTAM [5,16]. The frame-
work is evaluated using a full operational NOTAM corpus, independent manual references,
representative message-oriented, relational-bitemporal, and RDF-based implementations,
and functionally equivalent ablations examining the storage—latency contributions of its
materialized layers.

The main contributions of this study are as follows:

1. Textual NOTAM management is formulated as an object-level state-management
problem in which one notice may generate multiple object events and state transitions.

2. A layered bitemporal event-centered framework is proposed to coordinate source-
linked event evidence, ordered historical state versions, and materialized current-
state projections.

3. A lifecycle-aware maintenance method is developed for NOTAMN, NOTAMR, and
NOTAMC operations, supporting object-level replacement, cancellation, historical
reconstruction, and source traceability.

4. The framework is evaluated through full-corpus implementation checks, independent
manual validation, comparisons with representative alternative database organiza-
tions, and functionally equivalent ablation experiments.

https://doi.org/10.3390/info17070710


https://doi.org/10.3390/info17070710

Information 2026, 17, 710

30f29

2. Related Work
2.1. Dynamic Aeronautical Information Processing

Dynamic aeronautical information processing converts specialized aviation texts into
structured information for operational use. Named entity recognition, domain knowledge
resources, ontologies, and terminology systems form important foundations for aeronau-
tical information intelligence [8]. Domain-specific natural language processing methods
have also been applied to aviation safety reports and Chinese aviation incident texts for
classification, entity recognition, and interactive analysis [17,18].

Research on textual NOTAMSs covers error correction, classification, information extrac-
tion, and semantic parsing. A MacBERT-based method uses phonetic and morphological
knowledge graphs to correct errors in Chinese NOTAMs [19]. Attention-based models have
been applied to abbreviated NOTAM classification [20]. Self-supervised language models
have been used to extract operational information from NOTAM texts [9]. Knowledge-
graph-based methods combine entity recognition, classification, and structured retrieval
to support automated Chinese NOTAM processing [12]. The Knots dataset and its large
language model prompting framework extend this line of research to expert-annotated
NOTAM semantic parsing [10].

Semantic representation is another important area of research. Ontology-based models
support the representation and semantic querying of Digital NOTAMs [6]. AIRM-based
methods enable fine-grained semantic filtering of NOTAM information [7]. Shared semantic
models have been used to integrate heterogeneous air traffic management data [21]. A
spatio-temporal RDF Schema organizes NOTAM information through time, event, and
location elements [11]. Structured NOTAM information has also been used in operational
management and automated visualization [22,23].

Most existing studies focus on interpreting individual messages or converting them
into semantic representations. Less attention has been given to organizing the extracted
changes as persistent and evolving operational states. Dynamic aeronautical information
therefore remains distributed across separate records, which limits current-state access,
historical reconstruction, and source traceability.

2.2. Temporal and Bitemporal Data Management

Temporal data management extends conventional databases by recording how facts
change over time. Valid time describes when a fact holds in the modeled domain. Transac-
tion time records when the fact is stored or maintained in the database [24,25]. Conceptual
temporal models define these two dimensions independently of their physical database im-
plementation [14,15]. SQL:2011 introduced application-time periods and system-versioned
tables, allowing facts to be queried by their operational validity or recorded history [26].

Efficient temporal access depends on storage structures and indexing methods. Partial-
persistence and double-tree methods were developed for bitemporal time-slice queries [27].
Comparative studies examined access methods for time-evolving data [28]. Later work
evaluated the performance of bitemporal database systems [29] and introduced timeline
indexes for temporal selection and aggregation [30]. Transaction-time support has also
been integrated into database engines [31]. Specialized representations have been proposed
for open-ended intervals and the temporal value “now” [32].

Temporal semantics have also been introduced into RDF and knowledge-based sys-
tems. Time can be attached to graphs, statements, or resources [33]. Temporal RDF models
support time-qualified facts and historical queries [34,35]. Bitemporal RDF combines
valid time and transaction time to reconstruct domain states and previously recorded
knowledge [36,37].
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Most temporal and bitemporal models are designed for general data management.
They provide limited support for domain-specific lifecycle rules, continuous object-state
maintenance, and traceability across related operational records.

2.3. Event-Based State Evolution and Version Management

Event-based data management records operational changes as ordered events and
derives system states from the event history. Persistent event logs preserve the sequence
of changes and support event replay, failure recovery, and state reconstruction [38]. This
structure separates change evidence from materialized state views and allows current states
to be rebuilt without removing earlier records.

Temporal database research has also examined the relation between events and state
evolution. Bitemporal event calculus combines event occurrence with valid time and trans-
action time. It supports state inference while preserving both operational and recorded
histories [39]. Version-based methods retain successive database states instead of overwrit-
ing earlier values, which supports historical access and temporal consistency [40].

Event-based and bitemporal methods have been applied to business processes and
connected data structures. Bitemporal process models preserve changing operational
conditions and support process-state analysis under different historical contexts [41,42].
Bitemporal property graphs represent changes in entities and relationships [43]. Integrated
event-state models show how change events and persistent state representations can be
maintained under two temporal dimensions [44].

These studies provide a basis for event preservation, state reconstruction, temporal
versioning, and historical querying. Their models are mostly domain-independent and
offer limited guidance for converting operational messages into object-level state transitions.
Replacement and cancellation rules, state closure, current-state projection, and evidence
traceability are rarely handled within a unified data management process.

3. Database Model
3.1. Problem Setting

Dynamic aeronautical information describes operational changes affecting identifiable
aeronautical objects, including runways, taxiways, navigation aids, procedures, facility
services, and airspace activities. This study treats each affected aeronautical object as the
basic unit of state management and represents its operational changes through temporally
valid and traceable state records.

In this study, dynamic aeronautical information state management refers to the orga-
nization and lifecycle-aware maintenance of normalized object-level events derived from
source notices as bitemporal state records with explicit traceability [45]. A source notice
provides the original evidence; a business event represents a normalized object-level state
change; a state version records an object state over business-time and system-time intervals;
and a current projection provides direct access to the latest version eligible at a specified
bitemporal query point. The core concepts are summarized in Table 1.

Table 1. Core concepts for database modeling.

Concept Definition Role in Database Modeling

Source Notice Original dynamic aeronautical message Provides raw evidence

Aeronautical Object  Operational entity affected by a notice Serves as the unit of state management
Business Event Structured state-change record Drives object-state updates

State Version Object-state snapshot within a validity interval Supports historical reconstruction
Current Projection Object state at a reference time Supports operational state queries

Traceability Chain

Links notice, event, state version, and current state Supports explanation and audit
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Multiple notices may create, replace, or cancel states associated with the same aero-
nautical object. The proposed model therefore separates source evidence, state-change
events, historical state versions, and current projections while preserving explicit links
among these components.

3.2. Event-State Model

The proposed database model follows an event-state view. A source notice is not
treated as the state of an aeronautical object. It is first transformed into a business event
that describes the corresponding state change. The event links the source notice with the
affected object, structured state content, and temporal information required for database
maintenance [44].

A business event is represented as follows:

e=(i,a,n,o0,pTpTs), 1)

where i is the event identifier, a is the event action, n is the source notice, o is the affected
aeronautical object, and p is the structured payload. The payload stores normalized
state information such as status, reason, affected segment, facility type, and procedure
amendment. T}, represents business validity, while T; represents system validity.

For a state version s;, the two temporal intervals are defined as follows:

Ty(si) = (55, £5™), ()

To(s;) = (K7, ). 3)

Here, T (s;) defines the period during which the state is effective in the operational
environment. £ and ti”d are its business start and end times. Ts(s;) defines the period
during which the state version is valid in the database. 5" and t¢" are its system start
and end times.

Business time records when a condition is operationally effective, while system time
records when the corresponding state version is maintained in the database. The two
periods may differ because notices can be received or processed after their effective time.
Replacement and cancellation notices may close earlier versions without removing their
histories, so a single temporal dimension is insufficient.

State maintenance also requires a stable object key that links notices affecting the same
aeronautical object. The key must use suitable granularity to avoid merging distinct objects
or splitting one object into separate histories.

BiTE maintains state changes through version creation and closure rather than direct
overwriting [40]. An event may create a version, close an existing version, or perform both
operations. The current projection is selected from the version history under the required
business-time and system-time conditions [46]. The event-state process is summarized
as follows:

Source Notice — Business Event — State Version — Current Projection

3.3. Design Requirements

The event-state model defines five requirements for the database design.

R1. Object-level state projection. Source notices should be transformed into object-level
state records. This allows direct queries of the current and historical states of runways,
taxiways, navigation aids, procedures, facility services, and airspace activities [47].
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Notice Lifecycle Example
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Bitemporal validity management. The database should preserve both business validity
and system validity. Business validity describes when a state is operationally effective,
while system validity records when the state is maintained in the database.
Event-driven versioning. State changes should be maintained through business events
instead of direct overwriting. New, replacement, and cancellation notices create or
close state versions without removing historical records.

Source traceability. Each current or historical state should retain links to its business
event and source notice. These links support explanation, auditing, and validation [48].
Type-aware extensibility. The database should support different payload structures
for different aeronautical information types while using the same event-state mainte-
nance process.

These requirements guide the framework presented in the next section. The framework

models source notices, business events, state versions, and current projections as separate

but connected components.

4. Bitemporal Event-Centered Database Framework

4.1. Overview

BiTE organizes dynamic aeronautical information through four connected components:

source notices, event normalization, the bitemporal event-centered database, and state

maintenance. Figure 1 presents the overall architecture. Source notices provide the original

operational evidence. Event normalization converts heterogeneous notices into object-level

business events. The database core stores event evidence and object-state versions. State

maintenance updates current-state projections according to NOTAM lifecycle operations.

o Source Notices e Event Normalization e Bitemporal Event-Centered Database e State Maintenance

Figure 1. Overall architecture of the BiTE framework.

The source-notice module represents the lifecycle relations among new NOTAMs

(NOTAMN), replacement NOTAMs (NOTAMR), and cancellation NOTAMs (NOTAMC).
A NOTAMN introduces an operational condition, a NOTAMR replaces an earlier notice,

and a NOTAMC cancels a previous notice. These relations allow the database to preserve

the latest state and the evidence behind each state transition.
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The event-normalization module converts each source notice into a type-aware busi-
ness event. The event contains the lifecycle action, affected object, structured payload, and
temporal validity. It is also assigned business time and system time before entering the
database core [49]. Detailed type mapping and event construction are described in the
next subsection.

The database core uses a three-layer structure. The Event Evidence Layer stores
normalized business events together with source links, event actions, typed payloads, and
temporal validity. The State Version Layer maintains state snapshots and version histories
for affected objects. The Current State Layer stores directly accessible projections of the
latest valid object states.

The bitemporal model separates operational validity from database validity. Busi-
ness time describes when a condition is effective in the operational environment. System
time records when the corresponding state version is valid in the database. This distinc-
tion preserves earlier evidence after replacement or cancellation and supports historical
reconstruction without overwriting previous records.

The state-maintenance module processes each event according to its lifecycle action.
It identifies the affected object, matches referenced targets, closes earlier evidence and
state versions when required, creates new versions, and refreshes the current projection.
A NOTAMN creates a state, a NOTAMR replaces an existing state, and a NOTAMC
deactivates the referenced state.

4.2. Event Normalization

BiTE treats normalized object-event records as the input to database construction.
Before entering the Event Evidence Layer, heterogeneous source notices are converted
into a common event representation because different aeronautical objects and operational
changes require different state fields. For example, runway closures, navigation-facility
outages, airspace activities, and procedure amendments cannot share an identical payload
schema. This normalization module provides structured inputs to BiTE but is not itself a
core contribution of the database framework.

Let m denote a source notice and C the predefined set of information types

C = {Type-A, Type-B, Type-C, Type-D, Type-E, Type-F, Type-G}. (4)

Information-type mapping uses a learned classifier that jointly considers the Q-code
and the free-text Item E. Let q(m) denote the Q-code and e(m) the Item E text. For each
content-bearing notice, the notice-level routing type is defined as

k(q(m),e(m)) =c, cecC, (5)

where «(-) selects the schema family applicable to the notice. The Q-code provides a
standardized prior for the affected subject and operational condition, whereas Item E
contains the object identity, detailed status, and contextual evidence needed to distinguish
specific operational scenarios. Location and validity-time fields remain important for event
construction but are not used as the primary evidence for type classification.

At the implementation level, the Q-code and Item E are separately encoded using a
pretrained RoBERTa-base encoder [50]. Their contextual representations are fused through
a bidirectional cross-attention fusion (BiCAF) module, pooled, and passed to a linear
softmax layer for seven-class prediction. This design uses the standardized Q-code as
prior evidence to guide attention toward type-relevant text, while allowing the semantic
evidence in Item E to compensate for generic, missing, or inaccurate codes. The resulting
type determines the applicable payload schema: Type-A covers aerodrome and runway
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availability; Type-B, maneuvering-area constraints; Type-C, CNS/ATM serviceability; Type-
D, airspace and route restrictions; Type-E, procedure and minima amendments; Type-F,
weather and surface conditions; and Type-G, operational advisories and facility services.

The notice-level type determines the applicable schema but does not imply a one-to-
one relationship between notices and events. After type routing, notice m is decomposed
into one or more object-level business events

B(m) = {bm,ll bm,Z; ceey bm,nm }/ ny > 1, (6)

type(by,;) = k(q(m),e(m)), i=1,...,1nm, (7)

where each by, ; represents the effect of notice m on one aeronautical object or object segment.
The derived events inherit the notice-level routing type but retain distinct canonical object
keys and object-specific payloads. Consequently, one notice may generate several event
rows when it affects multiple runways, taxiways, facilities, procedures, or object segments.
For cancellation-only notices that introduce no new payload, the applicable type and
affected objects are inherited from the resolved lifecycle target.

Header-derived fields, including the aerodrome, validity interval, operation type, and
referenced notice, are parsed deterministically. The free-text payload is processed by a
schema-constrained, type-aware generative language model conditioned on the selected
type and Item E. It populates only the applicable fields, such as operational status, reason,
affected segment, facility attributes, and procedure amendments. Deterministic post-
processing then normalizes and validates object identifiers, status values, temporal fields,
and lifecycle references. Accordingly, the Q-code serves as a routing prior rather than the
sole source of normalized information, because it does not consistently represent the object
granularity and type-specific attributes required for state maintenance.

Each normalized event contains the information type, lifecycle action, canonical object
identity, typed payload, business-time interval, system-time interval, and source-notice
reference. NOTAMN introduces a new object condition, NOTAMR replaces a referenced
condition, and NOTAMC terminates a referenced condition. Business time represents
when the condition is operationally effective, whereas system time represents when the
corresponding event becomes visible in the database.

The normalized events are stored in the Event Evidence Layer and provide the basis
for state-version construction, current-state projection, lifecycle processing, and source
traceability. Detailed classifier and extraction-model development is outside the scope
of this database study; the reliability of the resulting inputs is instead examined through
the independent manual-validation results for information-type mapping and canonical
object-key semantics reported in Section 6.2.

4.3. Database Architecture

The event-state model defines the basic modeling units. This section describes how
these units are organized in BiTE. The database follows a layered architecture that separates
event evidence, state versions, and current states. This design keeps source evidence stable
and supports efficient state updates [37].

BiTE consists of the Event Evidence Layer, State Version Layer, and Current State Layer.
The Event Evidence Layer records the events that cause state changes. The State Version
Layer stores the historical states of affected objects. The Current State Layer provides direct
access to the latest valid state. Table 2 summarizes the content and function of each layer.

The Event Evidence Layer stores normalized business events derived from source
notices. Each event contains the source reference, lifecycle action, affected object, typed
payload, and bitemporal validity. This layer preserves the evidence behind the creation,
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replacement, or cancellation of an object state. Existing records are not overwritten when
later notices arrive. A replacement or cancellation closes the validity of the referenced
evidence and adds a new event record.

Table 2. Conceptual layers of the BiTE framework.

Layer

Event Evidence Layer
State Version Layer

Current State Layer

Current object state, active status, latest version reference,
source-reference information

Main Content Function

Business events, source notice references, lifecycle actions,  Event evidence preservation
typed payloads, bitemporal validity and source traceability
Object identities, state snapshots, version chains, validity State versioning and
intervals, event references historical reconstruction

Efficient current-state access

The State Version Layer maintains an ordered version history for each affected object.
A new notice creates a state version. A replacement notice closes the referenced version
and appends its replacement. A cancellation notice closes the active version associated
with the referenced condition.

For an affected object o, the ordered state history is

H(O) = <51152/ o '/Sk>r (8)

where each state version s; has a unique, monotonically increasing order ord,(s;) € N,
such that ord, (s;) < ord,(s;) for i < j. This order defines a strict total order over H(0) and
supports deterministic selection when validity intervals overlap. Each version stores the
state snapshot, object identifier, source event, and bitemporal validity intervals [51].

The Current State Layer provides direct access to the latest eligible state of each
aeronautical object. Let T = (7, 7) € T, x Ts denote a bitemporal query point,
where 1, and 75 are the business-time and system-time coordinates. For version s;, let
Ty(si) = [b;,b;") and Ti(s;) = [0 ,0;"), with +oo representing an open-ended upper
bound. The eligible versions are

E(o,t)={s; € H(o) |1 € Ty(s;) Nts € Ts(s;) }. 9)

The current-state projection is defined as

argmaxord,(s;), &(o,T) # 2,
Clo,7) = { siclor) (10)
o, E(o,7) = @.

Thus, if multiple versions satisfy both temporal conditions, the unique version with
the highest object-level order is selected; if none is eligible, the object has no state at 7. The
Current State Layer materializes this bitemporal projection while retaining links to event
evidence and source notices. The same eligibility and selection rules are used when the
projection is reconstructed from the State Version Layer.

4.4. State Maintenance

State maintenance applies each normalized event to the Event Evidence, State Version,
and Current State layers. A NOTAMN creates a new object state, a NOTAMR closes the
referenced state in system time and creates its replacement, and a NOTAMC closes the
referenced state without creating a new version.

Let b, and b;” denote the business start and end times derived from Items B and C,
and let o, denote the database processing time. Event e is assigned
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Ty(e) = [b,,b7), Ts(e) = [oe, +0). (11)

For a matched record x, Close(x; 0,) preserves its business interval Tj(x) = [by, by)
and updates its system interval to T;(x) = [0}, min(oy, 0¢)). Thus, replacement or can-
cellation ends the record’s system validity at the processing time without changing the
business end declared in Item C. The closed record remains available for queries with an
earlier system-time coordinate.

Algorithm 1 is applied independently to each object-level event b,, ; generated from a
source notice. It first binds the event to its object and bitemporal intervals and stores it in
the Event Evidence Layer. A NOTAMN creates a state version inheriting these intervals and
refreshes the current projection (lines 6-9). A NOTAMR closes the matched evidence and
predecessor version at ¢, creates a replacement with T, = [b,", b, ) and Ts = [0, +0), and
refreshes the projection (lines 10-19). A NOTAMC applies the same system-time closure
and records the cancellation relation without creating a replacement version (lines 20-28).
In all three cases, Refresh recomputes C (o, 7"") from H(0) using Equations (9) and (10); it
does not unconditionally assign the newly appended version as the current state.

Algorithm 1 Bitemporal Event-Driven State Maintenance

Input: source notice m; normalized event e; event evidence layer E; state version layer H; current
state layer C

Output: updated E, H, and C
1: op < Op(m)
: 0 < Obj(e)
: (bg,bf,0.) < Time(m,e)
: e + Bind(e, 0, [b,, b)), [0e, +0))
. E « Add(E,e)
: if op = NOTAMN then
s < NewState(e)
H(o) < Append(H(0),s)
C(0) < Refresh(s)
10: else if op = NOTAMR then
11:  gm < LookupReference(E, Ref(m))
12: (9e,9u) < AlignObjectTarget(qy, 0, m)
13: if gp # O A gy # @ then

© @ N O Ul ok W N

14: E < Close(E, g, o)

15: H(o) < Close(H(0),qy,0e)
16: s < Replace(e, qp)

17: H(o) < Append(H(0),s)
18: C(0) « Refresh(s)

19: end if

20: else if op = NOTAMC then

21: gm < LookupReference(E, Ref(m))

22: (9e,9m) < AlignObjectTarget(qy, 0, m)
23: if gr # D A gy # O then

24: E < Close(E, qg, 0e)

25: H(o) < Close(H(0),qy,0e)
26: E «+ Link(E, e, gg, cancels)
27: C(0) < Deactivate(C(0), o¢)
28: end if

29: end if

30: return E, H,C
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Target resolution proceeds in two stages. The explicit reference identifier in a NO-
TAMR or NOTAMC first locates the referenced source notice; it is the primary notice-level
lookup key rather than an input to similarity-based matching. The derived events and state
versions are then aligned at the object level because one referenced notice may produce
multiple object-level events. Canonical object identity performs this alignment, while aero-
drome and Q-code subject serve only as consistency constraints. If the referenced notice is
unavailable or no corresponding object-level pair can be established, the new event remains
in E without modifying H or C. Closed records remain available for bitemporal historical
retrieval [52].

5. Experiments
5.1. Experimental Objectives

This section evaluates whether BiTE can construct and maintain object-level dynamic
aeronautical information states and provide accurate and efficient access to current and
historical information. The core experiments cover database construction, independently
referenced semantic correctness, comparative object-state retrieval, and architectural contri-
bution. Full-corpus implementation checks are distinguished from correctness measured
against manually established references.

The evaluation addresses the following questions.

Q1. Database construction. Can BiTE organize normalized object-level events into state
records while preserving the required temporal and traceability links?

Q2. State-maintenance correctness. Can BiTE correctly identify affected objects and main-
tain their evolving states under different NOTAM lifecycle operations?

Q3. Object-state retrieval. Can BiTE provide accurate and efficient access to current,
airport-overview, and historical object states compared with representative data-
management approaches?

Q4. Architectural contribution. How do the Current State Layer, State Version Layer, and
lifecycle-maintenance mechanism affect query performance, storage cost, historical
reconstruction, and the exclusion of obsolete states?

A separate auxiliary experiment additionally examines the feasibility of converting
informal natural-language questions into structured query intents for the BiTE query
interface [53]. It is not treated as part of the core validation of database correctness or
architectural effectiveness.

5.2. Dataset and Implementation
5.2.1. Evaluation Corpus

The evaluation corpus was obtained from a historical operational repository following
International Civil Aviation Organization (ICAO) NOTAM formats. It contains all NOTAMs
issued in 2024 for five major U.S. aerodromes: Hartsfield-Jackson Atlanta International
Airport (KATL), Boston Logan International Airport (KBOS), Charlotte Douglas Interna-
tional Airport (KCLT), John F. Kennedy International Airport (KJFK), and Los Angeles
International Airport (KLAX). These aerodromes generated substantial notice volumes and
contained sufficient new, replacement, and cancellation relations for evaluating object-state
construction and lifecycle maintenance. The full corpus comprises 44,591 source NOTAMs.

5.2.2. Implementation and Statistics

BiTE was implemented on MongoDB. The normalized events and state versions share
common fields for object identity, lifecycle action, temporal validity, and source references,
while their operational payloads vary across information types. MongoDB was selected
because its document model accommodates heterogeneous nested payloads and supports
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compound indexing over the principal query fields without requiring extensive sparse
tables or frequent schema modifications.

The selection of MongoDB is an engineering choice rather than an inherent constraint
of the BiTE conceptual framework. Compared with key-value and wide-column stores,
its document structure and indexing mechanisms provide more direct support for the
multi-attribute temporal queries and nested payloads required in this study. Compared
with graph databases, it allows materialized current-state projections to be retrieved with-
out repeatedly traversing event-state relationships. Nevertheless, the Event Evidence,
State Version, and Current State layers could also be implemented using relational or
graph-based databases. The comparative experiments therefore evaluate the suitability
of the MongoDB-based implementation for the studied workload rather than claiming its
universal superiority over other database technologies.

The implementation stores source notices, normalized notices, event evidence, state
versions, and current-state projections in separate collections. Each state version retains
references to its causative business event and source notice, while the Current State collec-
tion materializes the latest eligible object-state projection. Table 3 summarizes the database
constructed from the full corpus.

Table 3. Airport-level dataset and database statistics.

Airport Source Object-Level Objects State Current
NOTAMs Events Versions States

KBOS 12,780 15,879 188 8857 117
KATL 8752 12,261 336 7353 204
KJFK 8291 9101 259 5003 134
KCLT 7644 11,092 378 6006 140
KLAX 7124 7362 254 4362 156
Total 44,591 55,695 1415 31,581 751

The number of object-level events exceeds the number of source NOTAMs because
one notice may affect multiple aeronautical objects. The number of state versions is
lower because cancellation, closure, and other non-state-producing events do not cre-
ate new state snapshots. After lifecycle processing, 751 object states remained active at the
evaluation time.

5.2.3. Manual Annotation and Reference Sets

A fixed random seed of 2026 was used for all sampling. To establish an external
reference independent of the BiTE-generated records, 1000 source NOTAMs were sampled
from the full corpus, with 200 notices selected from each aerodrome. Manual examination
and object-level decomposition produced 1971 object-event reference instances. Of these,
1739 were state-producing instances for which a state version was expected, while the
remaining 232 represented cancellation- or closure-only operations that modified existing
states without creating new versions.

The annotation was independently conducted and cross-checked by three experienced
airline dispatchers. For each sampled case, the dispatchers identified the information
type, affected object, canonical object key, lifecycle target, expected state-version operation,
version-closure decision, and causative source NOTAM. Inter-annotator agreement before
consensus adjudication was assessed using Fleiss’ x [54], yielding x = 0.829, which indicates
strong agreement among the three annotators [55]. Disagreements were subsequently
resolved through joint re-examination of the source notice and its lifecycle context. The
final reference labels were therefore determined from the source evidence rather than
copied from the constructed database.
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Three additional reference sets were prepared for query-level evaluation. Each con-
tained 500 manually verified cases, yielding 1500 queries in total: 500 current object-state
queries, 500 airport current-overview queries, and 500 historical-state queries. The Gold
results specified the valid state of the target object, the active state set of the selected aero-
drome, or the applicable historical state under the given temporal conditions. The same
reference sets were used to evaluate BiTE and all comparison methods.

5.2.4. Runtime Environment

The experiments were conducted on Windows 11 AMD64 with 32 logical processors.
The software environment comprised Python 3.12.3, PyMongo 4.17.0, pandas 2.3.2, and
MongoDB 8.0.5 with the WiredTiger storage engine. The main indexes covered object
keys, aerodromes, object types, activity flags, version numbers, and bitemporal validity
fields. Representative MongoDB explain plans confirmed indexed execution without
collection scans.

5.3. Experimental Design
5.3.1. Database Construction and Independent Validation

The database-construction experiment processed the full corpus through the BiTE
pipeline to generate object-level business events, state versions, and current-state projec-
tions. Object-key assignment completeness, state-version materialization completeness,
and traceability-link completeness were evaluated over the full corpus as implementation
integrity checks. These indicators measured whether the required records and links were
generated but were not treated as independent evidence of semantic correctness.

Semantic correctness was evaluated separately against the manually established ref-
erence set. The evaluation examined information-type assignment, canonical object-key
construction, lifecycle-target resolution, state-version creation, version-closure decisions
and source attribution. The reference labels were determined from the source NOTAMs
and their lifecycle context rather than from the records generated by BiTE.

5.3.2. Baseline Implementations and Query Workload

Four database implementations were compared. Message-Mongo stored source notices
as message-oriented documents and reconstructed object states during query execution.
SQL-Bitemporal used an SQL:2011-style relational representation of objects, state records,
and bitemporal intervals. RDF-NOTAM represented notices, objects, lifecycle relations, tem-
poral conditions, and provenance as RDF statements. Full BiTE used the proposed layered
object-state organization. All methods shared the same corpus, query conditions, runtime
environment, and manually established reference sets, and their outputs were normalized
to a common object-level representation. These implementations serve as representative
architectural baselines rather than exact reproductions of individual published systems.

The workload covered three recurring aviation-information access patterns: point
retrieval of an object’s current state, airport-level retrieval of all active states, and bitemporal
reconstruction of a historical state. Each task contained 500 manually verified cases. Current
and overview results were compared with complete reference sets, while historical retrieval
was successful when the returned set contained the manually identified version. The
workload therefore targets BiTE’s principal state-access functions rather than general
analytical or concurrent database processing.

Under the warm-cache protocol, each query was executed once for warm-up and then
measured over five rounds, producing 2500 latency observations for each task-method
pair. End-to-end latency included database execution, cursor retrieval, result reading, and
method-specific state reconstruction.
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5.3.3. Functionally Equivalent Ablation Design

The layer-ablation experiment was redesigned to preserve equivalent state semantics
between Full BiTE and the ablated variants. Removing a materialized layer altered only the
retrieval path, while lifecycle rules, bitemporal eligibility, version selection, and normalized
output semantics remained unchanged.

For current object-state and airport current-overview queries, Full BiTE accessed
the Current State Layer, whereas the variant without this layer reconstructed the same
projections exclusively from the State Version Layer under identical temporal conditions.
For historical queries, Full BiTE accessed the State Version Layer, while the corresponding
ablation reconstructed historical states by replaying Event Evidence records under the same
lifecycle and temporal rules.

Before latency comparison, all outputs were normalized and compared by object
identity, operational status, state payload, temporal validity, and source reference. Latency
and storage were evaluated only after semantic equivalence was confirmed, with storage
measured using MongoDB collection statistics. A separate lifecycle-maintenance ablation
intentionally disabled replacement and cancellation effects to quantify the return of obsolete
states; it was therefore not treated as functionally equivalent to Full BiTE.

The same warm-cache protocol was used as in the comparative evaluation. Each of
the 500 queries was executed once for warm-up and five times for measurement, yielding
2500 observations per task-method pair. Execution order was randomized, and end-to-end
latency included database retrieval and reconstruction.

5.3.4. Auxiliary Natural-Language Query-Intent Experiment

As an auxiliary experiment, a separate set of 150 bilingual questions was constructed
with reference to recurring information requests from airline dispatchers and other frontline
aviation operations personnel. The set was evenly divided among current object-state,
airport current-overview, and historical-state queries. Each task contained 25 Chinese and
25 English questions. To approximate operational communication, the questions used
relatively informal wording, implicit conditions, different levels of specificity, and varied
expressions of object status and time.

Each question was manually assigned a Gold intent specifying the query scope, aero-
drome, object type, target reference, status condition, business time, and system time. The
Gold intents were established and checked against the intended database access conditions
before model evaluation. All parsers received the same questions and produced intents
following the same structured schema.

Seven representative contemporary LLMs from major model families were evalu-
ated as optional query-intent parsers: DeepSeek-V4-Flash, Gemma 3 Instruct [56], Llama
3.2 Instruct, Phi-4 Mini Instruct [57], Qwen3-VL Instruct [58], Qwen3.5 Instruct, and
GPT-5.4 nano. A deterministic rule-based parser was included as a simple baseline and
used bilingual dictionaries, keywords, and regular expressions to identify aerodromes,
query scopes, object types, target references, status conditions, and explicit temporal ex-
pressions. This experiment evaluates the feasibility of structured intent generation as an
optional access mechanism rather than database-state correctness or usability improve-
ments over conventional query interfaces. Exact model identifiers, providers, decoding
settings, and the common prompt structure are provided in Appendix A.

5.4. Evaluation Metrics

The evaluation covers full-corpus implementation integrity, correctness against inde-
pendent manual references, object-state query effectiveness and efficiency, architectural
ablation, and auxiliary query-intent parsing. Structural integrity indicators derived from
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the constructed database are distinguished from semantic correctness measured against
manually established Gold references.

5.4.1. Implementation Integrity and Independent Correctness

Full-corpus implementation integrity is described using the key-assignment rate, ver-
sioning rate, traceability-link rate, and active projection ratio. These indicators respectively
report the proportions of eligible construction cases receiving non-empty object keys, ex-
pected state records being materialized, state versions retaining the required event and
source links, and identified objects remaining active at the evaluation time. They measure
internal structural completeness rather than independent semantic correctness; the active
projection ratio is treated as a descriptive database statistic.

Independent semantic correctness is evaluated against the manually established refer-
ences. Information-type mapping, canonical object-key construction, lifecycle resolution,
version closure, and source attribution use the general accuracy measure

1
Accuracy = N Y I =yi), (12)
i=1

where 7; is the output produced by BiTE, y; is the corresponding Gold label, and I(-) is the
indicator function. Depending on the evaluated aspect, the label represents an information
type, canonical object key, lifecycle relation, version-closure decision, or causative source
NOTAM. An object key is considered correct only when its aerodrome, object type, normal-
ized identifier, and applicable granularity components match the Gold key. State-version
creation recall is the proportion of manually expected state versions successfully generated
and matched by BiTE.

The evaluation units follow the level at which each decision is made: type mapping
is evaluated at the source-notice level, object-key semantics at the object-event level, life-
cycle resolution at the lifecycle-decision level, and version creation, closure, and source
attribution at the state-version level.

5.4.2. Object-State Query Effectiveness and Efficiency

For current object-state and airport current-overview retrieval, each returned state
set R; is compared with its manually established Gold set G;. Across all query results,
TP denotes correctly returned state instances, FP denotes returned instances absent from
the Gold sets, and FN denotes Gold instances not returned. Precision, recall, and F1 are
defined as
TP TP 2 x Precision x Recall

W, Recall = Fl

Precision = TP + FN’ " Precision + Recall

(13)

Exact match additionally requires the complete returned set to equal the Gold set.
Historical retrieval uses hit rate because multiple versions may satisfy the same object key
and temporal conditions. Let v; denote the manually identified target version for historical
query i. The two query-level measures are

1Y 1N
Exact Match = N Y I(R; = Gy), Historical Hit = — ) I(vj € R;).  (14)
i=1 i=1

Z|

Exact match is applied to current object-state and airport current-overview retrieval.
Precision, recall, and F1 are not reported for historical retrieval because the objective is
to determine whether the manually identified version can be reached under the specified
bitemporal conditions.
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Query efficiency is evaluated using end-to-end latency. Each query is executed once
for warm-up and then measured over five formal rounds. The five repetitions are averaged
to obtain one sample-level latency, after which the mean, standard deviation, and 95th-
percentile (P95) latency are calculated across the 500 query samples for each task-method
pair. The 95% confidence interval of the mean is estimated using 2000 bootstrap resamples.

5.4.3. Ablation Metrics

The Current State Layer and State Version Layer are evaluated through functionally
equivalent ablations. Before comparing latency and storage, semantic agreement verifies
that Full BiTE and the ablated configuration return identical normalized object-state seman-
tics. The normalization covers object identity, operational status, state payload, temporal
validity, and source reference. Relative storage and relative mean latency express the
corresponding storage and performance costs with Full BiTE normalized to 1.00x

1N
Semantic Agreement = N ) I(Norm(R?blated) = Norm(Rfuu)), (15)
i=1

S ablated

Eablated
Stull

, (16)
Frall

Relative Storage = , Relative Mean Latency =

where S denotes database storage and f denotes mean query latency. A relative storage
value below 1.00x indicates a storage saving, whereas a relative latency value above 1.00x
indicates additional query cost.

Lifecycle-maintenance ablation intentionally disables replacement, cancellation, and
expiration processing and is therefore evaluated for retrieval correctness rather than func-
tional equivalence. Precision, recall, and F1 follow Equation (13). The over-return rate and
cumulative returned-instance count are defined as

FP

_ Rate = ————,
Over-return Rate TP 1 ED

N
Cumulative Returns = ) |R;]. (17)
i=1

The over-return rate measures the proportion of returned instances that are obsolete
or should not appear in the current-state result. Cumulative returns count all result
occurrences across the sampled queries; if the same state is returned by different queries,
each occurrence is retained without cross-query deduplication.

5.4.4. Auxiliary Query-Intent Metrics

The auxiliary natural-language experiment evaluates structured query-intent genera-
tion rather than database-state correctness or user-facing usability. LLM and rule-based
outputs are evaluated at the field level [59]. Each predicted field—value pair is compared
with its Gold value, and the resulting field-level true positives, false positives, and false
negatives are aggregated across all questions to calculate micro precision, micro recall, and
micro F1 using Equation (13).

Slot accuracy measures the proportion of intent fields whose predicted values exactly
match the corresponding Gold values

N
Y ) 1 =vi)
i=1 jESi

Slot Accuracy = = N , (18)
Y ISi]
i=1
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where §; is the set of intent fields for question 7, J;; is the predicted value, and y?j is the Gold
value. The evaluated fields include query scope, aerodrome, object type, target reference,
status condition, business time, and system time. Field-level errors are further examined to
identify conditions that are frequently omitted or incorrectly interpreted [60].

6. Results and Discussion
6.1. Full-Corpus Implementation
6.1.1. Database Construction Integrity

The full-corpus evaluation first examines whether the BiTE implementation generates
the required object keys, state-version records, and traceability links. Table 4 reports these
structural integrity checks together with the active projection statistics.

Table 4. Full-corpus database construction integrity.

Airport Key Assignment Rate Versioning Rate Traceability-Link Rate Active Projection Ratio

KBOS 99.99% (7092/7093) 100.00% (8857 /8857) 100.00% (8857 /8857) 62.23% (117/188)

KATL 100.00% (5246/5246) 100.00% (7353/7353) 100.00% (7353/7353) 60.71% (204/336)

KJFK 99.98% (4528 /4529) 100.00% (5003 /5003) 100.00% (5003 /5003) 51.74% (134/259)

KCLT 99.98% (4153 /4154) 100.00% (6006/6006) 100.00% (6006/6006) 37.04% (140/378)

KLAX 99.98% (4163 /4164) 100.00% (4362/4362) 100.00% (4362/4362) 61.42% (156 /254)

Overall 99.98% (25,182/25,186) 100.00% (31,581 /31,581) 100.00% (31,581 /31,581) 53.07% (751/1415)
Note: The key assignment rate is calculated over eligible notice-level construction cases. Versioning and
traceability-link rates are calculated at the state-version level, while the active projection ratio is calculated at the
object level. These indicators are internal implementation checks rather than measures of semantic correctness.

BiTE assigned object keys to 99.98% of the eligible construction cases and materialized
all 31,581 expected state versions with complete event and source links. After lifecycle
processing, 751 of the 1415 identified objects remained active, corresponding to an overall
projection ratio of 53.07%. The airport-level variation reflects differences in lifecycle activity
because many objects observed during the year were subsequently replaced, cancelled,
expired, or closed.

These results confirm that the implementation generated the required database records
and structural links. They do not establish whether the assigned keys and source relation-
ships are semantically correct.

6.1.2. Lifecycle-Processing Statistics

The full-corpus lifecycle analysis examines the availability of explicitly referenced
predecessor notices and the completeness of subsequent version generation, version closure,
and current-state projection. Table 5 reports these implementation-level statistics.

Table 5. Full-corpus lifecycle-processing completeness.
Ovperation Source Reference Resolution  Version Generation Version Closure Projection Consistency
PEraton  Notices (Notice Level) (State-Version Level) (State-Version Level)  (Update Level)
NOTAMN 22,544 - 100.00% (28,939/28,939) - 100.00% (1214/1214)
NOTAMR 2642 99.43% (2627 /2642) 100.00% (2642/2642) 99.19% (734,/740) 100.00% (220,/220)
NOTAMC 19,405 98.75% (19,162/19,405) - 98.98% (23,235/23,474)  100.00% (1285/1285)
Overall 44,591 98.83% (21,789/22,047)  100.00% (31,581/31,581)  98.99% (23,969/24,214)  100.00% (2719/2719)

Note: Reference-resolution completeness denotes the proportion of NOTAMR and NOTAMC records whose
explicitly referenced predecessor notices could be located within the corpus. Source notices and references are
counted at the notice level; version generation and closure at the state-version level; and projection consistency at
the object-state update level. Because one notice may affect multiple state versions, counts across columns are not
directly comparable. A dash indicates that the operation is not applicable.
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The 22,544 NOTAMN source notices produced 28,939 state versions because one
notice could affect multiple aeronautical objects. Across all applicable cases, reference-
resolution completeness was 98.83%, while version generation and closure completeness
reached 100.00% and 98.99%, respectively. All 2719 evaluated projection updates were
internally consistent.

The unresolved references were primarily associated with predecessor notices that
were absent from or unavailable within the observation corpus. Accordingly, the reference-
resolution values mainly reflect corpus availability and implementation completeness
rather than the semantic accuracy of target matching. Object-level matching accuracy is
evaluated separately against manually verified references in Section 6.2.

6.2. Independent Manual Validation

To complement the full-corpus implementation checks, BiTE was evaluated against the
consensus-adjudicated manual references. The evaluation examined the semantic correct-
ness of information-type mapping, canonical object-key construction, lifecycle resolution,
state-version maintenance, and source attribution. Table 6 presents the results.

Table 6. Independent manual validation of event construction and state maintenance.

Evaluation Aspect Unit Manual Reference Result
Information-type mapping Source notice Adjudicated information type 98.20% (982/1000)
Canonical object-key semantics Object event Adjudicated canonical object key 98.33% (1938/1971)
Object-level lifecycle alignment Lifecycle decision ~ Verified target or termination relation 96.14% (796/828)
State-version creation State version Annotated expected state version 100.00% (1739/1739)
State-version closure State version Adjudicated closure outcome 98.16% (1707 /1739)
Source attribution State version Adjudicated causative source NOTAM 100.00% (1739/1739)

Although normalization is treated as an upstream input-adaptation process, its type-
routing and object-identification outputs were evaluated using the manually verified subset.
BiTE correctly assigned 982 of the 1000 notice-level information types (98.20%). At the
object-event level, 1938 of the 1971 canonical keys exactly matched the manual references
(98.33%). These results provide independent evidence of the reliability of the normalized
inputs used for subsequent state construction.

Most of the 33 object-key mismatches originated from incorrectly typed notices. Be-
cause the information type determines the applicable object schema and key-construction
rules, a type error can propagate to the object type, identifier, and granularity components.
One incorrectly typed notice may also produce multiple object events, explaining why the
number of key mismatches exceeded the number of notice-level type errors. Object-key
accuracy is therefore partly dependent on type-mapping reliability.

After notice-level lookup through the explicit reference identifier, BiTE correctly
aligned 796 of the 828 manually verified lifecycle decisions with their object-level tar-
gets or termination relations, yielding an accuracy of 96.14%. This metric differs from the
full-corpus reference-resolution completeness reported in Section 6.1: it evaluates whether
the correct object-level event and state version were identified, rather than merely whether
the referenced source notice was available. BiTE generated all 1739 expected state versions,
while 1707 closure outcomes were correct. The 32 closure errors corresponded to the same
32 lifecycle-alignment errors, because a predecessor version could not be closed correctly
when its object-level target was not established. Source attribution was correct for all
1739 evaluated versions.

The results reveal two principal error-propagation paths: information-type errors
affect canonical object-key construction, whereas object-level lifecycle-alignment errors
affect version closure. State-version creation and source attribution remained complete on
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the manually verified sample. In contrast to the implementation-level checks in Section 6.1,
these results provide independent evidence of semantic correctness.

6.3. Comparative Object-State Query Evaluation

To evaluate BiTE beyond internal database consistency, it was compared with three
representative storage approaches: message-oriented MongoDB (Message-Mongo), rela-
tional bitemporal storage (SQL-Bitemporal), and an RDF-based NOTAM representation
(RDF-NOTAM). All four implementations used the same source corpus and were evaluated
using the same 1500 manually verified queries, comprising 500 current object-state queries,
500 airport current-overview queries, and 500 historical-state queries. Query results were
normalized to a common object-state representation and evaluated against the manually
established references rather than records generated by BiTE.

6.3.1. Query Correctness

The three tasks represent increasingly different access requirements: single-object
retrieval evaluates precise current-state access, airport overview retrieval evaluates the
completeness of an aggregated operational view, and historical retrieval evaluates whether
a manually identified version can be recovered under specified temporal conditions. Table 7
reports the comparative correctness results.

Table 7. Object-state query correctness against manual references.

Current-Object State Airport Overview Historical
Method
P R F1 Exact P R F1 Exact Hit
Message-Mongo 90.17% 90.90% 90.53% 89.40% (447 /500) 86.38% 83.35% 84.84% 83.00% (415/500) 89.80% (449/500)
SQL-Bitemporal 97.90% 98.61% 98.25% 96.40% (482/500) 92.13% 93.18% 92.65% 91.80% (459/500) 94.40% (472/500)
RDF-NOTAM 92.28% 96.86% 94.51% 92.20% (461/500) 90.86% 92.33% 91.59% 90.80% (454 /500) 92.20% (461/500)
Full BiTE 99.32% 99.54% 99.43% 99.00% (495/500) 98.31% 99.02% 98.66% 98.20% (491/500) 95.80% (479/500)

Note: Bold values indicate the best performance among all compared methods.

As illustrated in Figure 2, Full BiTE achieved the highest query-level correctness
across all three tasks. For current object-state retrieval, it obtained an F1 score of 99.43%
and an exact-match accuracy of 99.00%. SQL-Bitemporal was the strongest baseline, but
its corresponding results were lower at 98.25% and 96.40%. The lower performance of
Message-Mongo indicates that reconstructing object states directly from message-level
records is more susceptible to incomplete lifecycle resolution and obsolete-state retention.
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Figure 2. Comparison of query correctness across database implementations.
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The advantage of BiTE was more pronounced for airport overview retrieval, where
complete active-state sets must be assembled across multiple object types and lifecycle
relations. BiTE achieved an F1 score of 98.66% and an exact-match accuracy of 98.20%,
exceeding SQL-Bitemporal by 6.01 and 6.40 percentage points, respectively. This result
supports the use of explicit object-level lifecycle maintenance and materialized current-state
projections for aggregated operational views.

Historical retrieval remained the most challenging task. Full BiTE achieved the highest
hit rate of 95.80% (479/500), followed by SQL-Bitemporal at 94.40%. Manual examination
of the 21 missed BiTE cases identified three primary failure modes. Fourteen cases involved
non-fixed or qualified expressions in Item C, including EST, PERM, and related end-time
representations that could not always be mapped to a deterministic validity boundary. Five
cases involved overlapping temporal intervals, which made selection among simultane-
ously eligible versions ambiguous. The remaining two cases resulted from insufficient
object-key granularity, causing distinct operational scopes to share the same canonical key.

Thus, temporal normalization accounted for most historical retrieval failures, while
overlapping-version selection and object-key granularity represented smaller but identifi-
able limitations. These cases could be addressed by explicitly representing estimated or
permanent validity, defining deterministic precedence rules for overlapping versions, and
incorporating additional segment- or facility-level attributes into canonical object keys.

6.3.2. Query Efficiency

Query efficiency was evaluated under the same workload and warm-cache conditions.
To characterize both typical performance and response-time stability, Table 8 reports the
mean latency with its 95% confidence interval, P95 latency, and standard deviation for each
task—-method combination.

Table 8. Object-state query latency.

Task Method Mean [95% CI] (ms) P95 (ms) SD (ms)
Message-Mongo 8.155 [7.563, 8.768] 23.264 7.002
Current object-state SQL-Bitemporal 9.932[9.102, 10.773] 30.014 9.583
RDF-NOTAM 10.613 [10.465, 10.769] 14.314 1.736
Full BiTE 0.726 [0.710, 0.744] 1.053 0.198
Message-Mongo 7.002 [5.853, 8.144] 43.192 13.262
Airport current overview SQL-Bitemporal 7.759 [6.382, 9.245] 53.032 16.258
RDF-NOTAM 9.902 [9.165, 10.626] 27.115 8.235
Full BiTE 3.680 [3.502, 3.865] 13.704 2.019
Message-Mongo 12.136 [11.581, 12.736] 24.757 6.670
Historical state SQL-Bitemporal 17.512 [16.578, 18.488] 35.088 10.604
RDF-NOTAM 10.417 [10.275, 10.558] 13.837 1.639
Full BiTE 1.364 [1.310, 1.423] 2.882 0.651

Note: Each task comprised 500 queries. After one warm-up round, each query was measured five times and
represented by its sample-level mean. Confidence intervals were estimated using 2000 bootstrap resamples. Bold
values indicate the best query latency results among all compared methods.

Full BiTE achieved the lowest mean and P95 latency across all three tasks. Its mean
latency remained below one millisecond for current object-state retrieval and below four
milliseconds for both overview and historical retrieval. The largest improvements appeared
in the current and historical tasks, where materialized projections and indexed state versions
avoided repeated message-level reconstruction, relational temporal processing, or RDF
graph-pattern evaluation.

Full BiTE also exhibited the lowest absolute latency dispersion in all three tasks, with
standard deviations of 0.198 ms, 2.019 ms, and 0.651 ms for current, overview, and histori-
cal retrieval, respectively. The corresponding bootstrap confidence intervals were narrow,
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indicating that the estimated mean latencies were stable across the sampled queries and
repeated runs. The overview task showed greater variability than the other two tasks
because the number and composition of active states differed across aerodromes. Never-
theless, its standard deviation and P95 latency remained substantially lower than those of
the comparison methods. These results suggest that the materialized Current State Layer
supports both efficient single-object access and relatively stable airport-level aggregation.

These results evaluate the combined data organization and query mechanism of each
implementation rather than the database engines in isolation. In particular, Message-Mongo
and Full BiTE both use MongoDB, yet their substantial differences in correctness, latency,
and latency dispersion indicate that the observed gains primarily arise from object-level
event decomposition, lifecycle-aware state maintenance, bitemporal version organization,
and materialized current-state projections rather than from MongoDB alone.

6.4. Ablation Results

The ablation study examined the contributions of the Current State Layer, State Version
Layer, and lifecycle-maintenance mechanism. For the two-layer ablations, the same lifecycle
rules, bitemporal predicates, version-selection logic, and normalized output semantics
were preserved. Current states were reconstructed from state versions after removing the
Current State Layer, whereas historical states were reconstructed from event evidence after
removing the State Version Layer. Semantic agreement with Full BiTE reached 100.00%
(500/500) for each evaluated task, allowing the layer ablations to focus exclusively on
latency and storage cost.

Table 9 reports the corresponding latency results under the same workload and mea-
surement protocol as the comparative query experiment.

Table 9. Query latency under functionally equivalent layer ablation.

Task Method Mean [95% CI] (ms) P95 (ms) SD (ms)
Current object-state Full BiTE 0.726 [0.710, 0.744] 1.053 0.198
w/o Current State Layer 1.191 [1.092, 1.302] 3.538 1.229
Airport current overview Full BiTE 3.680 [3.502, 3.865] 13.704 2.019
w /o Current State Layer 23.189 [22.666, 23.735] 34.109 6.057
Historical state Full BiTE 1.364 [1.310, 1.423] 2.882 0.651
w/o State Version Layer 10.832[9.814, 11.848] 41.798 11.561

Note: Bold values indicate the best query latency results among the compared methods.

Full BiTE achieved lower mean, P95, and standard-deviation values across all three
tasks. Removing the Current State Layer had a relatively limited effect on single-object
retrieval but substantially increased the cost of airport overview queries, which required
multiple current states to be selected and aggregated from version histories. Similarly,
reconstructing historical states from event evidence increased both latency and dispersion
because the relevant events had to be replayed and temporally ordered at query time. The
materialized layers therefore improved performance and stability without changing the
returned object-state semantics.

To examine whether these improvements justify the additional storage, Table 10 relates
the retained storage volume to the mean query latency of each configuration.

Removing the Current State Layer reduced total storage by only 3.19%, while increas-
ing mean latency to 1.64 x for current object-state retrieval and 6.30x for airport overview
retrieval. The modest storage reduction therefore came at a substantial performance cost,
particularly for aggregated current-state access. Removing the State Version Layer reduced
storage by 18.66%, but increased historical retrieval latency to 7.94x. These results demon-
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strate that the two materialized layers introduce measurable but limited storage overhead
in exchange for substantially faster state access.

Table 10. Storage-latency trade-off under layer ablation.

Configuration Task Storage (MB) Relative Storage Relative Mean Latency
Full BiTE All 113.168 1.00x 1.00x
w/o Current State Layer Current 109.562 0.97 x 1.64 %
w/o Current State Layer Overview 109.562 0.97x 6.30x
w/o State Version Layer Historical 92.051 0.81x 7.94 %

Note: Storage and latency are normalized to Full BiTE; latency ratios are calculated within the corresponding
query task.

Unlike the functionally equivalent layer ablations, lifecycle-maintenance ablation
deliberately disables the processing of replacement, cancellation, and expiration effects.
It therefore evaluates the semantic role of lifecycle maintenance rather than its storage or
latency contribution. Table 11 reports its effect on current-state retrieval.

Without lifecycle maintenance, recall remained at 100.00% because the valid current
states were still included in the query results. Precision, however, decreased to 24.10%,
and the over-return rate reached 75.90%, indicating that replaced, cancelled, and expired
states were retained alongside the valid states. The increase in cumulative returns therefore
represents obsolete result occurrences rather than additional valid or unique current states.

Table 11. Current-state retrieval under lifecycle-maintenance ablation.

Method P R F1 Over-Return Cumulative Returns
Full BiTE (reference) 100.00% 100.00% 100.00% 0.00% 7612
w/o Lifecycle Maintenance 24.10% 100.00% 38.84% 75.90% 31,581

Note: Cumulative returns count all result occurrences across 500 queries; repeated returns across different queries
are retained.

Overall, the ablation results distinguish the roles of the three mechanisms. The Current
State Layer provides an efficient materialized projection for current and aggregated access,
while the State Version Layer supports direct and stable historical retrieval. These layers pri-
marily determine the storage-latency trade-off, whereas lifecycle maintenance determines
whether superseded states are correctly excluded from current operational views.

6.5. Auxiliary Query-Intent Parsing Results

This section reports the auxiliary evaluation of structured query-intent generation from
informal bilingual operational questions. All results were calculated against the manually
established Gold intents under the common experimental setting. Table 12 presents the
comparative results.

Table 12. Auxiliary query-intent parsing performance.

Model Micro Precision ~ Micro Recall Micro F1 Slot Accuracy
Rule-based parser 0.5796 0.5524 0.5657 0.5369
Phi-4 Mini Instruct [57] 0.8851 0.7739 0.8257 0.8523
Llama 3.2 Instruct 0.8764 0.8015 0.8373 0.8677
GPT-5.4 nano 0.8511 0.9045 0.8770 0.8708
Gemma 3 Instruct [56] 0.9055 0.8668 0.8858 0.9046
Qwen3.5 Instruct 0.9514 0.8367 0.8904 0.8969
Qwen3-VL Instruct [58] 0.9299 0.8995 0.9144 0.9262
DeepSeek-V4-Flash 0.9349 0.9576 0.9461 0.9608
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All LLM-based parsers substantially outperformed the rule-based baseline, indicating
that fixed lexical rules were insufficient to cover the informal and heterogeneous question
formulations. As illustrated in Figure 3, DeepSeek-V4-Flash achieved the best overall
performance, with a Micro F1 of 0.9461 and slot accuracy of 0.9608, followed by Qwen3-VL
Instruct. The precision-recall differences further indicate that some models tended to
omit required conditions, whereas others introduced conditions not fully supported by
the question.

T T T
o 0.8257 Micro F1
-4 7
Phi-4 Mini Instruct 10.8523 Slot Accuracy
0.8373 -
Llama 3.2 Instruct 10.8677
]0.8770 i
GPT-5.4 nano [0.8708
s Gemma 3 Instruct |o.858 ]
§ ] 0.9046
10.8904 i
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[0.9144 i
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DeepSeek-V4-Flash ] 0.9608
" " " " 1 " " " " 1 " " " " 1 " " " "
0.80 0.85 0.90 0.95 1.00
Score

Figure 3. Performance comparison of LLM-based intent parsers.

Manual inspection showed that explicit aerodrome codes and clearly stated target
references were generally identified reliably. The remaining errors were concentrated in
mixed query scopes, implicit status expressions, and temporal conditions. Airport-wide
questions emphasizing selected object categories were occasionally interpreted as single-
type queries, while expressions such as “restricted” or “affected” could be mapped to
overly specific status values. Informal and relative time expressions also increased the
difficulty of historical-intent generation.

The results demonstrate the technical feasibility of mapping bilingual operational
questions to the structured query schema of BiTE. This auxiliary experiment evaluates
intent parsing rather than usability improvement over conventional querying; after intent
generation, state selection and source tracing remain deterministic database operations. A
comparative user study is left for future work.

6.6. General Discussion

Within the studied corpus and workload, BiTE outperformed the representative
message-oriented, relational-bitemporal, and RDF-based implementations in object-state re-
trieval. Functionally equivalent ablations preserved query semantics but increased latency,
showing that the materialized layers trade storage for access efficiency. By contrast, dis-
abling lifecycle maintenance caused substantial over-return of obsolete states, confirming
its contribution to current-state correctness.

The novelty of BiTE lies not in bitemporality, event sourcing, or versioning individually,
but in coordinating them with object-level notice decomposition and NOTAMN, NOTAMR,
and NOTAMC lifecycle semantics. BiTE complements AIXM and Digital NOTAM, which
primarily support structured representation and exchange [5,16]; such structured records
could also serve as inputs to the same state-maintenance framework.
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MongoDB was selected as the engineering backend because its document model
accommodates heterogeneous payloads and its compound indexes support multi-attribute
bitemporal queries and direct access to materialized states. This choice is not an inherent
constraint of BiTE, which could also be implemented using relational, wide-column, or
graph-oriented databases. The experiments therefore assess the current implementation
rather than claim that MongoDB is universally superior.

BiTE remains a research prototype rather than an operational system for safety-critical
applications. Non-canonical temporal qualifiers, overlapping intervals, and insufficient
object-key granularity can still propagate errors to downstream states. The query work-
load covers three core operational access patterns but does not include complex interval
joins, cross-object analytical queries, or concurrent read—write workloads. Operational de-
ployment would require broader external validation, uncertainty and exception handling,
human oversight, and appropriate safety assurance. The natural-language experiment
likewise evaluates only auxiliary intent-parsing feasibility.

7. Conclusions

This paper proposed BiTE, a bitemporal event-centered database framework that
organizes normalized object-level events derived from textual NOTAMs into traceable state
histories and current-state projections. Its contribution lies in coordinating event evidence,
bitemporal versioning, materialized projection, and NOTAM-specific lifecycle semantics
rather than in any of these mechanisms individually. A MongoDB-based prototype was
evaluated using 44,591 NOTAMs from five U.S. aerodromes, independent manual refer-
ences, representative database baselines, and functionally equivalent ablations. The results
showed high but non-perfect semantic correctness and superior query performance under
the studied workload. Layer ablations preserved normalized query semantics but increased
latency, whereas disabling lifecycle maintenance caused substantial over-return of obsolete
states. BiTE therefore provides a research-oriented foundation for object-state management
rather than message-level NOTAM archiving.

Limitations and Future Work. The evaluation covers one year and five aerodromes
and therefore does not establish generalizability across regions, regulatory environments,
or longer operational periods. BiTE also depends on the availability and quality of its
normalized inputs. When a referenced predecessor notice is absent or cannot be aligned
with an object-level state, the lifecycle event is preserved as evidence but the corresponding
version cannot be closed or replaced. Noisy Q-codes, ambiguous Item E descriptions, non-
canonical temporal qualifiers, overlapping intervals, and insufficient object-key granularity
may likewise propagate errors to state histories and query results.

MongoDB provides structural flexibility but does not eliminate semantic schema
evolution. New information types, revised payload fields, or changes in object-key gran-
ularity may require versioned schemas, migration rules, and reconciliation of existing
states. Integrating heterogeneous sources such as Digital NOTAM and AIXM may also
introduce inconsistent identifiers, temporal conventions, duplicate updates, and conflicting
state assertions. The current query workload covers three core operational access pat-
terns but does not include complex interval joins, cross-object analytics, or concurrent
read—write workloads.

Future work will examine schema versioning, source-priority and conflict-resolution
rules, and uncertainty-aware temporal normalization, and will extend the evaluation to
multi-region data, complex temporal and analytical queries, multi-airport aggregation,
concurrent updates, and streaming access conditions. The present implementation has
not been assessed for fault recovery, authoritative-data reconciliation, or aviation safety
certification. BiTE should therefore be regarded as a research prototype; safety-critical
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deployment would require human oversight, exception handling, comprehensive external
validation, and the applicable assurance processes. The natural-language component
remains an auxiliary intent-parsing experiment and would require separate usability and
safety evaluation before operational use.
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Abbreviations

The following abbreviations are used in this manuscript:

AIM Aeronautical Information Management

AIP Aeronautical Information Publication

AIRM Air Traffic Management Information Reference Model
AIXM Aeronautical Information Exchange Model

ATM Air Traffic Management

BiTE Bitemporal Event-Centered Database Framework
CNS Communications, Navigation, and Surveillance
ICAO International Civil Aviation Organization

JSON JavaScript Object Notation

LLM Large Language Model

NOTAM Notice to Air Missions

NOTAMC Cancellation NOTAM

NOTAMN New NOTAM

NOTAMR  Replacement NOTAM

RDF Resource Description Framework
SQL Structured Query Language

Appendix A. Configuration of the Auxiliary Query-Intent Parsers

Table Al lists the exact model identifiers, providers, and parameter scales used in
the auxiliary experiment. All models were accessed on 17 June 2026. The open-weight
models were deployed locally from their official checkpoints, whereas GPT-5.4 nano and
DeepSeek-V4-Flash were accessed through their respective official APIs.
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Table A1. Models used in the auxiliary query-intent experiment.

Model Model Identifier Provider Scale
Rule-based parser Custom deterministic rules Local implementation -
Phi-4 Mini Instruct microsoft/Phi-4-mini-instruct Microsoft/local 3.8B
Llama 3.2 Instruct meta-llama/Llama-3.2-3B-Instruct Meta/local 3.21B
GPT-5.4 nano gpt-5.4-nano-2026-03-17 OpenAI API Undisclosed
Gemma 3 Instruct google/gemma-3-4b-it Google/local 4B
Qwen3.5 Instruct Qwen/Qwen3.5-4B Alibaba Cloud /local 4B
Qwen3-VL Instruct Qwen/Qwen3-VL-4B-Instruct Alibaba Cloud /local 4B
DeepSeek-V4-Flash deepseek-v4-flash DeepSeek API 13B active

The open-weight models used their native chat templates with greedy decoding,
temperature=0, top_p=1, do_sample=false, max_new_tokens=256, and a fixed seed of 2026.
GPT-5.4 nano used reasoning_effort=none and max_output_tokens=256. DeepSeek-
V4-Flash was evaluated in non-thinking mode with temperature=0, top_p=1, and
max_tokens=256. Tools and function calling were disabled, and each question was evalu-
ated once. Only text input was used for the multimodal models.

All LLMs received the same zero-shot semantic instructions, while their native chat
templates were used to construct the model-specific input format. The common prompt
followed the structure below.

You are a deterministic query-intent parser for the BiTE
aeronautical information database.

Convert one Chinese or English user question into exactly one
JSON object. Return JSON only. Do not provide explanationms,

Markdown, or additional fields.

Output schema:

{
"query_scope": "...",
"aerodrome": "...",
"object_type": null,
"target_ref": null,
"status_filter": null,
"business_time": null,
"system_time": null

}

Allowed query_scope values:

- "current_state": current status of a specified object,
object type, or operational condition.

- "airport_overview": the complete current operational view
of an aerodrome.

- "historical_state": the state of an object or aerodrome
at a specified past time.

Allowed aerodrome values:
- "KATL", "KBOS", "KCLT", "KJFK", or "KLAX".

Allowed object_type values:

- "runway", "taxiway", "apron", "navaid", "procedure",
"facility_service", "weather_surface",
"maneuvering_area", "airspace", or null.

Allowed status_filter values:
- "CLSD", "U/S", "LIMITED", "OPEN", or null.

Temporal fields:

- business_time: the operational validity time expressed in
IS0 8601 UTC format, or null.

- system_time: the database visibility or knowledge time
expressed in IS0 8601 UTC format, or null.

Rules:

1. Use "historical_state" when the question explicitly refers
to a past operational or database time.
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2. Use "airport_overview" for airport-wide or multi-object
current queries.

3. Otherwise, use "current_state".

4. Leave temporal fields null for current queries unless a
specific time is explicitly stated.

5. Do not infer an object, status, or time that is unsupported
by the question.

6. Use null for unspecified optional fields.

7. Return exactly the seven required keys.

User question:
{question}

The rule-based parser produced the same seven-field output structure. Aerodromes
and target references were identified using dictionaries and regular expressions. Bilingual
lexical rules were used to determine query scope, object type, and status, while explicit
date and time expressions were normalized to ISO 8601 UTC values. Unresolved fields
were assigned null values.
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