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ABSTRACT

The US Air Force training enterprise is in the process of evolving to become more adaptive and responsive to the
individual student. Initiatives such Air Education and Training Command’s (AETC’s) Pilot Training Transformation
and those led by the Gaming Research Integration for Learning Laboratory (GRILL) have invested in technology and
process improvements to deliver a more holistic, adaptive training environment to the warfighter. However, current
data infrastructure has complicated modernization efforts. Existing training data from various sources are often
stovepiped, use different data standards, and are difficult to cross-reference. Without a method to integrate data across
sources, training and policy decisions cannot be driven by data.

To address this issue, this paper discusses a modular framework for synthesizing training data across disparate sources
to create actionable insights. The framework must accommodate data in the state it exists today, be adaptable to
change, and inform the data infrastructure of tomorrow. This paper will discuss an exploratory effort to integrate
student pilot data across multiple sources and data standards into meaningful insights that can drive training. Overall,
this integration across data sources will enable a more holistic view of student proficiencies to provide a basis for data-
driven decisions on optimal training pathways tailored specifically to the student.

We illustrate this framework by integrating data from two primary sources (gradebook data and raw time series data
logs from flight simulators) to better understand performance on specific maneuvers. First, relevant items and their
associated grades are extracted from existing training gradebooks. Second, machine learning algorithms extract
maneuver-level information from simulator data and quantify performance. Finally, data from both sources are used
to predict performance on future maneuvers. Integration of disparate training data sources in this way offers a pathway
to generate informed, data-driven decisions for Air Force training strategies.
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INTRODUCTION & BACKGROUND

The US Air Force (USAF) training enterprise is in the process of evolving to become more adaptive and responsive
to the individual student*?. Multiple initiatives®*5 envision a future where students receive individualized, adaptive
training across multiple modalities supported by the right level of fidelity in each and with training feedback
immediately available to both students, instructors, and command staff. These changes all feed the larger
requirement that pilots be trained in less time, using less resources, while attaining the same or higher levels of
proficiency. Ongoing pilot shortages® and increasing cost-per-flight-hour platforms”® only highlight these concerns.

The current learning ecosystem has its roots in training paradigms that can be traced to World War Il-era processes.
These can be characterized by 1) datasets that are captured in isolated data systems and are typically digitized
versions of legacy pen-and-paper collections, 2) reliance on subject matter expertise and the subjective judgements
of instructors, and 3) processes built on the assumption that all students have similar backgrounds with the same
underlying level of ability and do not account for additional context regarding the student. Digital transformation of
these existing systems and processes will require a fundamental re-thinking of why data is being captured and how it
can be used (and re-used) to improve training outcomes.

The inertia of these existing processes, as well as the sheer scope of digital transformation in large enterprises such
as the USAF, means these changes will take substantial time and necessitate incremental changeover. However, the
current state of geopolitics — active conflicts in Europe and the Middle East and an elevated posture in the Indo-
Pacific — requires training outcomes to improve today. Higher readiness, proficiency, and pilot production cannot
wait for training data infrastructure to evolve. Innovative approaches are required that both make use of today’s data
systems as well as allow for growth into tomorrow’s data landscape.

This paper introduces a data analytics framework that focuses on the aggregation, synthesis, and sense-making of
heterogeneous student pilot training datasets. We will discuss characteristics of different existing datasets across the
USAF career spectrum and how they can be standardized to provide insights about the airman’s abilities and
training, even in instances of sparse, noisy data. Example use cases of augmented training improvements through
automated maneuver extraction, event performance assessment, and training outcome forecasting highlight potential
outcomes of the framework.

1 https://www.aetc.af.mil/News/Article-Display/Article/3631159/forging-a-foundation-basic-military-training/

2 https://www.af.mil/News/Article-Display/Article/3833809/mission-over-function-developing-combat-effective-
airmen-for-great-power-compet/

3 https://www.af.mil/News/Article-Display/Article/2044311/pilot-training-next-begins-third-iteration-january-2020/
4 https://www.learningprofessionals.af.mil/News/Article/2985936/upt-25-a-new-start-for-tomorrows-pilots/

5 https://sgp.fas.org/crs/weapons/IF12257.pdf

5 https://www.airforcetimes.com/news/your-air-force/2023/03/03/perennial-pilot-shortage-puts-air-force-in-
precarious-position/

7 https://www.defensenews.com/air/2021/12/01/with-t-7-on-the-way-why-is-acc-eyeing-a-new-trainer/

8 https://www.gao.gov/assets/gao-23-106205.pdf
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Current State of Training Data Infrastructure & Project Motivation

Current USAF training data systems are broadly characterized by stovepipes and roadblocks. Data is often captured
for a specific purpose, sometimes even on a specific data infrastructure, with little consistency or integration across
other systems. This can manifest in simulators that have proprietary data standards (and lack interoperability with
other systems), aircraft flight records that are never stored (and therefore cannot inform future training), or event
grading records that are only applied for a subsection of a pilot’s career (and therefore lack training continuity across
the trajectory of the career). This landscape means any effort to describe current proficiency levels of pilots, predict
future proficiency, or provide adaptive training must deal with inconsistent, missing, and unintegrated data.

Due to the urgency of improved readiness and proficiency outcomes, a path to data integration must be started today
and cannot wait for long-run digital transformation initiatives to resolve flaws of the current state. The solution
framework has several macro-requirements to meet the needs of the Air Force:

o Data to Skill Mapping — the Air Force is highly intentional about identifying which skills are important to
pilot success; however, most training data are not easily correlated back to a given skill(s)

o Data Segmentation and Extraction — training events very often involve multiple elements that happen in
sequence and / or overlap. Data analysis techniques must be able to segregate mission elements and extract
them in a consistent manner without the need for human intervention.

o Data Integration and Weighting — standard formatting and transfer mechanisms must be in place for
training records to be accessible and useful throughout a pilot’s career. Multiple component measures need
to be weighted according to construct coverage, recency, data quality, and transferability.

e Predictive Validation — analytical methods can be highly affected by missing and erroneous data.
Validation mechanisms that are upstream and gatekeep data integrity can alleviate future roadblocks.

e Updated Training Data Infrastructure — changes will be required into how data is stored, integrated, and
accessed. The need for these changes will be highlighted by roadblocks encountered during ongoing efforts

Shortcomings of USAF training have long been identified: isolated data systems, reliance on subjective assessments,
and assumptions of uniform student ability. In response, various attempts have been made to address these
challenges, though many have been limited in scope and impact. Efforts in areas such as automated performance
assessment, predicting proficiency and performance, and developing robust training data infrastructure have shown
promise. Notable research and initiatives in these areas provide a foundation for understanding the advancements
and remaining challenges in USAF training.

Data to Skill Mapping

Historically, the use of subjective grade sheets made data to skill mapping straightforward. Direct mappings and
reliance on the judgments of subject matter experts (SMESs) to adjust for context ensured reasonable accuracy, but
these methods were subject to inter-rater and intra-rater reliability issues. Additional challenges included attention
span, accuracy, cognitive load, and work hours, making the process time-intensive and prone to missing critical
information due to human limitations. These challenges can be categorized into three general areas:

Data Fragmentation: Current systems are fragmented, with data captured in isolated silos, making integration and
effective utilization challenging. Frames of reference often vary within and across sites, as do data standards.

Data Quality: Issues such as inconsistencies, inaccuracies, and incomplete data further complicate the process of
mapping data to skills.

Human Factors: Human limitations, including cognitive overload, fatigue, and variability in SME assessments,
affect the reliability and comprehensiveness of training evaluations.

With the advent of data collection devices, we can now capture performance metrics that far exceed human capacity.
For instance, in air-to-air scenarios, we can track the exact loft, pitch, and yaw angles, MACH, and altitude
differential at weapons launch. We can precisely identify how many times all members of a four-ship incur
Minimum Acceptable Risk (MAR) violations, how long they stay in MAR, and whether they violate specific
mission elements such as acceptable levels of risk or airspace restrictions. These capabilities are beyond the scope of
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what a single instructor — or even a team of instructors — could achieve at the pace required for modern production
goals.

This technological advancement has led to the development of new metrics that can be objectively harvested. Each
metric represents a piece of a larger skill set. No single metric can fully represent a skill; instead, multiple metrics
must be combined to generate a comprehensive representation of performance and proficiency. Additional data are
needed to capture contexts that moderate proficiency estimates, presenting a substantial challenge.

The solution requires at least three primary elements: First, data must be integrated to provide a robust
representation of knowledge, skills, and competencies. This requires mapping available objective metrics to skills
and merging them with subjective holistic assessments provided by SMEs when possible. This integration aims to
provide a more accurate and holistic view of a trainee’s abilities. Second, a robust technological framework is
required to aggregate, synthesize, and analyze the data. This framework will leverage advanced data analytics
techniques to handle the vast amount of data collected. Finally, the process of combining and weighting component
metrics must be transparent and comprehensible to the informed observer. This transparency ensures accountability
and trust in the evaluation process.

Determining how these components come together, their weighting, and the confidence they provide in estimating
trainee abilities must be addressed; and SME interpretation of the collected data and skill estimates is required.
Furthermore, the way component metrics are combined and weighted cannot be opaque; it must be transparent and
comprehensible to the informed observer.

Data Segmentation and Extraction

Harnessing relevant metrics based on communication patterns, Time-Space-Position Information (TSPI) data,
weapons logs, and relational positioning between assets and enemies at a rate of several cycles per second is a
problem that has been addressed at a basic level. For example, Schreiber and Bennett (2006) demonstrated how
these data points can be captured and utilized effectively to assess pilot performance on multiple process and
outcome metrics almost 20 years ago. This approach of using rule-based metrics that were independently
represented and combined to provide broad insight into trainee performance has been used for a subset of
performance tasks: weapons employment, formation responsibilities, and mission outcomes, but has failed to extend
to a broader set of skills.

The next phase is to identify, isolate, and evaluate specific behavioral and tactical events that occur within the
context of a larger training activity. For instance, if a fast jet penetrates a Surface-to-Air Missile (SAM) ring, is
targeted, and performs a maneuver to kinematically defeat an incoming missile, evaluating this maneuver involves
more than just a binary outcome of survival. It encompasses elements like energy management, timing/reactions,
and path of safety (e.g., avoiding other violations, maintaining deconfliction with other assets, or not entering
another SAM ring). To accomplish this, a system needs to identify when the maneuver started, when it ended, and
evaluate the contextual values that determine its success.

Machine-Learning Approaches. Early attempts, such as those by Zaspel (1997), used machine learning (ML) to
automate performance assessment of complex skills but were limited by small, noisy datasets. More recent efforts,
like those by Caballero, Gaw, Jenkins, and Johnson (2023), have captured physiological data during isolated
landings in T-6 simulators. Similarly, Wilson, Scielzo, Nair, and Larson (2020) detected eye movements for takeoff,
cruise, and landing assessments, and Zlatkin (2024) assessed fuel tanking performance. These successes demonstrate
ML’s utility in highly repetitive, controlled training contexts. However, the continuous, complex, open-loop nature
of military training presents challenges such as synchronizing different data collection tools, segmenting relevant
data sections, and extracting features for proficiency classification. While ML-based approaches are being
developed to address these challenges, they require extensive data and focused applicability.

Rule-Based Approaches. Rule-based methods, prevalent before ML's rise, still offer valuable capabilities. Bessey,
Waggenspack, Schreiber, and Bennett (2022) identified logic-based rules to determine key event timings in USAF
training scenarios, aiding synchronization, segmentation, and performance data extraction for specific events.
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Similarly, Arar and Ayan (2013) used known anchor points for performance assessment, building on McCoy and
Rantanen’s (2000) successes in fighter and commercial aviation domains. These techniques require knowledge of
ideal training profile parameters, which are fortunately often explicitly stated in USAF training materials. For
mission elements with clear parameters, such as takeoffs, landings, and one-on-one weapon engagements, rule-based
algorithms may offer a resilient performance assessment approach, functioning effectively even without robust
training datasets. They are labor-intensive, however, and must be reconfigured or calibrated as technology and
capabilities evolve.

Data Integration and Weighting

A third aspect of the solution framework involves integrating and weighting disparate data sources. In the previous
‘out’ maneuver example, objective network-based data collection tools can capture metrics such as range, energy
loss, closure rates, airspeed, g-load, reaction time, and deconfliction spheres, which provide significant insights into
the pilot's proficiency. However, these tools may not capture critical contextual information, such as acceptable
levels of risk, jamming interference, special instructions from the air tasking order, operational area restrictions, and
broader mission objectives. These contextual factors can significantly influence the pilot's behavior and overall
performance.

SME ratings offer a holistic assessment by considering all these components but are susceptible to the pitfalls of
subjective data, such as inter-rater and intra-rater reliability issues. The primary challenge with objective data lies in
identifying which metrics are relevant to a given skill, determining the extent to which they cover the skill,
evaluating the robustness of these measures relative to contextual variables, and deciding how they should be
combined to represent the skill accurately.

When merging objective data with subjective SME ratings, it is essential to consider the weighting of each data
source. This includes setting appropriate cross-validation thresholds, incorporating warnings or flags where
necessary, and determining the best methods for representing the integrated data to inform training and deployment
decisions effectively. By addressing these challenges, we can develop a more comprehensive and reliable
framework for evaluating pilot proficiency. An effective solution must address these issues and provide a balanced,
integrated representation of performance.

Predictive Validation

A final aspect of the solution framework involves prediction validation, which is essential to ensure the usefulness
and integrity of the data within USAF training programs. Past efforts to establish predictive models have examined
some broad-brush outcomes and have been mixed. Giddings (2020) took a broad lens to potential drivers of pilot
success in undergraduate pilot training — entrance exams, demographics, and initial training scores were included to
provide additional context. However, results showed even the best suited ML methods (in this case Naive Bayes)
could only provide a 50% accuracy rate of predicting failed training events. Jenkins, Caballero, and Hill (2022) saw
marginally better accuracy with the inclusion of additional contextual data like academic degree and source of
recruitment. An internal study by the USAF from Himes, Scanland, Aleguin, and Morey (2020) demonstrated that
expanding truth data to downstream outcomes after initial training at the formal training unit (FTU) could be used to
highlight which upstream training elements were most likely to predict a successful or failing pilot career.

There are several takeaways from these efforts. First, data models must be adequate for the questions they are
addressing. These efforts tried to make a long-term prediction from overly broad data that does not capture many of
the motivational, life-event, contextual, relational, and broader contextual variables that influence relevant
outcomes. Second, the expansion of truth data to downstream outcomes is essential to identify the relative value of
different data sources. Third, we must consider the observed range of each predictive variable. The range of each
predictive variable was significantly truncated by other selection and recruitment activities that had already removed
most of the pilots that would fail, which is good to manage costs but hamstrings predictive models.

These issues represent two underlying challenges: missing data and erroneous data. Data gaps can exist for a variety
of reasons. Most research on dealing with missing data deals with missing cases of data, caused by data collection,
entry, or privacy issues which can be addressed through data imputation or augmentation. The more genuine
problem that the current effort faces is data that is missing because it was simply not possible logistically to collect,
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or that its value was not recognized at the time of the event. Erroneous data is a larger problem when data generation
models are inaccurate, technologies change and models that represent them are not updated, or coding errors are not
detected.

The solution framework requires an extension of the data integration element here, such that SME insights should
guide the specification of which variables matter and how much they matter, how variables should be combined to
represent skills, and what contextual variables are needed to moderate basic representations. In this way a fuller data
model can be achieved, and gaps can be identified to account for predictive limitations. Further, error detection
algorithms should be implemented to ensure that auto-collected objective values that are ‘out of range’ are flagged
as subjective ratings that seem inconsistent with objective metrics that contain performance threshold violations.
This requires a data infrastructure that has several necessary components described in the next section.

Training Data Infrastructure

Future demands on training data infrastructure are substantial including: size and accessibility of data storage,
integration across classified environments, data integrity, privacy, and the curation and maintenance of data sets.
Yang, Yu, Lammers, and Chen (2021) provided a framework for instructor assistance through automated
performance data capture and assessments; however, the assumption that ML techniques were required pushed the
solution to dictate capturing of truth data that may not be financially and politically feasible for all training
communities. Hernandez and colleagues (2022) focused more on the semantic layer of how training experience is
described and offers a core foundation for repeatable approaches across training communities. Forrest, Hill, and
Jenkins (2022) explored how such a framework can be exploited to automate the recommendation of upcoming
training events to maximize learning effectiveness. These efforts point towards an unbiased data layer that is
agnostic of analytical techniques is the proper approach and one that allows the most future-proof data
infrastructure. There are fundamental changes needed to training data infrastructure to ensure future success are:

Centralized Storage First, data must be centrally stored — efforts such as BLADE (a central repository for
maintenance and logistics data) and the AFRL Data Lake (repository of detailed training logs) have begun down this
path, but disconnected datasets remain, especially for detailed event data from aircraft / simulators.

Data Standardization Second, data must be available in standardized data formats. This standardization may not
necessarily need to be pushed to source data capture mechanisms but could instead be a translation layer that
extends heterogeneous datasets into a common language. This approach of not enforcing standardization at point of
data capture alleviates potential points of pushback from manufacturers, service providers, and differing
communities.

Security Flexibility Third, the security classification of the underlying data and derived analyses must be met head
on. A holistic system touching a pilot’s career of training will span from open records to unclassified to highly
classified, while also incorporating PIl and PHI. This cannot mean, however, that the entire system be maintained to
these standards for all use cases. Instead, novel data architecture designs should be employed that segment data at
the dataset (and if possible, the data field or record) level. Data anonymization, deidentification, and synthetic
aggregation should also be employed to ensure broad and rapid collaboration while maintaining proper security
boundaries.

Designed for Evolution The last, and most philosophical, change is that design decisions need to facilitate and
accommodate even more change. IT systems no longer have generational lifecycles. They are relevant for a fleeting
period, and are then either rapidly improved with new functionality, or replaced. This means integrations should be
loosely coupled, data properties should be generic, and storage should be agnostic of underlying data formats. Building
for the future means not cementing decisions today.

To summarize, despite these various attempts to address issues in USAF training data systems, past approaches have
faced significant challenges. Automated performance assessments often struggled with limited data and noisy
features, while prediction efforts were hindered by broad, binary outcome measures and a lack of fine-grained
performance data. Training data infrastructure efforts, meanwhile, have frequently been constrained by isolated,
unstandardized data systems and the logistical difficulties of integrating data across classified environments. These
shortcomings underscore the need for a holistic, integrated framework that can overcome these pitfalls. This
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framework must ensure consistent data capture, integration, and accessibility, while also accommodating future
technological advancements. Addressing these needs requires a solution that supports the USAF's evolving training
requirements through modular and multi-faceted data integration.

Solution Framework

Considering these previous efforts, a data integration solution must be modular and multi-faceted. Data will be used
for a multitude of purposes — some of which cannot be known at the time of architecture but will instead emerge
over time with new technological or algorithmic breakthroughs. The goal of the data infrastructure layer then is
purely to capture data and transform it into standardized and documented formats that can be easily accessible for
future efforts.

On this front, the two primary artifacts from training events — event logs and grade sheets / after-action reports —
each have partial, existing compliance with a stable, reusable system.

Event logs are detailed data created by the training asset — primarily simulators and aircraft sensors. Due to the
security classification and logistics of retrieving data from air vehicles, simulator data is typically more likely to be
available in data systems of record although both have historically been used for teaching / de-briefing and then
discarded or kept on isolated data systems. The data format of event logs is also highly variable, changing from one
original equipment manufacturer to another.

Grade sheets / event reports in the USAF are primarily captured through Training Integration Management System
(TIMS), Graduate Training Integration Management System (G/TIMS), and Aviation Resource Management
System (ARMS) that are sequentially encountered through a pilot’s career. These data systems have historically
been isolated to a server hosted at each air base with limited or no syncing of data between installations. While
TIMS and G/TIMS data have relative consistency in data captured, ARMS’s focus on operational pilot needs means
different data is capture with pilot performance being a key property excluded.

The solution architecture is shown below in Figure

1. 1t shows the artifacts generated by training gy
events today and then layers on the major —
components required for a future of adaptive, — ™mmetert Gradle sheet Vision

responsive training. Training events result in both

detailed flight / simulator data as well as flight log "
/ grade sheet data. Detailed flight / simulator data |ﬁ ®\ @ | - E

often comprise millions of data points that require  etiledriight  paneuver Extraction Training Mistorical  Reak-Time Performance
. . / simulator & Performance Results Trends & Feedback

preprocessing such as maneuver extraction and Data Assessment Carrelations T

other types of perfqrman_ce assessments to produce —_ | N

meaningful learning insights. While current integrated L . Proficlency Modeling

sources of data tend to be siloed, it will be  Enterprise — I

. . . .. . Decision- — Tactical Training Resource Capacity

important in this future vision to combine both Making I

sources of data into a single repository for training % Strategic Training Flanning

results. Consolidating data in a single repository Figure 1. Data Integration Framework Topology.

enables multi-modal analyses, correlating data

from multiple sources to yield historical trends. This information can also be used to generate real-time performance
feedback. Decision-making based on this model will then involve iterative feedback loops between modeling of
student proficiency, available resource capacity for tactical training, and the overall strategic training plan for students.
The major phases of approaching this solution state are as follows:

1. Consolidation and Standardization of Data — the consolidation side of this effort is already underway through
several Digital Transformation initiatives, such as the Air Force BLADE data lake which collects maintenance
and other logistics data across multiple systems (e.g. IMDS [maintenance], REMIS [reliability], CEMS [engines])
from multiple air bases. The standardization side is set to follow. For event logs, the Distributed Interactive
Simulation (DIS) standard maintained by Institute of Electrical and Electronics Engineers (IEEE) has become the
de facto standard for modern simulators (IEEE 1278.1-2012, 2012) and is the most likely candidate for this
purpose. For event reports, the desired standards are less apparent. The most promising is the Experience
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Application Programming Interface (xAPI) standard, also maintained by IEEE, which describes a learner’s
experiences over time (IEEE 9274.1. 1-2023, 2023). Although this phase is discussed in this paper, this is not the
primary focus of the current research.

2. Learner Analytics — once data are available in an accessible and standardized format, the layering of analysis
methods that extract maneuver and performance information, as well as forecast learner performance trends are
required. This is the direct tie into many of the proficiency-based training and adaptive learning outcomes stated
in multiple USAF training initiatives. This connection is the core of the proceeding research.

3. Connection to Enterprise Decision-Making — there exists a higher level of data-driven decision making that has
not been discussed, but which is fed by the same data infrastructure and therefore shares many of the same
roadblocks. Proactively planning for syllabus changes, prioritizing training technology and infrastructure
investments, and future force planning for emerging requirements are all examples of decisions that could be
improved when connected to live training outcomes.

CASE STUDY

To Ilustrate how this framework could be operationalized, we will apply it to real data collected during
undergraduate pilot training (UPT) paired with synthetic data generated as part of the AFRL Datapalooza effort.
Datapalooza was designed to generate synthetic training data for a variety of research and development purposes.
These data are intended to be representative of the actual types of data that are produced throughout USAF training
but at an unclassified level.

Data were produced by an experienced pilot executing the same mission of as one of three personas: Moe (above
average performance), Larry (average performance), and Curly (below average performance). A total of thirty-six
data sets were produced for a simple, unclassified mission set, with twelve runs for each persona (see Figure 2). The
adversaries in the data were a mix of maneuvering and non-maneuvering entities using variable maneuvers.
Additionally, six of the runs each have “clutter” (non-factor entities that function as event noise in the run) while six
have no clutter. The runs involve radar acquisition of an adversary, long-range missile shot, execution of a Stern
Conversion, and a short-range missile shot at the adversary’s close 6 o’clock.

Grade Sheets

Subjective measures of performance on each of the PilotProfiles  EventNoise  ThreatLevel Sy"t;?t'rcixbata
thirty-six runs were captured in mock grade sheets 7
(see Figure 2). The primary purpose of these grade Larry on Low
sheets was to offer a roadmap of what made each Curly X x =
run above average (Moe), average (Larry), or Moe ort Hign

below average (Curly). Like conventional grade .

sheets, performance was graded on a 6-point scale Figure 2. Datapalooza Synthetic Dataset

that included Not Observed (NO), Unsatisfactory DATAPALOOZALEVEL T muner [STr | Red Hibot Early |
(0), Below Average (1), Average (2), Above MOE e A | o R MvR_HoT_EARLY W
Average (3), and Excellent (4). Because each persona IR = M Y g

was based on a given proficiency level, scores in the 11
grade sheets tend to cluster around Above Average, :
Average, or Below Average. In practice, scores on :
actual grade sheets often tend to cluster around

Satisfactory with little variability across items.

5 m Al
OO

PECIFIC REMARK;

EEsEEE
EEEEE N

It is important to note that the intent was not to exactly
emulate USAF formats, as some elements were
excluded while others were added. Non-standard items
include the absence of rater (instructor pilot) .
information. Additionally, some grading tasks/subtasks e i
were more detailed than a standard grade sheet, il B
particularly the stern conversion, which was rich in
numeric parameters to aid in algorithm development.
Shields were maintained on entities to avoid re-

Figure 3. Sample Grade Sheet.
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initializing the simulator, and the Probability of Kill (Pk) was used to represent shot optimization, with higher Pk
equating to a hit and lower Pk to a miss. Sixty percent Pk, associated with average performance, was considered a
toss-up.

Simulator Data

TSPI data were collected from the simulator in the comma-separated (CSV) format, with each file containing one
row per time sample at a rate of 10 Hz. These rows capture state information at a moment in time for each entity
within the simulation, such blue aircraft, red aircraft, and munitions. The columns in each row begin with common
identifying information, including the day of
the week, recording name, scenario name,
participant group, research ID, vul ID, and
timestamp in 1SO 8601 format. The
subsequent columns provide specific details
for each entity, such as entity type, entity ID,
result, latitude, longitude, altitude, position
coordinates, airspeed, angles, heading, G-
load, and various event flags.

On its own, the TSPI data are not particularly
useful in its raw state for understanding
performance. Instead, these data need to be
aggregated into meaningful performance
metrics. For example, the Air Force Research
Lab (AFRL) Human Performance Wing
(HPW) and Aptima developed a set of tools
called Performance Evaluation Tracking
System (PETS) and Live, Virtual, and Constructive (LVC) Network Control Suite (LNCS) that were designed
specifically for that purpose. PETS ingests raw TSPI data and uses a rule-based approach to produce a variety of
meaningful metrics, for example when and what type of munitions were deployed, numbers of hits and misses and a
hit/miss ratio, time spent inside or outside a given zone, minimum and maximum ranges to key entities, and others.
These metrics can be displayed on customizable dashboards or input into LNCS which provides a 3D visual to
replay the events in real time (see Figure 4).

P smenis

Figure 3. Screenshot of LNCS Replay of Stern Conversion
Maneuver.

Graduate Training Integrated Management System (G/TIMS)

While not part of the Datapalooza dataset, students entering a training squadron after UPT will have a record of past
performance in G/TIMS. G/TIMS is a software and server platform that aggregates information across aircrew
scheduling, management, training, evaluations, qualifications, resources, flight records and reporting to facilitate
high-fidelity planning, proactive risk management, and decision making. It is installed at a base-level server, which
then collects all training events at that location. Primary data fields include a list of training events broken down by
mission element with an assigned grade from a qualified instructor at the time of the event. Grades include Not
Graded (NG), Unsatisfactory (U), Fair (F), Good (G), and Excellent (E). In practice, though, grades often cluster
into Satisfactory and Unsatisfactory scores, even where higher levels of attainment are technically available to the
grader — most skills had 5% or less at a three or higher.
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Furthermore, like many forms of data in the

current USAF training ecosystem, each base’s FLIGHT COORDINATION -
G/TIMS data are siloed from every other base, AT SHeroraenreNeE v
there is little ConSiStency in the types of items that DECISION MAKING/RISK MANAGEMENT -
are graded between each base, and data are usually VISUAL SIGNALS

transferred through PDF jackets summarizing the COMMUNICATIONS 7

FINGERTIP FORMATION

-10

- 0.8

0.6

results of training. The format of data across bases STURTIONAL AWARENESS J ot

and communities is consistent, however. Thus, G-AWARENESS

. - . . 0.2

inclusion of G/TIMS dataset is important to the VISUAL SEARCH

development of a data integration framework ROUTE FORMATION 0
. NORMAL LANDING -

because it represents the status quo of USAF NORMAL PATTERN

training data collection. It is the system of record
for collecting and tracking training progression,
and therefore is likely to remain as a fixture for
any future solution. Two years of G/TIMS data
was extracted from the Air Force Envision data
platform for exemplary analysis.

AGSM
NORMAL LANDING

TAKEOFF (SINGLE-SHIP)
REJOINS -

DEPARTURE
RETURN TO BASE (RTB) PROCEDURES
VISUAL SIGNALS |
GROUND OPERATIONS
COMMUNICATIONS
G-AWARENESS TURNS |
FUEL MANAGEMENT
G-AWARENESS
TWO-SHIP FORMATION -- TACTICAL
VISUAL SEARCH
FIGHTING WING |
ROUTE FORMATION —
NORMAL PATTERN

TASK MANAGEMENT

FINGERTIP FORMATION -
SITUATIONAL AWARENESS

FLIGHT COORDINATION
BATTLE DAMAGE CHECK -/

MISSION PLANNING/BRIEFING/DEBRIEFING

Unsupervised clustering of historical data isolated
several core skills that tend to correlate with each
other and higher performance in general: flight Figure 5. Correlation Matrix of Mission Element Grades in
coordination, decision-making, tasks management,  |ntroduction to Fighter Fundamentals

and situational awareness. These results align with

conclusions from previous work that showed the

Inflight Planning training event from the Undergraduate Pilot Training (UPT) course was the most predictive of
future failure in pilots’ downstream career. The full correlation analysis for IFF skills is shown above in Figure 5.

ARMAMENT SWITCHOLOGY/FENCE CHK

Application of the Framework EventLog

Grade Report

Applying the prescribed framework to the
Datapalooza dataset provides a useful exercise.
Figure 6 depicts the primary components that
are discussed in the below subsections.

Desired Training
Elements of Event I

Data to Skill Mapping & Data Segmentation &
Extraction

Expected Actual
Per Per

Event Event

|

Expected
Per

Other Events

The application of the approach requires SMEs

to deconstruct what elements are required by a M s
particular skill, how those elements vary when it Correlation
is performed poorly, adequately, or very well,

and then determine what data is needed to

capture this information within the training

environment. In our example of a stern Figure 6. Framework Interactions of Stern Conversion
conversion, SMEs identified several crucial Training Event

elements: The initial offset decision, the angular

offset, the altitude offset, the airspeed

advantage, adjustments to adversary changes in angular and altitude offsets, the management of aspect angles and
transitions to pure pursuit, pure pursuit checkpoints, and endgame intercept parameters.

The next step is to determine what can be captured in the data that is available from the sim. In this case, for
example, the altitude offset is easy to determine through TSPI data manipulation and can be translated into SME-
defined buckets of poor, adequate, good, and excellent based on altitude differentials. This can be monitored
continuously throughout the training scenario, and thresholds for each phase of the stern conversion can be
specified. This allows the metric ‘Altitude offset’ to be generated and classified in real time. This same process can
be repeated for aspect angles, intercept parameters, and adjustments to adversary maneuvers. Each metric that is
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created/selected can be mapped by the overall ‘stern conversion’ construct or to subconstructs as defined in the
gradesheet.

Once the metrics have been mapped to their skills, the next step is to segment the data into phases of the
engagement, as the optimal altitude and angular differences change as the maneuver is completed from initial
positioning during the approach to weapons release. To do this manually requires a significant amount of labor,
especially if the maneuver is completed as a small part of multi-ship, complex training scenario. Machine-learning
algorithms are much better equipped to learn to discriminate and segment data into different phases based on large-
scale changes in air speed, offset, altitude, or events such as weapons launch, or entering a weapons envelope.

In the case of a ‘stern conversion’ a simple rule-based assessment of the flight geometry was sufficient. This training
element is highly prescribed by the airman community of what constitutes a well-executed maneuver from a poor
one. A functional regression machine learning approach showed promise, but the small dataset limited its accuracy.

Data Integration and Weighting

The event creates an event log which is assessed with a rule-based analysis to gauge the correctness of the maneuver
geometry. At the same time, the instructor generates a grade report. At the conclusion of the event, the ‘true
performance’ is then a weighted combination of the learner’s expected performance, an analytical assessment of
their event log, and the expert rating of the instructor. In the case of a tightly-defined maneuver like a ‘stern
conversion’ within this training context (1 vs 1 without any restrictions or SPINS) the analytical assessment of the
flight logs should be weighted mostly highly — as there is little contextual variation of correct versus incorrect. Other
mission types and training elements will shift this balance between the performance assessment types.

Prior to the event starting, the historical training logs of the pilot would typically be available, however the limited
scope of the Datapalooza dataset eliminated their usefulness. Additionally, by assessing the correlation analysis of
the baseline skills and cross-referencing that with the desired skills to be exercised during the training event, an
expected performance value is created. This provides a helpful baseline for instructors, as well as creating a
dampening effect for events with discrete outcomes (i.e., a success or failure on a single event informs, but does not
define, a trend). The results of the individual event can then act as a Bayesian update to the trainer’s expected
performance on other related tasks.

Predictive Validation

Although the example maneuver of a “stern conversion™ is highly focused and well-defined, validation of analytical
approaches is still required. By comparing expected versus actual performance, outliers may be isolated and flagged
for review (i.e., was the right learner’s profile entered into the system). Instructor rating deviation from actual
performance may also highlight systemic issues with the algorithm and / or missing context of the event (i.e.,
abnormal geometry was required due to airspace requirements or verbal command was given during the event to not
engage). Conversely, algorithmically generated values and violations might reveal aspects that were missed by the
instructor and flagged inconsistencies would need to be resolved.

Training Data Infrastructure

Even this limited application highlights issues in the data infrastructure layer. For instance, skill definitions at the
training command level and at the operational research level are not always consistent — a translation mapping is
required to align skill-to-skill correctly. Another was the continuous identification of pilots. Datapalooza datasets
use anonymized IDs so training records can be correlated, however TIMS data is typically referenced by PII such as
a name and social security number (SSN). Connecting the datasets requires a heightened level of information
security slowing integration and limiting collaboration. This is especially deleterious when the PII is not needed for
these data analyses.

CONCLUSIONS & FUTURE WORK
This paper has explored a data integration framework for the Air Force to enhance analytically driven decision-

making and improve student outcomes. Key points include the necessity of overcoming barriers between siloed
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datasets, leveraging multi-modal data to gain a comprehensive understanding of student performance, and using
analytical assessments to reduce instructor workload while identifying areas where human expertise is crucial.
Future research should focus on addressing the specific needs of individual training communities to ensure effective
overlap and the assessment of emerging digital infrastructure to guarantee long-term viability.

Integrating data from various sources to inform the training of military student pilots presents significant
opportunities for improvement. The barriers between siloed datasets are surmountable and should be addressed
immediately to facilitate a more cohesive data environment. By utilizing multi-modal data, we can create a holistic
picture of student performance, enabling more precise and effective training methods. Analytical tools can reduce
the workload on instructors, allowing them to focus on areas that require their expertise, thus enhancing the overall
training process. Looking forward, it is essential to assess the unique needs of different training communities to
ensure a consistent and comprehensive approach. Additionally, evaluating and implementing emerging digital
infrastructure will be critical to sustaining these advancements and ensuring long-term success in pilot training
programs.
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