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Benefits, Barriers, and Best Practices for Al Cost Estimation: A Survey for OEMs

Abstract: This paper presents findings by the ICEAA OEM COG from a series of structured
interviews with artificial intelligence (Al) tool providers and experts exploring Al integration
for cost analysis. The collected insights were anonymized, aggregated, and synthesized
into a comprehensive set of best practice recommendations. Results highlight concrete
use case benefits (e.g., accelerated cost estimates, improved accuracy), technical
challenges (data quality, security, IT infrastructure, model selection), workforce readiness
concerns, and emerging industry trends. By distilling real world experiences, the paper
offers OEM leadership actionable guidance for successfully deploying Al driven cost
analysis solutions.
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Introduction

From digital assistants like Siri and Alexa to personalized recommendations on Netflix and
social media feeds to self-driving Waymo cars providing taxi services, artificial intelligence
(Al) is seemingly everywhere. From the initial release of ChatGPT in November 2022, the
use of generative Al tools by Americans has exploded — a survey by the Federal Reserve
Bank of St. Louis reports they are now used by 55% of Americans. (Bick, et al., 2025)
Similarly, a survey by the consulting firm McKinsey & Company reports that the use of Al by
businesses has increased from 20% in 2017 to 88% in 2025. (McKinsey & Company, 2025)

It was inevitable that Al technology would find its way into cost estimating, offering new
possibilities for improving and accelerating cost analysis and proposal development for the
Aerospace and Defense (A&D) industry and its customers. But as glittering as these
promises appear, how do Original Equipment Manufacturers (OEMs) separate the hype
from reality? What are the best uses for Al in cost analysis? What are the key
considerations of implementing an Al solution, and what are the costs? What role do
human estimators play in an Al-driven workplace, and how resistant (or accepting) will they
be to the new technology? Finally, how will Al-driven results be accepted by the U.S.
Government customer — one who is famously resistant to rapid change and insists on strict
compliance with the Federal Acquisition Regulations (FAR) and Defense Federal
Acquisition Regulation Supplement (DFARS)?

To answer these questions, the International Cost Estimating and Analysis Association
Original Equipment Manufacturers Cooperative Opportunities Group (ICEAA OEM COG)’
initiated a study project to understand how emergent Al technologies impact the cost
estimating community. The OEM COG’s goal is to translate the insight of Al experts into
understanding and guidance for a successful deployment of Al-driven cost analysis.

To do this, the ICEAA OEM COG conducted a series of structured interviews with both Al
tool providers and estimating professionals with experience using Al for cost analysis. We
asked our experts where Al is providing value with respect to the cost estimating and
analysis field, what are the concerns around using Al, and how they see Al unfolding in the
future. We wanted a ground-truth view of how Al is being adopted and what are the risks
and opportunities of doing so.

"The OEM COG is a specialized forum within ICEAA for A&D cost analysts to discuss unique challenges in
cost estimating and provide an industry perspective to the wider ICEAA community. Its members are ICEAA
members currently working for OEMs and include members representing Boeing, Huntington Ingalls,
Lockheed Martin, Northrop Grumman, and Otto Aerospace, among others.
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The primary objectives of this paper are threefold: (1) to surface the implementation
challenges that OEMs will encounter when integrating Al into their cost estimating
processes; (2) to raise awareness of the practical steps needed to mitigate those
challenges; and (3) to equip OEM leadership — and the broader cost community — with a
knowledge base on the benefits and trade-offs of Al adoption.

This paper is organized as follows. Section 1 describes the data sources and methodology.
This is followed by the nine main findings in Section 2. Section 3 provides the authors’
conclusions and recommendations to the ICEAA community, particularly OEMs. The
attached Appendix contains the interview questions and references cited.

1.0 Data Sources and Methodology

To get a better understanding of how Al can impact cost estimating, the OEM COG
approached people and companies with expertise in cost estimating and Al. This list
consisted of three major groups: first, estimating tool providers, particularly those
attempting integration with Al; second, systems engineering and technical assistance
(SETA) companies who are current or potential users of Al for cost estimating and analysis;
and third, individuals who have presented papers or presentations about Al at previous
ICEAA conferences. Of course, these groups are not mutually exclusive. We did not
interview OEMs themselves. The ICEAA OEM COG collectively felt that OEM experts would
be reluctant to participate given concerns about the release of proprietary data or
competition-sensitive information.

“Artificial intelligence” is a broad term that covers many different facets, such as large
language models (LLM), natural language processing (NLP), machine learning (ML), Optical
Character Recognition (OCR), etc. We intentionally did not define the term for our survey
participants but allowed them to define it as they felt was relevant.

Of the individuals and companies approached, 12 one-hour structured interviews with the
OEM COG team were conducted. The companies we interviewed were as follows, with
supporting individuals listed in alphabetical order: Galorath (Charles Orlando); Herren
Associates (Ann Hawpe); LogApps (Kevin McKeel); ProjStream (Sandy Burney, Thomas
Shanahan); Quantech (Patrick Casey, Alex Smith); ScopeMaster (Colin Hammond); Sirius
Analysis (Dr. Lisa Clark, Dr. Sanathanan Rajagopal); Technomics (Chris Massey, Kenneth
Rhodes, Benjamin Truskin, Alex Wekluk); and Unison (Brian Glauser, Arlene Minkiewicz,
Courtney Smith). The individuals we interviewed were Daniel Harper; Conner Lawston; and
Dan French and Carol Dekkers (joint interview).

Each interviewee was provided with a list of questions in advance. These questions,
reproduced in the Appendix, covered subjects such as the current use of Al; anticipated
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benefits and limitations; data, workflow and classification constraints; workforce
readiness; and expectations for future roles and operating models. In addition, most but
not all participants provided separate written responses to these questions prior to the
interviews.

After the interviews were conducted, transcripts created and written responses reviewed,
all organization or individual names and proprietary details were removed for anonymity.
The collected insights were then aggregated and synthesized. This aggregation - first by
individual participant to consolidate responses, later across all participants on a question
by question basis -- was done manually by OEM team members and, as a parallel effort,
using Al tools such as ChatGPT. Any errors, omissions or misinterpretations, however,
remain the responsibility of the (all too) human authors.

The data collection and analytical framework described above provide the foundation for
interpreting our survey’s results. We now turn to the emerging opportunities and challenges
that artificial intelligence offers for cost estimating.

2.0 Main Findings
Al’s Immediate Value is Automation of Repetitive, Labor-Intensive Tasks

Our respondents consistently identified the automation of repetitive, labor-intensive tasks
as Al’s most immediate and tangible value. These tasks were described as time-
consuming, low-value, and prone to errors when performed manually.

The most-cited use cases were:

Basis of Estimate (BOE) Drafting/Narrative Generation — BOE drafting emerged as the
most frequently cited use case. Proponents pointed to the ability of Al to create first draft
BOEs, pull historically relevant cost data or analogies, and populate standard BOE
sections/headers using structured logic. This was described as “low hanging fruit” due to
the formulaic and repeatable nature of many BOEs. This was also seen as a particular
benefit for OEMs, since the Federal Acquisition Regulations (FAR) require offerors to
provide rationale and justification for their bids for government contracts.

Proponents saw three benefits of Al-driven BOEs. First was the ability of Al to reduce the
tedious and repetitious entry of data into BOE fields and instead concentrate on the quality
of the estimate itself.

The second benefit was the ability of Al to identify analogous examples based on cost
drivers, complexity, heritage and technical attributes. Automated retrieval of historical data
would allow analysts to “pull the high and low values, the drivers that mattered, and let the
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analyst see the context instead of relying on engineering gut feeling,” as one respondent
put it. In this view, Al was seen as a collaborative partner of the estimator, providing data
options for the human estimator to approve or request additional information as required.

The third identified benefit of Al-driven BOEs was improved quality. Al could flag missing
rationale, inconsistent units of measure, or unusual patterns before BOE submission,
ensuring data quality and consistency across teams and programs. Al also offers an
opportunity to link sentences in the rationale back to source input providing a seamless
path for auditors to verify. Overall, Al was seen as a path to provide traceable, compliant
narratives faster. All advocates, however, emphasized that humans must review the results
and that an Al-generated BOE should never be taken at face value without scrutiny.

However, there was not universal agreement on the benefit of Al for BOE efforts. One
respondent felt that Al would not produce consistently reliable BOEs and therefore
cautioned against using generative Al for BOE writing.

Data Cleaning, Mapping, Normalization — Data cleansing and normalizing were similarly
emphasized. Estimators often face fragmented, inconsistent datasets. Al provides the
opportunity to create unified cost databases by harmonizing these fragmented sources in
substantially less time. As one respondent commented: “Al can map WBS [work
breakdown structure] elements, normalize dictionaries, detect mismatched levels, and
identify missing data or inconsistencies far faster than analysts.” Several respondents
identified this use case as having the greatest potential for time savings. One interviewee
identified his use of ChatGPT to cleanse and map a Microsoft Excel dataset with thousands
of data points. In that case, an 80 hour manual effort was reduced to 4-6 hours.

Machine Learning (ML) Generated Cost Estimating Relationships (CERs) / Predictive
Cost Models — Machine learning models? can mine cost data to create new CERs and
predictive models and is widely used in commercial industry. While our interview pool
thought ML was a promising avenue, they pointed out three main caveats. First, ML-
generated predictive models are often “black boxes” with limited visibility to its inner
workings. This lack of transparency is seen as an obstacle to acceptance by government
reviewers and auditors of cost estimates. Second, ML typically requires large amounts of
data for the model to train on. One analyst noted that ML algorithms require at least 10
rows of data for every variable, neural nets require 10,000 rows of data at a minimum, and
generative pre-trained transformers (GPT) — the most famous of which is ChatGPT -

2 Machine learning is a branch of Al “focused on algorithms that ‘learn’ the patterns of training data and, subsequently,
make accurate inferences about new data. This pattern recognition ability enables machine learning models to make
decisions or predictions without explicit, hard-coded instructions.” (Bergmann, undated)
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requires millions and even billions of rows of data. Lastly, all respondents noted the need
for human review and validation to ensure the resulting CERs are logical and predict well.
Nonetheless, ML was identified as having a high potential -- where large datasets exist.

Request for Proposal (RFP) Analysis, Requirement Extraction, and Compliance
Matrices — Government requests for proposal can run hundreds of pages with multiple
attachments and appendices. OEMs must not only understand these requirements but
ensure their eventual bid responses are fully responsive, since in a competitive
environment a noncompliant proposal can disqualify an offeror.

Al offers the ability to read and analyze RFPs, highlight requirements, map to or even create
WBS structures, and draft compliance matrices to ensure all requirements are addressed
in the final proposal. This RFP analysis is typically performed manually and takes weeks to
perform. Automation of this effort offers the potential to “shorten...proposal development
cycles from days to hours while increasing compliance accuracy and traceability,” as one
respondent commented. While off-the-shelf tools for Al-driven document analysis exist,
full automation of this task seems unlikely. Human review will still be required for
auditability and accuracy.

Historical Data / Cost Trend Analysis — Al is seen as helpful in trend identification such as
vendor pricing or labor market data mining, and analysis of historical data for cost trends.
Al can accelerate the identification of patterns by analyzing data faster and more rigorously
than humans. However, some respondents noted that many users already rely on Microsoft
Excel-based tools and commercial add-ons for such tasks.

The True Cost of Al is People, Not Technology

We asked what major expenses OEMs would need to consider when implementing an Al
solution. We expected an answer that highlighted software licensing fees, cloud storage
costs, and IT maintenance costs. The answers we received strongly contradicted this.
Instead, they overwhelmingly identified human effort as the primary expense.

People-related expenses of Al manifest in several ways:

Data Cleansing & Normalization - Many of our respondents believed the largest labor
costs of Al will be the cleansing, standardization and labeling of data so itis usable by Al,
as well as ongoing data quality management.

Why does data matter? A successful Al system is faced with integrating, cleansing and
normalizing data from a variety of fragmented enterprise sources. These can include
Enterprise Resource Planning (ERP), Product Lifecycle Management (PLM), Computer
Aided Design (CAD), accounting records, earned value cost and schedule data, contract
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documents, and engineering artifacts. This information is often stored in legacy data
systems, standalone spreadsheets, department-specific databases, unsearchable PDFs,
or separate engineering tools.

Worse, this data is often messy, inconsistent, or non-standardized. For example,
inconsistent WBS structures across -- or even within -- programs, evolving classifications,
and missing or lost historical data complicate Al-driven analysis. Poor data quality makes
Al potentially unreliable. Reliable Al on the other hand will require that significant data
preparation work must be done upfront.

Data availability and quality were unanimously identified as the most significant challenge
to successful Al deployment. “Data prep and governance,” said one participant, “cost
more than the model.” The criticality of this cleansing and labeling effort was strongly
emphasized. “Without data preparation,” one participant wrote, “Al fails.” Another related
the need for “cleaning, normalizing and linking records so that supplier names, labor
categories, and items have a single authoritative identity. Without this foundation, data
silos and inconsistencies undermine every analysis and model.” Waiting for “clean data” is
seen as unrealistic, though; instead, Al systems must be designed to intelligently parse and
harmonize messy data.

Training Analysts How to Properly Use Al - Our interview pool spoke to us about the need
to train analysts in prompt techniques when interrogating Al models, developing Al literacy,
and teaching analysts how to validate Al content. Training in this world is not “one and
done,” but an ongoing process which evolves as the Al technology itself evolves. “Upskilling
analysts to design prompts, verify outputs, and interpret Al logic is the most valuable
expense of all,” wrote one. “The technology pays for itself only when people can interrogate
itintelligently.” Yet this is seen as a huge gap in current implementations. Most users “have
very little understanding of the usage and/or capabilities of artificial intelligence,”
according to one respondent.

Governance and Compliance — Another people-related expense is the cost of formal
governance boards, audits, documentation, continuous testing and compliance with
security regulations, such as ITAR, classification, cybersecurity posture, etc. “Governance
must establish rules for how Al is used, what can be ingested, and how outputs are
validated,” wrote one of our participants. Others noted that Al must operate within ITAR and
classification boundaries, and that compliance must be validated.

Model Development & Lifecycle — The personnel expense to build and fine-tune Al
models is not a one-time expense. Those models must be continuously developed over
time to update training data and manage “hallucinations,” so-called “drift management”
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(monitoring and mitigating decreased model accuracy when and if real-world data patterns
change), and model refreshes. Furthermore, analysts will require continuous retraining, as
the models continue to evolve over time.

Al Cost Estimates Must Be Traceable and Defensible

Traceability and defensibility were described by the respondents as hon-negotiable
requirements for any Al-assisted cost estimate. They emphasized that Al-assisted
estimates must meet the same standards as traditional estimates. Government audit and
compliance rules will therefore apply unchanged to an OEM cost estimate generated with
the assistance of Al, and auditors will demand full visibility of data lineage, source
citations, underlying rationale and reproducible calculations. Our participants believe that
Al must be sufficiently transparent to allow reviewers to understand why a particular
recommendation was made, and that every statement in an estimate mustmap to a
source document, every cost factor must be justified, and every assumption must be
defensible.

To satisfy these expectations, a complete audit trail for every analytical action is required.
Data retrieval, transformation, assumptions, calculation and review steps should be
recorded for audit purposes. In addition, Al output should carry explicit citations to the
exact document, paragraph or data field being used. Auditors and oversight agencies
should be able to verify sources and identify the logic trail used by Al to confirm its results.
This transparency is considered crucial by our participants to get customer buy-in to an Al
estimating process. As one participant told us, “Al said so” is unacceptable. Every estimate
should be source-cited and traceable.

Transparency in Al output also addresses the identified risk of large language models
“hallucinating” —that is, providing nonexistent, nonsensical or misleading information.
Hallucinations can occur due to overfitting of data, biases or inaccuracies in the source
data used to train the model, or the complexity of the model itself. (IBM, undated). Al-
generated cost models could potentially produce biased estimates or hallucinated
outputs. Without safeguards, OEMs and customers alike would find it hard to trust the
outputs of Al. One participant illustrated an example of a single flawed data point that
analysts know to be extraordinary and unlikely to be repeated could be mistakenly
amplified by an Al that lacks the contextual understanding that human analysts possess,
leading to serious unintended consequences.

To mitigate bias and hallucination, the participants recommended several practices. A
visible logic path allows hidden biases to be identified and inspected; therefore subject-
matter-expert review of weighting factors, analogy selections and cost-driver justifications
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should be mandatory. One interviewee noted that “bias diminishes when logic paths are
visible and when humans remain part of every approval chain.” Bias testing on the model
can be applied through synthetic tests or regression checks of the model to ensure that
model updates have not introduced new defects. Bias cannot be eliminated completely —
human estimates are strongly subject to bias themselves - but it can be managed through
documentation and periodic audits.

Retrieval Augmented Generation (RAG)® generation must be limited to pre-approved
internal or external sources. When a model cannot locate a verifiable source, it should
return a “cannot answer” response rather than fabricate information. This dual approach,
together with strict sourcing and training on authoritative data, helps to curb
hallucinations. Human verification of every output remains essential.

The participants also advocated for independent third-party audits of data pipelines, model
behavior, and bias and hallucination test results. Documentation of audit findings should
be retained and made available to oversight bodies such as the DCAA. When Al is
uncertain, it should flag that uncertainty and present a range (best-case and worst-case)
instead of a single point estimate. All data, code and model artifacts must be placed under
version control to guarantee reproducibility and to enable regression testing. Benchmark
suites, back-testing on historical use cases, stability checks, and red-team prompts can be
employed to demonstrate that a new model version constitutes an improvement.

Successfully addressing customer concerns about the validity of Al-assisted estimating is
therefore critical to any Al solution moving forward. As one participant warned, “unless the
transparency is there, mistrust will creep in, and mistrust will probably harm the [cost
analysis] profession rather than assist it.”

Cybersecurity Is a Significant Challenge

Cybersecurity concerns permeate nearly every corner of Al implementation. In the words of
one participant, “security constraints dictate architecture, not the other way around.”
Because many of the data sets involved are classified or export-controlled, the need for
secure, isolated environments becomes a fundamental limitation. “In defense programs,
sensitive data can’t leave the boundary,” one interviewee told us. “So, the intelligence must
come to the data.”

The impact of classified and/or restricted data on Al-driven cost analysis was described in
three ways. First, the volume and availability of training data is reduced, since classified,

3 Retrieval Augmented Generation, or RAG, refers to the connection of large language models to external,
authoritative databases outside the original training material. This combats some of the limitations of LLMs
such as hallucinations or out-of-date training data. (Boulahia, 2025)
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export-controlled, or Department of Defense (DoD)* Impact Levels (IL)° data must be kept
segregated. This limits the amount of information that can be used for model training,
searching for estimating analogies, or model fine-tuning. Second, cross-program learning
is hindered. Without access to classified programs, models cannot learn from a broader
set of examples, constraining the development of general purpose cost models. Third, the
deployment of Al models within classified environments is problematic. Without specific
safeguards, Al systems cannot be run on classified networks, leaving estimators without Al
assistance on the most sensitive projects. These data silos diminish the power of retrieval-
augmented Al.

Federal cybersecurity policy further shapes the feasible Al architecture. Over the past
decade, the Defense Department has formalized a “Zero Trust” approach, which, as
described by its Chief Information Officer, “transitions away from trusted networks, actors,
and devices to an environment with continuous authentication and fine-grained policy
enforcement.” Its core principles are “data protection, strong authentication, network
segmentation, and threat monitoring.” (Chief Information Officer, 2025) The same
framework is reinforced by Data Loss Prevention (DLP) tools that monitor data breaches
and spills. (Vaideeswaran, 2025) Consequently, any Al solution must comply with strict
identify verification for every data access request, and audit logs must be generated to
demonstrate compliance and traceability. Segmentation by sensitivity level (IL-2, IL-4, IL-6)
is mandatory. This means that conventional cloud-based LLMs cannot be used without
substantial modification.

Because of these constraints, our interview pool described a range of mitigation strategies,
all of which involve additional costs and reduced flexibility. The most direct is to host Al
models inside the classification boundary — whether on-premises, in an air-gapped®
enclave, orin a secure managed cloud — so that all inference, training and data-retrieval
must happen behind firewalls and never leave the program-specific “zone store.” Role-
based access control (RBAC) must be enforced to ensure that users can only see data that
they cleared for. Some participants cited the Defense Department’s NIPR-GPT as a
precedent. NIPR-GPT is a limited generative-Al capability that operates within secure

4This paper will use the official, legal name (Department of Defense) authorized by the National Security Act
of 1947 rather than its secondary, non-statutory title authorized by Executive Order (Department of War).

5 Department of Defense Impact Levels (IL) define the security levels for DoD data and the requirements for
storage in cloud computer systems. IL-2 is public or non-critical mission information. IL-4 is Controlled
Unclassified Information (CUI). IL-5 is higher sensitivity CUI mission-critical information. IL-6 is classified
SECRET national security-sensitive information. Similarly, FedRAMP (Federal Risk and Authorization
Management Program) defines the cloud service security levels for U.S. Federal Government data outside of
DoD. (Rice, 2018; FedRAMP, 2017)

8 An “air-gapped” computing environment is a standalone system firewalled from the Internet or outside
networks
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boundaries, although the U.S. Army later blocked access to that system over security
intrusion concerns. (Secretary of Air Force Public Affairs, 2024; McGowen, 2025)

Data-level mitigations include generating synthetic or anonymized data that replicates real-
world cost estimate patterns,’ the use of aggregated information such as average labor
rates or employing federated learning so that multiple entities can collaboratively train a
model without exchanging raw data. Model-level mitigations involve building separate
replicas of the Al system at lower and higher classification levels, fine-tuning each replica
within the appropriate security setting. Governance measures require that the RAG corpora
come only from approved internal sources (e.g., WBS dictionaries, BOEs, risk registers and
performance reports) and vetted external sources (e.g., General Services Administration
(GSA) rates, NASA cost models, DoD pricing databases). External sources are imported
and versioned, never queried live, and analysts trained to avoid uploading sensitive
material to public Al tools. Some organizations may block public tools entirely and permit
only in-house versions. Finally, the Al solution itself must conform to DoD Zero Trust
cybersecurity and export-control frameworks.

Our respondents are clear, however, that these strategies are not a “free lunch.” The added
controls increase cost, limit model flexibility, and require extensive engineering effort.
Nevertheless, cybersecurity is non-negotiable. Without secure deployment, the Al system
cannot be used where it is most needed. The participants emphasized that when security
measures are correctly applied, the loss of Al value caused by classification can be largely
recovered, whereas the true loss occurs only when an Al estimating solution cannot be
deployed in a protected environment.

In summary, cybersecurity is not an optional add-on. It is the governing constraint that
dictates Al architecture, deployment models and permissible data flows, and it must be
addressed from the onset to unlock the full potential of Al in cost estimating.

Workforce Resistance is an Obstacle to Implementation

Not everyone is enthusiastic about the introduction of artificial intelligence. You do not
have to delve far into media to find negative, or even apocalyptic, predictions regarding Al --
ranging from mass unemployment, social destabilization and loss of privacy to even

’This is like the Cerberus training dataset created by the DoD Cost Assessment and Program Evaluation
(CAPE), which replicates real-life cost and schedule performance for a fictitious Army ground vehicle
program. This database was created for cost estimator training, practice analysis, and prototype cost model
development, but the concept is transferable to Al. (Germony and James, 2022) However, at least one
participant cautioned against synthetic training data, arguing it would make the larger dataset worthless.
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planet-level extinction. Within this negative environment, it is hardly surprising that some
cost estimators view the introduction of Al into the workplace with trepidation.

When we asked participants to identify the primary concerns of workers who resist
adoption of Al, the most frequently mentioned fear was that of job loss and displacement.
Respondents identified a deep anxiety that Al could replace analysts or eliminate entire
roles, and they regarded this concern as a major barrier to successful deployment. As one
respondent told us, “Turkeys don’t vote for Christmas.” Another told us while most analysts
he has met are receptive to Al, “how do we make people more skeptical? OEMs maximizing
profits will displace jobs. The only question is whether new jobs will be created.” These
fears are not entirely misplaced. The Washington Post reported on a 2025 Anthropic
analysis of 700 occupations that found Al currently automates 12% of the job functions of
cost estimators and augments another 18%. The combined 30% exposure is higher than
the overall average of 25% across all occupations, indicating that the profession is indeed
more vulnerable to automation and augmentation than many other fields. (Zhou, 2025)

A related source of resistance is the broader aversion to change. Participants noted that
early exposure to underperforming Al prototypes has left for some analysts a lasting sour
taste, causing them to doubt the value of any new tool. This skepticism is reinforced by
decades of “silver bullet" promises that have repeatedly failed to deliver reduced
workloads, prompting a lingering wariness toward novel technologies.

Distrust of Al accuracy compounds the reluctance. Customers are not the only
constituents who are skeptical of Al’s touted abilities. Some of our interviewees told us that
skepticism about the reliability of Al, its perceived lack of transparency, and potential
hallucinations is shared by many cost estimators themselves.

Overreliance by junior analysts emerged as a further worry. Our respondents reported
concerns that junior analysts would become insufficiently critical of Al processes and
would be more prone to blindly accept its results than more experienced analysts.

Finally, our interviewees identified a belief that automation threatens the hands-on “craft”
of cost estimating, risking the erosion of technical judgment, intuition and domain
expertise that have traditionally distinguished senior analysts. Human analysts —
particularly those approaching retirement or deeply entrenched in established analytical
methods — may resist adopting Al because they perceive it as a threat to their professional
identity and to the institutional knowledge they have built over years.

How resistant (or accepting) is the cost estimating community to the widespread adoption
of Al? That is an excellent question. But answering it would require a sampling of the wider
cost community and is unfortunately beyond the scope of this research effort.
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New Skills Are Required for Estimators to Perform Effectively in an Al-
Enabled Environment

Our respondents emphasized that Al-enabled estimating requires expanded skill sets
rather than diminished expertise. The core of this new competence revolves around
prompting and interrogating Al systems, validating the outputs these systems generate,
and possessing a solid grounding in data literacy. In addition, analysts must become
familiar with the underlying Al architecture, retrieval systems, and governance constraints.

Prompt engineering emerged as a foundational capability. Analysts need to learn how to
ask Al questions and interrogate the data effectively to get useful results. As one
interviewee told us, “Al isn’t just about getting an answer to a question but having an
ongoing dialogue with digital assistants to help solve problems.” Estimators are
encouraged to use follow-up prompts such as “Are you sure?” or “Why?” to surface hidden
assumptions and clarify the reasoning behind Al suggestions.

Equally critical is the ability to interpret and validate Al results. Analysts need to interpret
and validate the results of Al, including the systematic checking of citations, math, analogy
selections, confidence intervals and model assumptions. This validation may involve so-
called Explainable Artificial Intelligence (XAl) concepts such as reading explainability
artifacts and interpreting uncertainty bands.

Data literacy is another pillar of the evolving analyst role. Estimators should learn basic
data science concepts such as mathematics and statistics, analysis skills, and how to best
communicate complex results. Understanding of the quality, provenance and lineage of
data sources is essentially to assessing the reliability of Al-driven insights.

Some of our respondents suggested that cost estimators become more technically
proficient with programming and query languages. Knowing how to manipulate data with
Python, writing Software Query Language (SQL) queries, or using Natural Language
Processing tools would enable analysts to interact directly with Application Programming
Interfaces (APIs) and execute simple scripts that automate routine tasks. Familiarity with
machine-learning algorithms further supports informed oversight of Al models.

A deeper understanding of RAG systems may prove useful as well. Analysts need to
understand what data the Al model has been trained on and how to properly interrogate it,
as well as how the RAG pipeline integrates with LLM models.

Several participants highlighted Al governance as a newly developing skill area. Effective
governance combines awareness of security, privacy, and regulatory considerations with
cybersecurity/compliance awareness to protect Al-driven workflows from misuse.
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Because Al capabilities evolve rapidly, continuous learning is essential. Estimators will be
challenged to keep up to date on an ever-changing landscape. Our respondents, however,
framed these new skills as additive. Al will change what analysts do from day-to-day, but it
does not change the need for estimating expertise.

Foundational Estimating Skills Must Be Preserved

While our interview pool expressed the need for cost estimators to learn new Al tools, they
expressed concern that automation could erode traditional foundational estimating skills
over time, particularly among junior analysts. One participant warned that while short-term
risk may be low, “the long-term risk does exist for analysts who rely too heavily on
automation.”

Several respondents raised concerns about overconfidence in Al outputs. Junior analysts

are seen as particularly vulnerable to this. Estimators must be taught not to put too much
faith in “polished but flawed summaries.” The illusion of computer infallibility can only be

punctured by an Al system required to provide citations and outline its rationale. Similarly,
the display of uncertainty bands around estimates should combat the tendency to accept
Al-driven results as unchallengeable.

To counteract this risk, respondents recommended explicit human checkpoints, parallel
manual estimates, and periodic “no-Al” drills. Similarly, junior analysts could be required
to learn traditional methods first before being allowed to perform Al-based analysis. These
practices are seen as mechanisms for both skill retention and Al validation.

Training, professional certification and mentorship are seen as ways to retain and rebuild
foundation knowledge in a post-Al world. Training is no longer seen as just teaching
analysts how to generate content, but how to evaluate it.

Finally, humans remain responsible for presenting and defending estimate results.
Analysts must still “sell” their estimate — orally and in writing — to customers. Briefing
remains a human task. But doing this successfully before skeptical customers will require
estimators to see “the man behind the curtain” and understand the origins and limitations
of Al-based analysis.

Al Is an Accelerator and Assistant, not a Substitute for Human Judgment

Participants were nearly unanimous in their view that artificial intelligence should augment
and not replace professional judgement in cost estimating. The consensus was that Al
must function as a collaborative tool that accelerates routine work while preserving the
estimator’s ultimate accountability and responsibility for decisions
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Our respondents described two complementary paradigms for Al adoption. In the “Al as
copilot” model, the technology handles repetitive, low-value tasks such as data cleaning,
drafting, ingesting repeatable processes while analysts focus on interpretation, judgment
and strategic decision-support. In the “analyst as curator” model, humans review, validate,
refine and improve Al-generated outputs such as scenario design, data stewardship
activities and BOE narrative edits. One interviewee sees this as “a redefinition of the
estimator’s role from data entry to judgment and oversight. Estimators become Al curators
— experts who validate, refine, and improve Al-generated outputs.” In both paradigms, Al is
treated as a workflow accelerator rather than a substitute for human expertise.

Our interview pool emphasized that Al-generated outputs must always be scrutinized by
humans. Almost all our respondents indicated that every Al-supported analysis must
include explicit human checkpoints for review, validation and approval. Human-in-the-loop
oversight means that although Al may propose or suggest a result, the cost estimator must
approve every estimate before it is accepted. Analysts should examine the underlying data
tables, verify the analogies, and confirm that the narrative and numbers are logical,
accurate and valid. Human review is required at key points such as model selection, data
selection, and final cost values. “Al is a tool,” one interviewee told us. “You cannot turn your
brain off.”

Government customers expect estimators to explain and defend their work regardless of
whether Al was involved. Consequently, workflows should be designed such that Al
provides input, but humans make final decisions. “Al should surface insights; humans
decide what applies,” one participant noted. Any agentic Al which can otherwise make
autonomous decisions must be subject to stringent human oversight. All human review,
validation and final approval must be recorded as part of the system’s oversight
documentation.

Several respondents argued that Al can actually strengthen human judgment when used
properly. By surfacing assumptions, historical context, and alternative analogies, Al can
support better decisions. While Al may eliminate some low-skill tasks, most experts agreed
that intelligent systems enable analysts to focus on reasoning, narrative coherence and
strategic insight. One interviewee summed up this perspective: “In short, the Al handles
the boring and mundane so human professionals can leverage their insights and
experience in better, more focused ways.”

The value of human expertise remains paramount because Al relies on historical,
backward-looking training data. Only humans can inject fresh and innovative solutions to
problems. “The best analysts will outperform general Al because they bring nuance,
domain expertise, and psychological insight that LLMs lack,” one interviewee said. Another
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offered, “Human interaction will still be required even five years out.” These remarks
underscore that Al is intended to complement, not supplant, professional judgment and
creative problem-solving that are the hallmarks of skilled cost estimators.

Al Adoption Is an Evolving Process Requiring Executive Leadership

Executive sponsorship emerged as the most important enabler of Al adoption, and
leadership was the most frequently cited factor that can accelerate implementation when
it is paired with demonstrable benefits. “When executives support experimentation and
allocate SME time for Al validation, programs move quickly,” we were told. OEM estimating
leadership should emphasize ethical Al use, consistent documentation and trust through
transparency.

Competitive pressure also drives organizations to consider Al. Respondents expressed a
fear of losing a strategic edge, noting that “if you’re not using Al now, you’ll be left behind,”
This sense of urgency can motivate leaders to act, but it must be balanced with realistic
expectations. Participants warned that unfocused experimentation frequently backfires.
Projects that lack clear goals or realistic expectations are likely to stall, creating what one
participant called “pilot purgatory.” When executives invest in Al initiatives that do not yield
tangible results, confidence in the technology can erode and future funding pulled.

Demonstrated improvements are therefore essential. Evidence of a measurable return on
investment (ROI) or other tangible benefits such as cycle time reductions will push
adoption. One observer said, “Once a major OEM or prime demonstrates these outcomes —
higher accuracy, better quality, richer data access, and faster, more defensible proposals -
others will naturally follow.” Although concrete examples of successful pilots are still
sparse, the consensus is that early wins are a prerequisite for broader adoption.

Successful adoption is typically linked to narrowly defined, management-supported pilots.
“Adoption succeeds when organizations start small, show tangible value, and
communicate early wins. A single program pilot with a clear use case — such as BOE
generation or analog reuse — can demonstrate measurable impact within a quarter,” one
participant told us. “Where organizations struggle is when they overreach — attempting a
full enterprise rollout or waiting for ‘perfect data.” The recommended approach is to
choose a “pain point” in the estimating process, quantify improvement, and use that to
govern larger rollouts.

Organizational culture, leadership and change management are equally critical.
Technology itself is often the easy part; the hardest challenge is managing the transition.
Clear governance frameworks and processes, including data quality standards, audit trails,
and role-based access controls, provide the structure needed for responsible Al use.
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Participants also highlighted the importance of knowledge sharing about Al across the
entire cost community, including the government. OEMs should use industry working
groups, ICEAA workshops, and other channels to spread best practices and establish
governance standards.

Al adoption was described as an iterative journey that requires continuous learning,
governance refinement, and leadership engagement. How a company frames the
introduction of Al influences employee acceptance. A strong culture that communicates
the benefits of Al as a “copilot” and preserves the “human in the loop” reduces workforce
resistance. “Fear is holding adoption back,” one participant told us. “We need to educate to
show how useful a tool it can be.” Reframing Al from a pure cost-savings measure to a
catalyst for knowledge transfer from senior employees to more junior employees can
further enhance buy-in. One advocate suggested, “Experienced estimators’ logic and
rationale can be captured, structured, and made teachable, thus ensuring institutional
knowledge becomes durable instead of perishable. New analysts then learn faster, and
veterans see their judgment codified rather than forgotten.”

Despite these strategies, overcoming resistance remains a challenge. Champions are
needed to advocate for change. One interviewee told us, “It takes champions within an
organization to say, ‘the old ways were okay, but this way is better” They have to be able to
defend that because the self-interest bias is probably the most significant thing. The
psychology of it, how will people find Al helpful? Will they trust it? And how does it affect
them personally is the most significant factor in determining whether it [Al] will be
successful.” In short, executive sponsorship, clear goals, demonstrable pilots, robust
governance, and a supportive culture together form the foundation for effective Al adoption
in cost estimating.

3.0 Conclusions and Recommendations
Our overall findings can be summarized as follows:

e Alis bestunderstood as an accelerator and assistant. AlI’'s most immediate value is
the automation of repetitive, labor-intensive tasks — such as data cleansing,
document review, narrative drafting, and extraction of requirements. Effective Al-
assisted workflows must put a “human in the loop” to be successful, with explicit
checkpoints for manual review.

e The reliability and availability of data is one of the central challenges of Al, and its
cleansing and normalizing data for use will be one of its largest costs. Instead of
waiting for “perfect data” that will never come, OEMs must be committed to
continuous data stewardship to make Al useful.
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e Training employees for an Al-assisted world is no longer just teaching estimators
how to generate content, but how to evaluate Al results. Becoming Al literate -
knowing how to query models, evaluate results, and recognize model limitations -
will become an essential skill for tomorrow’s estimators. At the same time, OEMs
must ensure that foundational estimating skills are retained and prevent
overreliance on automated inputs, particularly among less experienced estimators.

e Inan aerospace and defense environment, customers require cost estimates to be
traceable and defensible. Al-assisted estimates will be held to the same standards
as traditional estimates, and possibly higher ones. Al systems must therefore
provide clear data lineage, source citations, and transparent logic. If implemented
correctly, though, Al will improve audit readiness by creating consistent
documentation and traceability that is not always present today.

e Cybersecurity presents additional challenges, particularly around the handling of
classified, export-controlled and other sensitive data. These constraints limit the
availability of data to train Al models and complicate deployment. Effective
mitigation requires careful planning of Al architecture, deployment of models within
secure boundaries, and enforcing role-based access controls.

e Workforce resistance to Al is a very real obstacle to implementation, driven by fear
of job displacement. We expect Al will augment, not replace, cost estimators —
especially those engaged in complex, judgment-intensive work. Using Al as a tool
for knowledge transfer, skill amplification, and quality improvement —and not as an
excuse for reducing cost and headcounts — will smooth worker buy-in.

e We see Al adoption as an incremental, evolutionary process. Narrowly scoped
pilots focused on well-defined use cases and evaluated based on tangible metrics
are essential for success. Overambitious enterprise-wide rollouts, unclear
objectives, or implementation without governance are reasons why Al initiatives fail.
Executive leadership and sponsorship are critical to successful Al adoption.

Recommendations

Based on the insights provided by the survey, the OEM team makes the following
recommendations to leadership for the implementation of Al. For this section, we asked
ChatGPT to provide a draft based solely on the written responses and interview transcripts
provided by the interview pool. This was then debated and rewritten by the paper authors
and contributors until a consensus was reached on its final form.

Our recommendations include:
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1. Set realistic expectations. Focus on narrowly scoped and well-defined use cases with
clear, manageable goals and measurable impacts. Adopt Al incrementally through small
pilots that demonstrate measurable value before scaling.

2. Invest early in data cleansing and standardization to ensure high data quality and
availability — good data is the enabler of all Al workflows.

3. Ensure Al operates only within approved, bounded corpora to avoid contamination and
maintain compliance with data security limitations.

4. Document audit trails and provide full traceability to address customer concerns about
transparency and reduce biases and hallucinations.

5. Develop clear frameworks for governance, model validation, and review, including data
quality standards.

6. Address cybersecurity and classified data limitations early to unlock the full potential of
Al.

7. Address workforce resistance head on. Reinforce the limitations of Al and emphasize the
need for human-in-the-loop in all cost analysis workflows. Use Al to accelerate analysis,
not to replace analyst judgment or review.

8. Invest in upskilling and training to expand the cost analyst’s skillset. Train analysts to
evaluate, validate, and challenge Al outputs. Useful skills include prompt engineering, Al
literacy, and familiarity with programming and querying languages.

9. Protect and cultivate core estimating skills so analysts remain capable of independent
reasoning and defensible decision-making.

10. Provide strong executive leadership with clear expectations and a supportive culture to
enable a smooth, positive transition to an Al-enabled workplace.

The authors and contributors wish to thank the companies and individuals who
participated in the survey.
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Appendix

The following are the survey questions developed by the ICEAA OEM COG team and

provided to each study participant:

1.

Could you briefly describe your company’s experience and research relevantto OEM
cost estimating and Al integration?

Based on the current state of the art, what Al use cases would provide the greatest
benefit for OEM cost analysis teams? Choose as many as applicable and identify the
top three (these are listed in random order):

e Writing/creating BOEs

e RFP analysis/compliance matrix

e Costrisk/uncertainty analysis

e Machine-learning or other Al generated CERs/models

e Analysis of historical or current data for cost trends

e Cleaning/mapping data from multiple sources

e EVM/budget management

e Supply chain management

e Otheruse cases not listed (please elaborate)

Sometimes it can be beneficial to think outside of our comfort zone or outside of the
way we have always done things. With that in mind, what Al applications in cost
modeling & analysis from other industries could be adopted by aerospace and defense
OEMs?

What are the major expenses OEMs would need to consider when implementing an Al
solution? Address issues like upfront investment in data architecture and infrastructure,
operational expenses, on-going maintenance, worker upskilling, etc.

Somewhat related to the previous question, but with a slightly different focus -
technology instead of expenses: What do you see as the greatest technical challenges
to developing and implementing an Al-based cost estimating solution and why?
Choose the top three (these are listed in random order):

e Source data/cleansing

e Elimination of biases

e Accessibility/storage of data

e Integration of data sources and tools
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e Cybersecurity/firewall restrictions

e Determining the preferred computing environment (cloud, in-house, hybrid)
e [T Infrastructure

e Other (please elaborate)

6. Defense contracts often have program-sensitive information that limit the sharing of
data with people outside the program. How do defense programs’ data classification
restrictions impact the value of Al cost analyses? How can we mitigate these
limitations? What role does cybersecurity play?

7. What steps can be taken to address government customer concerns about the
auditability and validity of Al-generated cost analysis results and to provide those
customers the assurance they need to rely on those results? What can we do to ensure
that models and results are free from biases or hallucinations?

8. What have you found to be the major concerns with workforce resistance to Al
adoption? How can OEMs redesign jobs and workflows to take advantage of the
strengths of both humans and machines, and to minimize the risk of job displacement?
What new technical skills are needed for cost analysts performing Al-enabled cost
analysis?

9. Related to the previous question, how can we keep "the human in the loop" when
conducting Al-driven cost estimates and ensure that analysts learn and retain
foundational knowledge and critical analysis skills? Do you see a risk that automation
will cause estimators to lose that foundational knowledge and those critical analysis
skills, or will provide a false sense of confidence, particularly to inexperienced
analysts?

10. How do you see the role of Al evolving, including specific trends, over the next five years
in terms of capability and use cases for OEM cost estimating and analysis?

11. From your experience, what specific factors have either facilitated or hindered the
adoption of Al capabilities among OEM cost analysts?

12. Is there anything else you want to share with the community on this topic?
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