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While the capabilities of agentic Al are rapidly expanding and our ability to predict their
full impact is limited, the speed of innovation and adoption of these tools compels us to
think through their implications. Building on insights about algorithmic pricing, this article
analyzes the effects that Al agents deployed by firms and consumers could have on com-
petition. We examine emerging uses of Al agents in firms’ operations and on the consumer
side, and analyze how these tools may affect competition as the technology evolves. We
also provide suggestions for the types of evidence that could be useful when assessing
these effects during merger review.
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|. INTRODUCTION

The use of sophisticated algorithms is now common across industries, and many firms have delegated significant decisions to autonomous soft-
ware.? Airline revenue management systems, surge pricing algorithms at ride-sharing platforms, and dynamic pricing engines at online retailers
are well-established examples of firms ceding meaningful pricing authority to automated systems. Recent technological advances are expanding
algorithmic decision-making well beyond pricing. Firms are increasingly deploying automated tools across sales and marketing, engineering and
development, customer service, and procurement and supply chain management.® On the consumer side, automated tools already help shoppers
discover and compare products and are expected to evolve toward negotiating and ultimately completing end-to-end transactions on consumers’
behalf.* These tools, or more accurately, artificial intelligence assistants, are referred to as “Al agents” or “agentic Al”.

Al agents are semi- or fully autonomous systems that can observe their environment, use large language models to plan, and access
connected tools and systems to accomplish goals.® They continuously collect and process information, retain memory across tasks and changing
states (including key metrics), and adapt their actions based on human- or agent-defined goals, roles, and constraints.® Because they can make
decisions and take action with minimal oversight, they function less like static tools and more like active participants in the task at hand, at a level
of autonomy determined by how much decision authority human principals choose to grant them.

Even though agentic Al technology is in its infancy, it is advancing rapidly, making it timely to consider how it may affect horizontal merg-
er review. Deng & Hernandez (2022) analyzed how improvements in algorithmic pricing technology affect market definition, unilateral effects,
coordinated effects, and remedies in merger investigations.” This article builds on that foundation by broadening the focus to agentic Al deployed
both within firms’ operations and on the consumer side. Because these systems can do more than optimize prices, they may reshape competition
through a wider set of mechanisms. We examine five channels through which Al agents could affect competitive dynamics: pricing, procurement,
marketing, product and engineering, and consumer-side intermediation. We also consider transitional dynamics that may arise when the rate of
adoption is uneven. On that basis, we identify practical implications for merger review, where the forward-looking nature of the analysis means
that antitrust authorities are likely to confront these issues first.

The remainder of the article proceeds in three steps. First, we explain how Al agents differ from earlier algorithms and identify several
types of agents relevant to merger analysis. Second, we assess how this technology may affect competition, highlighting both pro-competitive
benefits and potential anticompetitive risks, including transitional dynamics when adoption is uneven across firms or between firms and con-
sumers. Third, we translate these channels into practical guidance, outlining the evidence agencies and practitioners could use to evaluate how
agentic Al may shape post-merger competition.

Il. FROM ALGORITHMIC PRICING TO AGENTIC OPERATIONS

Pricing algorithms have become increasingly sophisticated over the past two decades. Early algorithms were rule-based (e.g. setting prices at a
fixed margin above cost), and more recent machine-learning algorithms optimize prices using structured data, such as consumer characteristics,
competitor prices, costs, inventory levels, demand forecasts, and macroeconomic indicators.8,°

2 A 2025 McKinsey & Company global survey of nearly 2,000 organizations found that 62 percent were at least experimenting with Al agents and 23 percent were already
scaling agentic systems across their enterprises. McKinsey & Company, The State of Al: Global Survey 2025 (November 2025) at https://www.mckinsey.com/capabilities/quan-
tumblack/our-insights/the-state-of-ai, accessed on May 14, 2026.

3 Boomi, 10 Agentic Al use cases at https://boomi.com/blog/10-agentic-ai-use-cases/, accessed on May 14, 2026. BCG, Al Agents, at https://www.bcg.com/capabilities/
artificial-intelligence/ai-agents, accessed on May 14, 2026.

4 McKinsey & Company, The agentic commerce opportunity: How Al agents are ushering in a new era for consumers and merchants, October 2025 at https://www.mckinsey.
com/capabilities/quantumblack/our-insights/the-agentic-commerce-opportunity-how-ai-agents-are-ushering-in-a-new-era-for-consumers-and-merchants, accessed on May
14, 2026. J.P. Morgan, How agentic Al could change the way you shop, February 2026 at
https://www.jpmorgan.com/payments/newsroom/agentic-commerce-ai-future-shopping, accessed on May 14, 2026.

5 MIT Management Sloan School, Agentic Al, explained, February 2026, at https://mitsloan.mit.edu/ideas-made-to-matter/agentic-ai-explained, accessed on May 14, 2026.
6 BCG Al Agents, https://www.bcg.com/capabilities/artificial-intelligence/ai-agents, accessed on May 14, 2026.

7 Ai Deng & Cristian Hernandez, Algorithmic Pricing in Horizontal Merger Review: An Initial Assessment, Antitrust, Vol. 36, No. 2 (Spring 2022)

8 For a non-technical introduction to machine learning for the antitrust audience, see Ai Deng, An Antitrust Lawyer’s Guide to Machine Learning, Antitrust, Vol. 32, No. 2 (Spring 2018).

9 Deng & Hernandez, supra note 7
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Agentic Al extends the capabilities of these tools not merely through more advanced data processing, but by adding a powerful capacity
for sequential, adaptive decision-making across multi-step tasks. A conventional pricing algorithm, however sophisticated, executes a single
well-defined function: given a set of inputs, output a price. In contrast, an Al agent can decompose a complex objective into intermediate steps,
select and use external tools to accomplish those steps (e.g. scraping competitor offers, summarizing news, running experiments), observe the
results, and adapt its behavior over time without human intervention.’® In some settings, this is an incremental improvement over advanced
machine learning (“ML") pricing. In other settings, such as those involving negotiation, multi-party procurement processes, or consumer-side
search, the ability to plan and act across steps can be qualitatively more important. In practice, the boundary between advanced ML systems and
agentic Al will often be one of degree rather than kind. For merger review, the relevant question is whether the system can gather information,
select among actions, adapt over time, and exercise discretion in ways that affect competitive behavior.

Several classes of agentic Al tools are particularly relevant for a forward-looking evaluation of competitive dynamics.

= Pricing agents set and adjust prices dynamically, optimizing toward a defined objective, typically profit maximization, but potentially
including other performance metrics such as market share or customer retention. Earlier ML-based pricing algorithms leverage struc-
tured data, such as costs, competitor prices, and inventory levels to optimize pricing. Al pricing agents add the capability to leverage
unstructured data, such as news (e.g. shortage of inputs, tariff announcements, local events that drive up demand, etc.), through their
Large Language Model (“LLM”) to further optimize pricing. Whether an Al pricing agent is materially more capable than an existing ML
pricing system is an empirical question that will be specific to the tools deployed by the merging parties in any given case.

= Procurement agents can assist firms on the supply side, automating workflows that previously required significant human effort.
These include identifying and prequalifying suppliers, preparing and issuing requests for proposals, analyzing competing bids, and sup-
porting price negotiations.’ Recent industry research documents active deployment of these tools: a chemicals company has piloted Al
agents that automate tender preparation, supplier identification, and bid analysis, reporting efficiency gains of 20 to 30 percent among
procurement staff; a telecommunications firm is using Al agents to generate counteroffers and evaluate trade-offs between price, ser-
vice levels, and risk during supplier negotiations.™ The competitive significance of procurement agents lies primarily in their capacity to
reduce the cost of participation in bidding processes.

= Customer acquisition, retention, and proauct-development agents. This class includes, for example, marketing agents which could
continuously track and analyze customer engagement data, advertising images, or rival campaigns to help create personalized mar-
keting campaigns, improve engagement and conversion rates.™ It also includes product and engineering agents that could track and
analyze user telemetry data, data from A/B test results, summaries from customer calls or other customer feedback to inform and
prioritize product improvements.™

= Consumer-side agents operate on behalf of buyers rather than sellers. These tools could compare product offerings across suppliers,
identify switching opportunities, and negotiate preliminary terms on behalf of the consumer. Shahidi et al. (2025) identify two distinct
sources of value from consumer-side agents: they can help consumers make higher-quality decisions by processing more information
without cognitive limitations; and they can make decisions of similar quality to unaided human decisions but at dramatically lower cost
and effort.™

10 Peyman Shahidi, Gili Rusak, Benjamin S. Manning, Andrey Fradkin & John J. Horton, “The Coasean Singularity? Demand, Supply, and Market Design with Al Agents,” NBER
Working Paper 34468 (2025), https://doi.org/10.3386/w34468. They define Al agents as “autonomous software systems that perceive, reason, and act in digital environments
to achieve goals on behalf of human principals, with capabilities for tool use, economic transactions, and strategic interaction.”

11 These are certainly not the only types of Al agents that could impact how firms and consumers operate and that could be relevant in merger review.

12 Advisory organization Art of Procurement describes the following use cases for Al in procurement: spend analytics, semi-automated sourcing, procurement and orchestration
intake, contract management, Al-based negotiation, supplier management, strategic decision support. These use cases are based on various types of Al, such ML models, natural
language processing, deep learning, and agentic Al. Art of Procurement, State of Al in Procurement in 2026 at https://artofprocurement.com/blog/state-of-ai-in-procurement,
accessed on May 14. 2026.

13 McKinsey & Company, Redefining Procurement Performance in the Era of Agentic Al (February 2026) at https://www.mckinsey.com/capabilities/operations/our-insights/
redefining-procurement-performance-in-the-era-of-agentic-ai, accessed on May 14, 2026.

14 Snowflake, A Practical Guide to Al Agents, p. 5 at https://www.snowflake.com/wp-content/uploads/2025/03/ebook-the-practical-guide-to-ai-agents-dec25.pdf, accessed
on May 14, 2026.

15 Snowflake, supra note 14.

16 Shahidi et al., supra note 10 at p.3.
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These agents could be set up to operate with various degrees of human oversight and could also interact with each other to exchange data or
delegate tasks.'” Across these use cases, agentic Al is likely to matter for merger review through several recurring mechanisms: changes in
search and switching costs, changes in firms’ ability to personalize prices and products, changes in the speed and observability of competitive
responses, and changes in the accumulation of data and Al-enabled capabilities over time. We discuss these potential effects in more detail in
the next section.

lll. HOW AGENTIC Al MAY AFFECT COMPETITIVE DYNAMICS

Agentic Al has the potential to change competitive dynamics by lowering transaction costs for both consumers and firms.'® Lower transaction
costs could spur more competition, but they could also increase market power and lead to anticompetitive effects. Therefore, the impact of Agen-
tic Al on competition necessitates a case-by-case assessment, including both a conceptual evaluation of the possible outcomes, and a practical
assessment of the current and future agentic Al capabilities of the relevant market participants. Below we discuss several ways in which Agentic
Al may affect competitive dynamics.

A. Agentic Al can Intensify Competition by Reducing Frictions that Limit Comparison, Switching, and Competitive Responses.

On the consumer side, autonomous agents can help consumers make choices at a lower cost, or could even make choices on their behalf, by
comparing different offerings (prices, reviews, features, and contract terms), identifying promotions, negotiating prices and other terms with
the seller, and even opening and closing accounts. These capabilities could sharply reduce transaction costs by decreasing the time and effort
involved in searching and switching. On the firm side, pricing agents have the potential to adjust prices with fine granularity (e.g. at the SKU
level) and at very high frequency, thereby lowering the cost of aligning prices with fast-moving supply-and-demand conditions. Procurement
agents could similarly reduce frictions in input markets by identifying and prequalifying suppliers, preparing and issuing RFPs, analyzing bids, and
supporting negotiations. Supplier-side agents could respond by drafting and updating proposals dynamically. In combination, these tools could
reduce the costs of searching, comparing, and participating in bidding processes for both buyers and suppliers.

These cost reductions could translate into more intense competition through several channels. Lower consumer search and switching
costs could lead consumers to search, compare, and switch at a higher rate. This could reduce customer inertia and make demand more elastic,
so small price increases, quality degradations, or unfavorable contract terms would be more likely to trigger switching.'® Firms in turn may have
to respond by lowering prices or investing more in quality improvements.?® Lower costs of price adjustment could also accelerate competitive
responses because price matching or undercutting could happen quickly and be targeted to specific products or customer segments. In procure-
ment, reducing the cost of participating in bidding could expand the set of suppliers who compete for each opportunity.

At the same time, agentic Al could increase customer “stickiness” by enabling more effective personalization across pricing, marketing,
and product design.?" Pricing agents could respond to both structured data (such as reduced purchases or engagement) and unstructured data
(such as complaints) to tailor offers for specific customers and products. They could also expand pricing from a single dimension to a multi-di-
mensional bundle that includes shipping speed and cost, service tiers, and promotions. Marketing agents could lower the cost of tracking and
analyzing customer data and autonomously generate and deliver targeted campaigns designed to increase engagement and retention. Agents
used in product development could speed up the analysis of A/B tests, surveys, reviews, and feedback, helping firms prioritize developing fea-
tures that matter to particular types of users. Related tools used for product placement could shape demand by directing buyers toward products
within a firm’s portfolio based on customer behavior and inferred willingness-to-pay. Used alone or in combination, these agents could help firms
deliver a highly personalized product to their customers.

17 Rowan et al., “The agentic reality check: Preparing for a silicon-based workforce”, Deloitte Tech Trends 2026 Report, December 2025, https://www.deloitte.com/us/en/
insights/topics/technology-management/tech-trends/2026/agentic-ai-strategy.html accessed on May 7, 2026

18 Shahidi et al., supra note 10

19 One impediment to this mechanism is if agent recommendations, or the rankings and defaults that underlie them, are controlled by intermediaries whose incentives are not
fully aligned with those of consumers. To achieve the consumer benefits we describe, consumer-side agents need to be sufficiently independent from commercial interference
and aligned with consumer preferences. See e.g. Amelia Fletcher, Peter L. Ormosi & Rahul Savani, Recommender Systems and Supplier Competition on Platforms, 19 J. Com-
petition L. & Econ., 2023.

20 For a review of the economic literature on search costs and other frictions, see Simon Anderson & Régis Renault, Firm Pricing with Consumer Search, 2018. In: Corchon,
L.C., Marini, M.A., (Eds.), Handbook of Game Theory and Industrial Organization, Volume |I.

21 A 2021 working paper by James Brand provides support for this hypothesis. Brand argues that the increase in the variety of products offered in supermarkets over the last
20 years has caused consumers to become less price sensitive. See Brand, James, Differences in Differentiation: Rising Variety and Markups in Retail Food Stores (May 5, 2021).
Available at SSRN: https://ssm.com/abstract=3712513 or http://dx.doi.org/10.2139/ssrn.3712513
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The competitive implications of this personalization are ambiguous. On the one hand, firms may compete more intensely on mul-
tiple dimensions, especially for customers who are more price-sensitive and more likely to switch (and who may rely on consumer-side
agents to monitor offerings). On the other hand, the same tools may increase customer “stickiness” for specific customer segments, for ex-
ample, through precisely timed retention offers or bespoke feature releases. Authorities are already alert to these possibilities. For example,
the CMA (2026) warns that agentic tools may steer consumers toward products that are more profitable for the firm but less well-suited
to consumers’ needs, and that more granular and persistent personalization could make steering harder to detect and weaken informed
choice.?? The OECD (2025) similarly highlights the risk that personalization could be used to exclude rivals — for example, by selectively
targeting the customers most likely to defect to a competitor — thereby making entry and expansion more difficult in already concentrated
markets.?® The competition concern is not personalization as such, but personalization that changes the competitive constraint imposed by
rivals — for example, by selectively targeting customers most likely to switch, raising effective switching costs, or making rival offers less
visible or less actionable.

B. Agentic Al may Exacerbate Tacit Coordination Risks, Particularly Through Pricing Agents

Non-autonomous pricing algorithms have already raised concerns that firms who use them may achieve and sustain collusive prices without
explicit agreement.?* Pricing agents amplify this concern. First, they could ingest, retain, and analyze large volumes of real-time data — own
and rival prices, demand signals, inventory, customer feedback, and even rivals’ public communications — and then recommend or implement
strategies that closely track competitors and market conditions. Second, agentic actions are even more opaque to their users than those of
pricing algorithms, increasing the possibility of unintended (by the humans) coordination in price setting.

The economic literature provides evidence in support of this hypothesis. In a 2024 working paper, Fish, Gonczarowski & Shorrer con-
ducted experiments with LLM-based pricing agents in a repeated Bertrand oligopoly setting where the agents operated independently and could
not communicate with each other. The authors found that, when instructed in lay terms to maximize long-term profit and given no instructions
to collude or behave noncompetitively, the agents quickly and consistently arrived at supracompetitive prices and profits.?> The mechanism
identified is the use of reward-punishment strategies and a desire to avoid price wars. The authors provide experimental evidence that concerns
about price wars lead LLM-based agents to set higher prices, and that they employ reward-punishment strategies over multiple periods.? In
these experiments, convergence occurs within less than 300 periods — orders of magnitude faster than previously explored Q-learning algo-
rithms?” — because LLMs arrive pre-trained and do not require an extended learning phase.?® A further concern is prompt sensitivity: seemingly
innocuous variations in the language used to instruct the pricing agents can substantially affect the degree of supracompetitive pricing, creating
regulatory challenges regarding prompts that do not arise with traditional pricing algorithms.

Beyond tacit collusion, there may be other channels through which Al pricing agents can set supracompetitive prices. One such mech-
anism was identified by Brown & MacKay (2023) who study asymmetric pricing frequency across firms, where one firm’s algorithm updates
prices more rapidly than rivals.?® This mechanism enables the faster firm to commit credibly to undercutting rivals’ prices, which discourages
rivals from lowering price and results in prices above the competitive benchmark without any reward-punishment scheme. The paper focuses on
older pricing algorithms, but the mechanism could remain viable when firms use pricing Al agents. As discussed above, agents’ ability to update
prices with higher granularity and frequency may amplify the effects found by Brown & MacKay. And as discussed below, if some firms employ
Al agents and others do not, the asymmetry in the speed of price updates may also increase.

22 CMA, Agentic Al and Consumers (March 2026) at https://www.gov.uk/government/publications/agentic-ai-and-consumers/agentic-ai-and-consumers accessed on May 15, 2026.

23 Avrtificial Intelligence and Competitive Dynamics in Downstream Markets, OECD Roundtables on Competition Policy Papers No. 331 (2025) at p. 30, available at https://www.
oecd.org/content/dam/oecd/en/publications/reports/2025/11/artificial-intelligence-and-competitive-dynamics-in-downstream-markets_c6e81d0e/ccf0624a-en. pdf

24 See Claire Xie, Gabriella Monahova & Kate Foreman, Can the Use of Pricing Algorithms Lead to Collusive Outcomes? Insights and Practical Approaches from the Economic
Literature, Antitrust, Vol. 39, No. 2 (Fall 2024) for a review of the recent economic literature on algorithmic pricing collusion.

25 Sara Fish, Yannai A. Gonczarowski & Ran Shorrer, Algorithmic Collusion by Large Language Models, 2025, working paper available at https://arxiv.org/abs/2404.00806
26 Supranote 25 at Section 5, p. 14.

27 See E. Calvano, G. Calzolari, V. Denicolo & S. Pastorello. Artificial intelligence, algorithmic pricing, and collusion. American Economic Review, 110(10):3267-3297, 2020;
Timo Klein, Autonomous Algorithmic Collusion: Q-learning under Sequential Pricing, 52 Rand J. Econ. 538, 2021

28 Supra note 27 at p.3. See also Xie, Monahova & Foreman, supra note 24, at 19 (noting that Q-learning convergence required between 400,000 and several million periods—
equivalent to 278 days or more if prices are updated every minute—raising the practical question of whether convergence can be achieved in real-world settings).

29 Zach'Y. Brown & Alexander MacKay, Competition in Pricing Algorithms, 15 Am. Econ. J.: Microeconomics 109 (2023).
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Given the supracompetitive pricing risks outlined, it is worth considering whether pricing agents could be specifically prompted to pre-
vent or avoid tacit collusion. For example, based on the experimental evidence from Fish, Gonczarowski & Shorrer, pricing agents may be instruct-
ed to not avoid price wars. This may be too vague an instruction for a conventional pricing algorithm, but could potentially be understood and
implemented by a pricing agent capable of making decisions in a sequential and adaptive manner based on many continuously changing signals.

C. Uneven Adoption of Agentic Al May Entrench Market Power and Expand Firms’ Ability to Price Discriminate

The potential pro-competitive effects of Al agents are likely to be stronger when adoption is broad among both firms and consumers because the
technology can then lower transaction costs and entry barriers more widely.%® However, adoption is more likely to be uneven, at least during an
initial transition phase. This could happen because some market participants are excited about the technology while others prefer to wait, and
even among adopters, some will be better at integrating Al agents in their operations than others. Uneven diffusion of the technology across firms
may widen capability gaps, as some organizations adopt and integrate it effectively while others lag behind.®' This is, in principle, not a competi-
tion issue, but a natural consequence of the competitive “creative destruction” process. However, it may be harmful to competition if successful
adoption and integration of Al agents depend on pre-existing capabilities — such as proprietary data, scale, ownership of LLM models or the
infrastructure needed to develop and run them — giving an outsized advantage to market leaders and allowing them to entrench their positions.
This need not be the case. In fact, Al agents may allow firms of all sizes and experience to employ powerful tools,* so it must be analyzed on a
case-by-case hasis. The key question for merger review is whether agentic Al reduces barriers broadly or instead makes pre-existing advantages
in data, scale, distribution, or technical infrastructure more durable.

A related concern may arise if firms adopt agentic Al faster than consumers adopt consumer-side agents. In that transitional phase,
agentic Al may strengthen firms’ ability to target, retain, and discriminate among customers but may not discipline firms through enhanced
consumer comparison and switching. The CMA (2026) notes that many consumer-facing deployments remain bounded and cautious, with fully
autonomous consumer agents still nascent.®® As a result, the competitive benefits from consumer-side agents may arrive unevenly across indus-
tries and consumer segments. In addition, if firms are able to distinguish between consumers who use Al agents and those who don’t, they may
be able to discriminate against those who don’t even after consumer adoption has become more widespread.

IV. PRACTICAL CONSIDERATIONS FOR MERGER REVIEW

Although use of Al agent technology is in its infancy, rapid adoption and the potential to meaningfully affect competitive interactions and outcomes
suggest that it should be considered by competition law and economic practitioners, especially in the context of forward-looking assessments
such as merger review. In practice this means that information on the existing and future agentic Al capabilities of market participants should
be incorporated in the evidence-gathering process. The evidence collected should be tied to the theories of harm and efficiencies most likely to
arise in the specific transaction, including unilateral effects, coordinated effects, entry and expansion, and innovation and dynamic competition.

For unilateral effects, merger assessments may require a review of whether Al agents allow the merged firm to better target customers,
personalize offers, or weaken customer outside options. Relevant evidence may include documentation on personalized pricing systems, includ-
ing pricing rules, customer segmentation, churn prediction, individualized promotions, auto-renewal clauses, bundling practices, and internal
analyses identifying potentially captive customer segments. During the early phase of agentic Al adoption, data from before and after the imple-
mentation of Al agents in the parties’ operations could be helpful to estimate the effect of agentic Al adoption on outcomes such as the frequency
of price updates, the degree of product personalization, and the degree of customer switching.

For coordinated effects, authorities may need to assess whether Al agents increase the ability or incentive of firms to monitor and re-
spond to rivals. Analysts could examine the parties’ real-time monitoring and response capabilities, including dashboards, automated adjustment
tools, competitor price scraping, win-loss tracking, and other mechanisms that allow firms to observe and react to rivals’ conduct. Authorities may

30 The OECD notes that “the pro-competitive effect of Al may depend on broad, affordable and non-discriminatory access to these tools”, supra note 23 at p. 16.

31 A Deloitte Insights report discusses how firms who adopt Al agents but try to integrate them into existing workflows are not likely to realize the efficiency and productivity
gains they expect. Instead, firms need to reimagine workflows specifically with Al agents in mind. Jim Rowan, Nitin Mittal, Parth Patwari, Ed Burns The agentic reality check:
Preparing for a silicon-based workforce

at , accessed on May 15, 2026.

32 World Economic Forum, Why Al Agents Will be a Global Trade Game Changer for SMEs, February 2025,
accessed on May 13, 2026.

33 CMA (2026), supra note 22.
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also request documentation on the Al systems themselves, including model architecture, objectives and reward functions, deployment scopes,
update frequencies, and internal or third-party audits relating to bias and accuracy. Evidence on human oversight, guardrails, testing, and es-
calation procedures may also be relevant to understanding whether Al systems are designed or expected to avoid supracompetitive outcomes.

To assess the effect of the merger on entry, expansion, and entrenchment, analysts may require a review of the parties’ data inventories
describing the types, sources, granularity, and historical coverage of the structured and unstructured data used to train and operate Al systems.
This review may be informed by ordinary course documents showing how often those data are refreshed and combined across business units,
and how those data will be governed post-merger, including exclusivity arrangements, interoperability constraints, and internal firewalls. These
materials can help assess whether the merger would combine data assets, technical capabilities, or deployment channels in ways that rivals
could not readily replicate, or whether access to Al capabilities is sufficiently broad that the merger is unlikely to create or reinforce durable
barriers to entry and expansion.

For innovation and dynamic competition, the merger review process could also incorporate forward-looking evidence about how Al
capabilities are expected to evolve after the merger. Relevant materials may include product and technology roadmaps, Al development plans,
model training strategies, innovation pipeline documents, budgets for data acquisition and compute, and internal assessments of learning curves,
scalability, and time to deployment for new features. Analysts may also review documents explaining how firms expect their Al agents to improve
with additional data, users, or deployment contexts. These materials can help assess whether the transaction is likely to accelerate innovation,
eliminate an independent path of Al-enabled development, or materially alter the competitive trajectory of the market.

Finally, where agentic Al is found to be largely pro-competitive, the extent to which a merger broadens the use of Al agents should be
taken into account when evaluating the likely competitive effects of the proposed transaction. As with other evidence in merger review, these
materials should be evaluated against the relevant counterfactual: whether the parties would likely have developed, accessed, or deployed similar
capabilities absent the merger, and whether the transaction changes the speed, scale, or direction of Al-enabled competition.
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