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ABSTRACT  

The global digital markets are stimulating traditional market competition frameworks. This is 

with respect to the algorithmic systems empowering innovative methods of coordination and 

exclusion in the digital markets. The present   research is an attempt to inspects the economic 

aspect underlying the same. Numerous studies reveals that algorithmic pricing system are self-

reliant in achieving coordinated results. Evidences from global enforcement cases have shown 

the use of self-preferencing practices through game-theory. The current Google Shopping 

decision, RealPage investigation, by the U.S. Department of Justice’s and the Competition 

Commission of India’s ongoing Amazon-Flipkart investigation reveals self-preferencing 

practices as a threat to consumer surplus. This paper attempts to throws light on the trials 

faced by the old-school competition law frameworks. Moreover, this research explores about 

competitive injury upon self-reinforcing market dynamics. Besides, with India’s Draft Digital 

Competition Bill 2024 offering expected global trends, this research delves to evaluate hybrid 

amalgamation with traditional execution of algorithmic pricing. At the end the study concludes 

the need of constructive policy, enabling disclosure abilities and calibrating the legal 

standards which protects novelty in rapidly emerging digital economies. 
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1. INTRODUCTION 

Lately digital economy has extended the practise of sophisticated algorithmic systems 

empowering novel methods of anticompetitive behaviour. Such practice query traditional 

competition law foundation all over the country as well and globally.  Amazon’s A9 algorithms 

in the United States, Google’s search systems in Europe and India’s mounting e-commerce 

platforms have shown the true colours of algorithmic technologies in enabling competitive 

exchanges in a way that present guidelines fray to discourse it efficiently. The algorithmic 

pricing systems can simplify coordination between competitors, without human intervention 

allowing own services on systematic preferencing of platforms over dependent rivals. 

The practise of Amazon’s A9 algorithms in the United States, Google’s search  systems in 

Europe and India’s rising e-commerce platforms  have revealed  the  true colours of algorithmic 

technologies in enabling competitive interactions in  a way that present guidelines struggle to 

discourse it proficiently. The panorama of algorithmic pricing arrangements leads to 

harmonisation amid competitors, that too without human intervention. This enables own  

preferencing of platforms over dependent rival (Organisation for Economic Co-operation and 

Development [OECD], 2017a). 

The role of algorithms is vital in our daily lives, in determining rational behaviour to predict 

outcomes, and persuade decision-making in the digital age. Nevertheless, there is an 

apprehension with respect to the benefit of automation over efficiency and social welfare. The 

digital economy has enlarged the use of sophisticated algorithmic systems, in facilitating novel 

methods of anticompetitive behaviour. Therefore, such novel methods challenge the 

established competition law frameworks at all scales. For instance, the use of Amazon’s A9 

algorithm in the United States, Google’s search ranking systems in Europe, and the mounting 

e-business platforms in India expose algorithmic knowhows in driving competitive exchanges 

in ways that prevailing regulations find hard to manage it well. Algorithmic pricing systems, 

can aid tacit harmonisation among competitors without human participation, scientifically 

supporting platform services over dependent rivals (Organisation for Economic Co-operation 

and Development [OECD], 2017a).  

Therefore, self-preferencing in online business signifies its economic impact. Consequently, 

the presumption of economic theories is that algorithmic self-preferencing leads to collusive 

setups. So, it becomes pertinent to mention, The U.S. Department of Justice’s August 2024 

lawsuit against RealPage Inc. for supposedly allowing rental price coordination through 

algorithmic systems indicating turning point in algorithmic execution. Concurrently, the 
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European Commission’s Google Shopping investigation sets a precedent on algorithmic self-

preferencing, with diverse achievement in formulating  real measures (European Commission, 

2017a). The Competition Commission’s ongoing investigations into Amazon and Flipkart’s 

market practices demonstrate algorithmic advantages benefiting their own retail operations 

(Competition Commission of India [CCI], 2024).  

2. LITERATURE REVIEW 

Interdisciplinary research on algorithmic collusion with respect to law and economics is 

published by Journal of Economy and Technology. The research discovers legal assessments, 

in detection and classification of probable algorithmic signals, in unilateral communications. 

The research is on economic distinction between rational pricing strategies and collusive 

patterns becoming intricate in the milieu of algorithm-driven choices. Furthermore, the paper 

strains the need for competition authorities to identify atypical market behaviours by using 

bandit algorithm methods (Marty & Warin, 2025). 

Martin Bichler’s analysis of algorithmic pricing and collusion provides important insights into 

the growing prevalence of pricing algorithms in online retail platforms. The paper shows that 

algorithmic interaction can generate collusive, supra-competitive pricing outcomes without the 

need for explicit agreements, thereby complicating traditional notions of collusion. By focusing 

on oligopoly pricing environments characterised by Bertrand competition, the study illustrates 

how algorithmic pricing can stabilise coordinated outcomes and undermine price competition. 

The experimental research in this present paper confirms that specific reinforcement learning 

algorithms learn to maintain prices above competitive equilibrium levels in virtual 

environments, while the theoretical research is limited on when and why such outcomes occur 

are partial. This paper also highpoints the interdisciplinary landscape which connects computer 

science concepts of online learning with game-theoretical works on equilibrium learning 

(Bichler & Oberlechner, 2025). 

Hutchinson and Diana Trescakov in their paper examines various forms of self-preferencing 

by gatekeeper platforms and evaluate the pros and cons of treating self-preferencing as a stand-

alone offense under competition law. The study analyses that traditional antitrust enforcement 

has been slow and uncertain in such practices. While the authors largely endorse ex-ante 

regulatory approaches like the Digital Markets Act’s prohibition of certain self-preferencing 

by designated gatekeepers, they do not fully explore potential down sides of these regulations 

such as stifling innovation or chilling legitimate platform differentiation (Hutchinson & 

Treščáková, 2022). 
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Colangelo identifies in his research that there are divergent approaches to self -preferencing 

across jurisdictions while EU has moved towards treating certain self-preferencing as per legal 

design gatekeepers, U.S.A.’s approach remains more cautious requiring demonstration of clear 

consumer harm. A limitation of this analysis is that it does not propose comprehensive 

framework that could reconcile these divergent approaches or provide consistent analytical 

method for evaluating self-preferencing across jurisdiction. Even if new laws come into force, 

the analytical framework for evaluating self-preferencing remains unsettled, creating a need 

for the integrative approach (Colangelo, 2022). 

Exploratory study by Calvano et al. offers persuasive corroboration that  algorithms can all 

alone discover conniving strategies without clear programming to coordinate (Calvano et al., 

2020a). The results show supra-competitive pricing, and advanced retribution. This indicates 

that algorithmic harmonisation may surface spontaneously from profit-maximising behaviour 

rather than attempting to restrict competition. These expansions are fundamental in competition 

policy globally, while conventional legal frame prefaced on human decision-making and clear 

agreements may imperfectly discourse algorithmic coordination (Hovenkamp, 2024). 

Schwalbe’s economic analysis on Algorithms, Machine Learning and Collusion delivers chief 

game theoretic models representing algorithms utilizing machine learning and collusive results 

without human involvement. His impetus display how self-regulating algorithms can influence 

supra -competitive prices by reacting to each other’s pricing strategies. Aimed at antitrust 

enforcement, Schwalbe advocates that competition authorities may monitor algorithmic pricing 

and possibly control transparency (Schwalbe, 2018).  

The digital markets, regulatory frameworks have progressed rapidly across the domain. The 

European Union’s Digital Markets Act establishes comprehensive ex-ante obligations for 

designated gatekeepers, whilst the United Kingdom’s Digital Markets, Competition and 

Consumers Act 2024 creates tailored intervention powers. (Digital Markets Act [DMA], 2022; 

Digital Markets, Competition and Consumers Act, 2024). Furthermore, Germany’s amended 

Competition Act includes specific provisions addressing digital platform conduct, and India’s 

Draft Digital Competition Bill 2024 proposes establishing obligations for ‘Systemically 

Significant Digital Enterprises’(Gesetz zur Digitalisierung des Wettbewerbsrechts [GWB 

Digitalization Act], 2021; Draft Digital Competition Bill, 2024). These expansions mirror the 

insufficiency of traditional competition enforcement in lecturing the concerns of digital 

markets. 

The objective of the paper is to investigate the economic theories and regulations with 

empirical evidences with respect to India’s evolving policy formulation. The paper 
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incorporates the concept of game-theory, network effects. Emphasis has been laid on welfare 

criteria to appraise the competitive harm considering efficiency analyses. 

The paper consists of five segments. The first section is an overview of economic analysis of 

law. The second section analyses self-preferencing mechanisms, evaluating theoretical models 

and empirical evidence from major global enforcement cases including Google Shopping, 

Amazon investigations, and Indian marketplace practices. The third section attempts to 

conducts welfare analysis to examines detection challenges to compare evidentiary standards 

and enforcement approaches in order to assess institutional capabilities. The fourth section 

appraises supervisory methods and policy responses. The ex-ante scrutiny includes the EU’s 

Digital Markets Act, UK’s DMCC Act, and India’s Draft Digital Competition Bill through 

cost-benefit analysis. The fifth section offers conclusions and recommendations precisely 

addressing India’s competition policy and drawing lessons from global enforcement 

experience. 

a. Economic Foundations of Algorithmic Coordination and Legal Frameworks 

i. Game Theory  

Oligopoly is characterised as imperfect market structure. Where small number of firms hold 

significant share of market. Interdependence is key feature of oligopoly in terms of output, 

price fixation and advertisement. The strategic interaction among firms, influence the actions 

and choices of others. Here, the Game theory delivers a stand to examine the decision-making 

process by displaying state of affairs as games. The Game theory recognizes strategies that 

firms may endorse to attain the most favourable outcomes based on their expectations of 

competitors’ behaviour. 

The economic analysis of algorithmic collusion discourses about strategic electronic networks 

administered by competition law across the world. Traditional oligopoly models assume human 

decision-making operating under uncertainty with imperfect monitoring capabilities, forming 

the base for legal doctrines addressing coordination and concerted practices (Green & Porter, 

1984). Conventional antitrust model concentrated upon explicit agreements which is very much 

missing in the algorithmic collusion. Algorithmic technologies alter these economic parameters 

while challenging legal frameworks developed for human conduct. The same can be illustrated 

through the Prisoner’s Dilemma. 

ii. Prisoner’s Dilemma 

The Prisoner’s Dilemma is a concept used in Game theory which explains that why two 

individuals may not cooperate even if cooperation is in their best interest. In oligopoly the 
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Prisoner’s Dilemma illustrates why it is difficult to maintain cooperation in oligopoly even 

when it could lead to greater mutual profits.  

 

 Firm B: Maintain Price Firm B: Cut Price 

Firm A: Maintain 

Price 

A: High Profit 

B: High Profit 

(Stable Collusion) 

A: Very Low Profit 

B: Very High Profit 

(B gains at A’s expense) 

 

Firm A: Cut Price A: Very High Profit 

B: Very Low Profit 

(A gains at B’s expense) 

A: Low Profit 

B: Low Profit 

(Competitive Outcome) 

 

 

Table 1: The Digital Prisoner’s Dilemma - Algorithmic Enhancement Effects 

Source:  Journal of Competition Law & Economics.(Harrington, 2018) 

The Prisoner’s dilemma as illustrated above in the table exhibits “competitive outcome” where 

both the firms choose to cut price. The dilemma lies in the decision making where these two 

firm acting in their own self-interest end up in less optimal outcome than if they had cooperated. 

The prisoner’s dilemma framework governing oligopolistic interactions becomes transformed 

through algorithmic capabilities that reduce detection lag from days to seconds, eliminate 

temporary profits from deviation through instant punishment, improve coordination stability 

through sophisticated signal interpretation, and remove human decision inconsistencies 

(Harrington, 2018). This economic transformation creates legal challenges across jurisdictions 

in proving coordination. 

b. Comparative Legal Approaches 

The European Union, concept of ‘concerted practices’ under Article 101 TFEU provides 

broader scope for addressing algorithmic coordination than traditional agreement requirements. 

The Court of Justice’s decision in Eturas UAB v. Lietuvos Respublikos konkurencijos taryba 

established that “awareness of the anticompetitive objectives pursued by other undertakings” 

(Eturas UAB v. Lietuvos Respublikos konkurencijos taryba, 2016), through common 

algorithmic systems may create rebuttable presumptions of coordination. This effects-based 

approach enables enforcement against algorithmic coordination without requiring proof of 

explicit human agreements. 
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The Sherman Act which is considered as landmark law in USA was aimed to restore economic 

competition by offsetting monopolies, trust and cartels in the markets. Additionally, the United 

States maintains more restrictive approaches requiring proof of agreements under Section 1 of 

the Sherman Act. Section 1 of Sherman Act is based on the proposition of an agreement hence 

the scope of Section 1 becomes limited when machines learn strategies spontaneously. In 

Meyer v. Kalanick, the District Court held that “mere use of a common pricing algorithm, 

without more, is insufficient to establish agreement under Section 1 of the Sherman Act” 

(Meyer v. Kalanick, 2016). However, the Department of Justice’s successful prosecution of 

David Topkins for using algorithms to implement explicit price-fixing demonstrates that 

algorithmic tools provide no immunity when human agreements exist (United States v. 

Topkins, 2015). 

The United Kingdom’s approach aligns with EU standards through the Competition Act 1998’s 

prohibition on concerted practices. The Competition and Markets Authority’s successful 

prosecution in the Trod Ltd case involved sellers using repricing software configured to avoid 

undercutting each other, establishing precedent for algorithmic coordination enforcement 

without explicit agreements (Competition and Markets Authority [CMA], 2016). 

India’s Competition Act 2002 prohibits ‘agreements’ and ‘arrangements’ between enterprises 

under Section 3, creating challenges similar to U.S. law regarding algorithmic coordination 

(Competition Act, 2003, § 3). However, the Competition Commission’s approach in cases like 

Samir Agarwal v. ANI Techs suggests willingness to infer coordination from market behaviour 

and business practices, potentially enabling enforcement against algorithmic coordination 

(Samir Agarwal v. ANI Techs., 2018). However, there has been deliberations as to how 

regulatory authorise should develop standardise the procedure of investigation in cases of 

algorithmic collusion. The decision of Competition Commission of India   in Shikha Roy Vs 

Jet Airways is very vital. The CCI Act recognises the role of cartels in section 2 (c) specifically. 

CCI conceded the character of algorithmic collusion to increase the price of air tickets without 

human interaction in the said case. Cartelisation is criticised in by and large by every 

jurisdiction. Through collusion cartels discord competition by increasing the price and 

decreasing the output. This cartelisation results in higher price and less no choice for the 

consumers for the goods and services. Although Samir Agarwal v. ANI Techs. was a missed 

opportunity by CCI on the use of taxi aggregator app by Ola and Uber. The case was dismissed 

on the ground of lack of evidence of agreement between the drivers and the platform. In Shika 

Roy case, Re Alleged Cartelization test was conducted by CCI to check economic evidences of 

revenue and price, demand and supply and possibility of algorithmic collusion. The decision 
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of CCI is discussed in the realm of economic analysis of law in the digital economy (Shikha 

Roy Vs Jet Airways., 2021). 

 

Figure 1: Convergence to Collusive Equilibrium (Deterministic Illustration) 

Source : The authors have derived the illustration from American Economic Review, 

(Calvano et al., 2020b) 

The above graph is an illustration of oligopoly market leading towards collusive outcome 

without explicit agreement. The X axis represents time (algorithms raise price over time). Y 

axis represents Price (relative to competitive level). The horizontal dashed line at 1.0 represents 

competitive price level. This is associated with Nash Equilibrium in a non-cooperative under 

game theory. Algorithm A (Solid blue line) and Algorithm B (dashed green line) depict 

following outcomes:  

1. Upward trend in prices moving away from competitive level over time horizon. The above 

graph demonstrates adaptive and autonomous nature of the algorithm. 

2. Both A and B algorithm s represents joint profit maximization, typically by setting higher 

prices similar to cartel. 
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3. Highlights a potential challenge in the era of algorithmic pricing as it can lead to higher 

consumer prices without traditional evidence of explicit collusion. 

i. Network Effects, Market Concentration, and Enforcement Implications 

Network effects represent fundamental economic characteristics of digital platforms that 

amplify algorithmic coordination concerns creating enforcement challenges across 

jurisdictions (Katz & Shapiro, 1985). When platform value increases with user adoption, 

markets tend toward ‘winner-take-most’ outcomes where algorithmic advantages become self-

reinforcing through positive feedback effects (Rochet & Tirole, 2003). 

 

Figure 2: Network Effect Dynamics and Market Tipping 

Source: The American economic review, (Katz & Shapiro, 1985) 

The above illustration represents the core concept of network effects as follows: 

1. Here the value of product increases as more user joins the network.  

2. Tipping point shows critical threshold where network effect becomes dominant 

platform and market share rapidly shift towards that platform  

3. This explains that strong positive network effect naturally led to winner takes most 

scenario. 

4. This helps business to achieve critical mass and leveraging network effects to gain a 

competitive effect.  

 Globally this dynamic is evident; a good example is Google search engine which maintains 

over 90% search market share across most jurisdictions, on one hand Meta’s platforms 



Mohan and Singh          Algorithmic Collusion and Self-Preferencing in Digital Markets 

 

ISSN 2582-2667 

 

167 

dominate social networking, at the other regional e-commerce leaders like Amazon (US), 

Alibaba (China), and Flipkart (India) leverage network effects to maintain market positions 

(GlobalStats, 2022). 

Market concentration analysis reveals extraordinarily high levels across digital sectors 

globally. The European Commission’s market investigations show Google commanding 92% 

global search market share, with higher shares in mobile search (Online Platforms and Digital 

Advertising, 2020). In India, the Competition Commission’s investigations reveal Google’s 

95%+ search share, similar concentration in digital advertising, and growing concentration in 

e-commerce with Amazon and Flipkart collectively holding approximately 69% market share 

(Matrimony.com Ltd. v. Google LLC, 2012, p. 173). 

The below depicted bar chart titled Herfindahl-Hirschman Index in Selected Digital Markets is 

illustration of level of market concentration in various digital markets. The vertical axis lists 

various digital markets where as horizontal axis corresponds to HHI value for that market. HHI 

is calculated by squaring the market share of each firm in a market and then summing the 

resulting numbers. Here search engines indicate greater market concentration, which means 

fewer firms hold a larger share of the market leading to monopoly and less competition.  

The Herfindahl-Hirschman Index is used by antitrust agencies in order to assess the 

competition especially in the context of mergers and acquisition. Traditional concentration 

metrics may underestimate competitive concerns in digital markets where market power 

derives from data advantages and ecosystem control rather than conventional market shares. 

The Competition Commission of India recognised this limitation in its Google Android 

investigation, noting that market share analysis alone inadequately captured competitive 

dynamics involving complex interactions between operating systems, app stores, and search 

services (In Re: XYZ v. Alphabet Inc. & Ors., 2022). 

Therefore, we can conclude that network effects interact with algorithmic coordination through 

several mechanisms. Platforms with stronger network positions may engage in coordination 

more safely because users are reluctant to switch despite higher prices (Armstrong, 2006). 

Algorithmic coordination may be more stable in markets with network effects because 

coordination reduces competitive pressure that could otherwise erode network advantages (Prat 

& Valletti, 2022). For enforcement, network effects complicate remedy design because 

breaking up coordinated behaviour may be insufficient if underlying market structure facilitates 

re-coordination (Baker, 2019). 
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ii. Detection Methodologies and Taxonomies of Algorithmic Coordination 

There is a need of sophisticated detection capabilities which can recognize algorithmic 

coordination in execution mechanisms. Global jurisdiction on Competition have developed 

several tactics, with distinct advantages and limitations for enforcement practice (European 

Commission, 2017b). Appraisal of Algorithmic Collusion Detection Methodologies is 

represented in the below table.  

Detection 

Approach 

Key Indicators Strengths Limitations 

Market 

Outcome 

Screening 

• Price correlation 

patterns 

• Pricing parallelism 

• Structural breaks 

• Unusual profit margins 

• Uses observable 

market data 

• Applicable 

without 

algorithm access 

• Established 

economic 

methods 

• May not 

distinguish tacit 

collusion from 

legitimate parallel 

conduct 

• Requires historical 

data 

Algorithm 

Auditing 

• Information inputs 

• Competitor monitoring 

• Response parameters 

• Punishment 

mechanisms 

• Directly 

examines 

coordination 

mechanisms 

• Can detect 

potential for 

collusion before 

it occurs 

• Requires algorithm 

access 

• Technical expertise 

needed 

• Difficult to 

standardize across 

different systems 

Experimental 

Testing 

• Behaviour in controlled 

environments 

• Response to simulated 

shocks 

• Convergence patterns 

• Allows 

counterfactual 

testing 

• Direct 

comparison of 

algorithm 

variants 

• Simplified market 

conditions 

• May not reflect 

real-world 

complexity 
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Harrington 

Test 

• Price/adoption 

correlation 

• Non-adopter price 

effects 

• Adopter vs. non-adopter 

price differentials 

• Based on 

observable 

market outcomes 

• Distinguishes 

coordination 

from independent 

adoption 

• Requires sufficient 

adoption variation 

• New approach with 

limited case 

application 

Table 2: Comparison of Algorithmic Collusion Detection Methodologies 

Source: Organisation for Economic Co-operation and Development (OECD, 2017; 

Harrington, 2025). 

The German Bundeskartellamt and French Autorité de la Concurrence have established that 

algorithm auditing approaches, algorithm design features may facilitate harmonisation 

(Bundeskartellamt & Autorité de la Concurrence, 2019). There are limited technical resources 

on market outcomes. Yet the statistical analysis offers potential for authorities, enabling 

identification of dubious pricing patterns without requiring direct algorithm access 

(Harrington, 2025). The OECD has suggested that competition authorities advance specific 

factors for detecting algorithmic coordination, acclimatising traditional cartel detection tools 

for digital markets (OECD, 2017). 

Professor Joseph Harrington Jr.’s has projected economic test with innovative methods 

explicitly designed for algorithmic coordination detection (Harrington, 2022). This Test 

compares pricing trends of algorithm adopters against non-adopters, possibly empowering 

authorities to presume coordination from apparent market outcomes rather than demanding 

proof of explicit agreements. 

Collusion 

Type 

Human 

Involvement 

Communication 

Required 

Detection 

Complexity 

Legal Challenges 

Messenger High (explicit 

agreement) 

Yes - between 

humans 

Lower - similar to 

traditional cartels 

Traditional 

antitrust 

frameworks 

applicable 

Hub-and-

Spoke 

Medium 

(common 

algorithm 

adoption) 

Indirect - via 

central algorithm 

provider 

Medium - 

requires proving 

hub’s 

coordinating role 

Establishing 

liability of hub and 

awareness of 

spokes 
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Predictable 

Agent 

Low (individual 

algorithm 

design) 

None - 

independent 

algorithms react 

to same market 

signals 

High - difficult to 

distinguish from 

rational 

parallelism 

Distinguishing 

from legitimate 

algorithmic 

reactions 

Digital Eye Minimal 

(autonomous 

learning) 

None - emergent 

behaviour from 

machine learning 

Very high - black 

box algorithms 

with limited 

explainability 

Liability 

attribution when 

no human intent is 

present 

 

Table 3: Taxonomy of Algorithmic Collusion Types 

Source: Author’s compilation based on Ezrachi, A., & Stucke, M. E.  Virtual competition: 

The promise and perils of the algorithm-driven economy (Ezrachi & Stucke, 2016) 

The taxonomy of algorithmic collusion mechanisms is vital for execution across authorities. 

The ‘Messenger’ scenario including obvious human agreements applied through algorithms 

fits traditional legal frameworks but requires enhanced detection capabilities (Ezrachi & 

Stucke, 2016). The ‘Hub-and-Spoke’ arrangement raises questions about algorithm providers’ 

liability, potentially relevant for software companies serving multiple competitors in the same 

market. 

The ‘Predictable Agent’ scenario is the complex enforcement contests, necessitating authorities 

to differentiate between rational parallel behaviour and illicit coordination when competitors 

autonomously use similar algorithms. The ‘Digital Eye’ scenario autonomously presents 

fundamental questions about accountability when harmonisation emerges without human 

intent. 

The Competition Commission of India experiences specific challenges with regard to 

inadequate technical resources. Yet international support mechanisms extend opportunities to 

build domestic capabilities (CCI, 2023). 
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3. SELF-PREFERENCING MECHANISMS: LEGAL FRAMEWORKS AND ECONOMIC ANALYSIS 

a. Theoretical Models and Global Enforcement Experience 

Self-preferencing functions on economic mechanisms creating market power and reducing 

welfare which competition law seeks to report (Salop & Scheffman, 1983). The economic 

analysis designs theories of raising rivals’ costs. The analysis calls for specific accounting   

with respect to  digital platforms (Tirole, 1988). 

The European Commission’s Google Shopping decision is an instance of algorithmic self-

preferencing. The Commission found that Google abused its dominant position by 

“systematically positioning and prominently displaying its comparison-shopping service in its 

general search results pages, irrespective of the merits, whilst demoting rival comparison 

shopping services in those results through its adjustment algorithms” (European Commission, 

2017a). The General Court’s 2021 judgment upheld this finding whilst characterising the 

conduct as discriminatory abuse rather than embracing the Commission’s broader leveraging 

theory (Google LLC & Alphabet Inc. v. Commission, 2021). 

 

 No Self-Preferencing Self-Preferencing 

High-Quality Third-Party 

Products 

Platform Profit: 100 

Third-Party Profit: 80 

Consumer Surplus: 150 

Total Welfare: 330 

Platform Profit: 120 

Third-Party Profit: 50 

Consumer Surplus: 130 

Total Welfare: 300 

Low-Quality Third-Party 

Products 

Platform Profit: 80 

Third-Party Profit: 40 

Consumer Surplus: 100 

Total Welfare: 220 

Platform Profit: 110 

Third-Party Profit: 20 

Consumer Surplus: 90 

Total Welfare: 220 

Table 4: Platform Self-Preferencing Game Theory Payoff Matrix 

Source: The RAND Journal of Economics (Hagiu, Teh, & Wright, 2022) 

Game-theoretic analysis reveals how welfare effects depend critically on the relative quality of 

platform offerings compared to third-party alternatives (Hagiu, Teh, & Wright, 2022). When 

platforms direct users toward superior services, self-preferencing may generate neutral or 

positive welfare effects through improved coordination and reduced search costs (Kim, 2024). 

However, when preferential treatment favours inferior platform services, substantial welfare 

losses arise from misallocation and reduced consumer choice (De los Santos & Wildenbeest, 

2017). 
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 Self-preferencing in The United States is addressed under the realm of Section 2 of the 

Sherman Act. The Federal Trade Commission’s case affirms biased search results in Amazon 

platform for its own brands (Fed. Trade Comm’n v. Amazon.com, Inc., 2023). Such moves  

exemplify self-preferencing  can multiplying  abuse  and data exploitation (Zhu & Liu, 2018). 

 The Competition Commission’s investigation confirms preferred treatment in Amazon and 

Flipkart platforms. The investigation report indicated “systematic preferential treatment 

through multiple mechanisms including search ranking, promotional activities, and fulfilment 

advantages that created uneven playing fields for marketplace sellers.” 

Platform Control over Discovery/Access 

↓ 

Preferential 

Display/Ranking 

Information 

Asymmetry 

Advantages 

Technical 

Integration 

Advantages 

↓ 

Raised Rival’s Costs 

↓ 

Foreclosure Effects on Competitors 

↓ 

Market Outcomes: Prices, Quality, Innovation, Entry 

 

Figure 3: Economic Mechanisms of Self-Preferencing Effects 

Source: Raising rivals’ costs. The American economic review, (Salop & Scheffman, 1983; 

Tirole, 1988) 
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These economic mechanisms operate through raising rivals’ costs, foreclosing access to 

customers, and distorting innovation incentives (Franck & Peitz, 2021). Network effects 

amplify these mechanisms by making it more difficult for disadvantaged rivals to attract users 

despite offering superior products or services (Wu, 2018). 

b. Data Exploitation and Algorithmic Advantages: Comparative Case Analysis 

Data-driven self-preferencing represents a particularly concerning form where platforms 

exploit privileged access to business users’ data to identify successful products and develop 

competing offerings. This practice leverages information asymmetries created by platforms’ 

dual roles as marketplace operators and participants (Economides & Lianos, 2021). 

We have realised that The European Commission’s Amazon investigation, concluded in 

December 2022 with commitments, revealed how the platform used “non-public business data 

from independent sellers to calibrate retail offers and strategic business decisions to the 

detriment of other marketplace sellers” (European Commission, 2022). Hence, Amazon 

committed to refrain from using individual or aggregate data relating to independent sellers’ 

activities for its competing retail business. 

 

 

Figure 4: Data-Driven Feedback Loops in Digital Markets  

Source : Big Data and Competition Policy, (Stucke & Grunes, 2016) 

Empirical research by Zhu and Liu demonstrates how Amazon systematically enters product 

categories with high sales volumes and positive reviews, suggesting strategic use of 

marketplace data to identify profitable opportunities. Their analysis reveals that Amazon is 

more likely to enter successful product spaces whilst avoiding categories with high shipping 
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costs or broad assortments, indicating sophisticated algorithmic analysis of competitive 

opportunities. 

The Competition and Markets Authority in the United Kingdom, examined digital promotion 

supporting self-preferencing in various services, Google’s integrated marketing expertise 

facilitate its own services over other competitors (CMA, 2020). The CMA acclaimed that 

“vertical integration across the advertising technology stack enables Google to favour its own 

services whilst limiting competitors’ access to data and functionality.” 

The Competition Commission of India scrutinizes parallel actions by Amazon and Flipkart. 

The CCI’s initial results advocate that platforms use seller data to “identify successful products, 

develop competing private label offerings, and provide preferential treatment through search 

algorithms and promotional activities.” This is a reflection of comprehensive data abuse 

raising concerns about India’s small and medium enterprises that hinge on platform entrée. 

Study Setting Estimated Consumer 

Welfare Loss 

Lee, Wu & Zhang (2023) Amazon Buy Box 

algorithm change 

4 percent ↑ in third-party 

prices 

EC Staff Working Doc SWD 

(2024) 117 final 

Google Shopping ranking 

bias metrics 

6–9 percent ↓ in click-

throughs 

Table 5: Recent Empirical Estimates of Self-Preferencing Impacts  

Source: Journal of Industrial Economics (Lee, Wu, & Zhang, 2023; European Commission, 

2024a) 

Some empirical study delivers tangible indication of harm caused to consumers. Research 

conducted by Lee, Wu & Zhang established the fact that Amazon’s Buy Box algorithm swap 

give rise to 4% in the price for third-party sellers, while European Commission study 

recognised 6-9% falls in rates for competing shopping services succeeding Google’s self-

preferencing execution (Lee, Wu, & Zhang, 2023; European Commission, 2024a). 

c. Welfare Effects and Efficiency Justifications: Multi-Jurisdictional Analysis 

The welfare analysis of self-preferencing probe efficiency effects and dynamic innovation 

impacts while considering proficiency reasonings that various platforms take care of  . (Kaplow 

& Shapiro, 2007). Competition authorities have coped with harmonizing possible competitive 

harms compared to sued value (Carlton & Waldman, 2002). 
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Welfare 

Dimension 

Potential Negative Effects Potential Positive Effects 

Price Reduced price competition, 

higher average prices, greater 

price discrimination 

Elimination of double marginalization, 

scale economies passed through to 

consumers 

Quality Weakened quality competition, 

survival of inferior platform 

products 

Better product integration, quality 

assurance for sensitive categories 

Innovation Reduced third-party innovation, 

innovation directed away from 

platform competition 

Greater platform investment in platform 

infrastructure and capabilities 

Variety Less diverse offerings, reduced 

niche product viability 

More coherent ecosystem, reduced 

search and decision costs 

Privacy & 

Security 

Potential reduction in privacy-

focused alternatives 

Enhanced data security for platform-

provided services 

Table 6: Summary of Consumer Welfare Effects from Self-Preferencing 

Source: Original work of the authors 

The welfare analysis reveals complex trade-offs across multiple dimensions that resist simple 

categorisation as beneficial or harmful (Kim, 2024). Price effects may be positive when 

platforms eliminate double marginalisation or negative when reduced competition enables 

market power exploitation. Quality effects depend on whether self-preferencing directs 

consumers toward superior platform offerings or inferior services that succeed through 

preferential treatment rather than merit (Etro, 2024). 

Innovation effects create the most significant long-term welfare implications. The assessment 

of European Commission’s for the Digital Markets Act estimates an increase of GDP by 0.09-

0.22% through modern technique and condensed deadweight losses (European Commission, 

2020). However, preferential treatment might decrease the investment in organisation and 

service expansion (Waldfogel, 2017). 

German competition law offers stimulating examples for harmonizing efficiency reasonings 

contrary to competitive damage. The Bundeskartellamt’s assessment justifications under 

Section 19a requires platforms to demonstrate that challenged practices are “indispensable for 

achieving legitimate business objectives and proportionate to those objectives” (GWB 
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Digitalization Act, 2021). This standard requires case-by-case analysis rather than categorical 

acceptance or rejection of self-preferencing practices. 

The UK’s approach through the Digital Markets, Competition and Consumers Act 2024 

enables the Digital Markets Unit to assess efficiency justifications when designing pro-

competitive interventions (Digital Markets, Competition and Consumers Act, 2024). This 

tailored approach aims to address specific competitive harms whilst preserving beneficial 

aspects of platform integration (Digital Markets Taskforce, 2020). 

In India, the Competition Commission’s analysis must consider efficiency justifications under 

the rule of reason approach whilst recognising potential for competitive harm in markets with 

limited alternatives (Excel Crop Care Ltd. v. Competition Comm’n of India, 2017). The Draft 

Digital Competition Bill 2024 proposes establishing presumptions against certain practices by 

systemically significant enterprises whilst allowing efficiency defences, balancing prevention 

with proportionate intervention (Draft Digital Competition Bill, 2024). 

 

 

 

 

Self-Preferencing Practice 

 

 

  

 

Competitive Harm 

Assessment 

 

 

Efficiency justifications 

 

↓ ↓ 

 

•   Market power 

•   Foreclosure effects 

•   Innovation impacts 

•   Consumer welfare effects 

 

 

•   Integration efficiencies 

•   Quality assurance 

•   Double margin elimination 

•   Innovation incentives 

 

↓ ↓ 

 

Net Effect Determination 

 

 

Figure 5: Analytical Framework for Efficiency Assessment in Self-Preferencing Cases 

 Source :Competition Law Review Committee, 2019; Carlton & Waldman, 2002; Tirole, 1988 
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The analytical framework evaluates appealed efficacies as specific to tested conduct, if at all 

restrictive alternatives achieve the same benefits. The frame work shed light on if there are 

efficiency gains to consumers or to the digital platform (European Commission, 2020). 

4. WELFARE ANALYSIS, DETECTION CHALLENGES, AND INSTITUTIONAL CAPABILITIES 

a. Quantifying Competitive Harms and Consumer Welfare Effects 

To have a welfare analysis of algorithmic practices economic valuation is required which 

should   encompasses traditional price effects with superiority, novelty and diversity in terms 

of efficacy (Arrow, 1962). Globally competition establishment have advanced various methods 

to measure such effects, nonetheless substantial trials are required to establish the counter 

analysis to measure lasting effects (Kessler & Rubinfeld, 2004). 

Some of the research submit that there has been significant loss of welfare in the e- markets. 

Assad et al.’s investigation of German retail gasoline markets put forth that algorithmic pricing 

leads to 3-5% higher margins than traditional pricing. This represented wealth allocations from 

consumers to businesses (Assad et al., 2020). Chen et al.’s examination of Amazon pricing 

patterns too exposed algorithmic coordination in specific product categories, with price 

increases of 8-12% (Chen et al., 2016). 

The European Commission’s study in the Google Shopping case recognised reductions beyond 

90% for contending shopping services and rendering considerable revenue for businesses 

(European Commission, 2017a). The assessment projected loss of consumer welfare over 

compact choice, advanced prices, and contracted innovation incentives for specific provision 

(European Commission, 2017a). 

 

Study Market Context Methodology Key Findings 

European 

Commission 

(2017) 

Google search & 

comparison 

shopping 

Natural experiment, 

difference-in-

differences 

90%+ traffic reduction 

to rival comparison 

sites, revenue impacts 

Zhu & Liu 

(2018) 

Amazon 

marketplace & 

first-party retail 

Product matching, 

regression analysis 

Entry targeting 

successful products, 

seller exit effects 

Hunold et al. 

(2020) 

Hotel booking 

platforms 

Difference-in-

differences, regression 

analysis 

Visibility premium of 

14-27%, booking 

pattern impacts 
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Teh (2020) Amazon 

marketplace entry 

patterns 

Natural experiment, 

propensity score 

matching 

4.5% price decrease, 

25% reduction in seller 

numbers 

CCI (2024) Indian e-commerce 

marketplaces 

Mixed methodology, 

click-through & 

conversion analysis 

12% increased 

acquisition costs, 

market foreclosure 

Table 7: Key Findings from Empirical Studies of Self-Preferencing 

Source: Key Findings from Empirical Studies of Self-Preferencing (European Commission, 

2017a; Zhu & Liu, 2018; Hunold, Kesler & Laitenberger, 2020; The, 2020; CCI, 2024) 

 

In India, the Competition Commission’s investigation into e-commerce platforms provides 

initial quantitative evidence of self-preferencing impacts. The CCI’s analysis found that 

preferential treatment was associated with 12% higher acquisition costs for non-preferred 

sellers and market foreclosure effects in specific product categories (CCI, 2024). These 

findings suggest competitive harms comparable to those documented in other jurisdictions 

(CCI, 2024). 

The welfare analysis must account for dynamic innovation effects that may be more significant 

than static efficiency losses but are harder to quantify (Schumpeter, 1962). The European 

Commission’s research suggests that self-preferencing disproportionately affects third-party 

innovation in areas directly competing with platform services, with evidence of increased 

innovation risk premiums for ventures potentially competing with major platforms (European 

Commission, 2020). 
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Figure 6: Relationship Between Data Scale and Service Quality 

Source: Author’s illustration based on findings from (Schaefer, Sapi, & Lorincz, 2021; Bajari 

et al., 2019) 

The data advantages and competitive performance illustrate algorithmic collusion with initial 

evolutions which is persist at large scales (Schaefer, Sapi, & Lorincz, 2021). The implications 

are on competition in e- markets where platforms collect data through preferential treatment 

(Bajari et al., 2019). 

b. Evidentiary Standards and Institutional Challenges Across Jurisdictions 

Detection and accusation of algorithmic application face institutional challenges. This is due 

to dissimilarities in legal standards, technical knowhow across the globe (Pasquale, 2015). 

There is a need advanced abilities in algorithm scrutiny, statistical investigation, and economic 

apparatus which should adapt existing legal frameworks designed for human conduct (Areeda 

& Hovenkamp, 2020). 

The approach of European Union under Article 101 TFEU offers greater elasticity to address 

algorithmic coordination over agreement-based standards. It has designed specific economic 

apparatuses for the detection and organisation in digital markets incorporating high-frequency 

data examination and algorithmic design assessment (European Commission, 2017b). 

However, even the Commission faces challenges accessing proprietary algorithms and 
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distinguishing between independent optimization and coordinated behaviour (European 

Commission, 2017b). 

The United States maintains more restrictive evidentiary standards requiring clear proof of 

agreements, creating particular challenges for algorithmic coordination cases. However, the 

Department of Justice has developed innovative investigative techniques, as demonstrated in 

the RealPage case where the agency combined traditional evidence-gathering with algorithmic 

analysis to establish coordination among rental property owners (U.S. v. RealPage, Inc., 2024). 

The DOJ’s complaint alleges that RealPage’s algorithm facilitated coordination by 

“aggregating competitively sensitive information from competing landlords and using that 

data to recommend rent increases that would not occur in a competitive market” (U.S. v. 

RealPage, Inc., 2024). 

The UK Competition and Markets Authority advance technical abilities through Data, 

Technology and Analytics unit, allowing refined scrutiny of algorithmic execution (CMA, 

2021). The CMA’s efficacious trial in algorithmic cases establishes the role of institutional 

investment in taming the evidentiary tests (CMA, 2021). 

 There are several challenges faced by Competition Commission with respect to limited 

resource and technical intricacy of algorithmic analysis (CCI, 2024). The economic analysis   

requires significant augmentation to report algorithmic coordination (CCI, 2024). However, 

international cooperation might offer expertise while constructing internal abilities through 

contemporary aid and sharing information contracts (CCI, 2023). 

Finding Description Implications 

Price 

Convergence 

Algorithms consistently converge 

toward supra-competitive prices 

without explicit instructions to 

collude 

Collusion can emerge as a natural 

outcome of profit-maximizing 

algorithms 

 

Punishment 

Mechanisms 

Algorithms independently discover 

strategies that punish deviation with 

temporary price wars 

Collusive equilibrium becomes 

stable through self-reinforcing 

mechanisms 

 

Learning 

Efficiency 

Collusive strategies emerge after 

1000-3000 iterations in experimental 

settings 

Real-world time to develop such 

strategies depends on market 

interaction frequency 
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Market 

Structure 

Effects 

Collusion more stable in concentrated 

markets (2-4 firms), less stable with 

more competitors 

Algorithmic collusion risks 

highest in already concentrated 

markets 

 

Table 8: Key Findings from Algorithmic Collusion Experiments 

Source: American Economic Review (Calvano et al, 2020a) 

 Some evidence offers insights for executing agencies, indicating how algorithms can realize 

harmonisation tactics without software design. These findings notify exposure and help 

authorities in understanding the circumstances under which algorithmic coordination may arise 

(Calvano et al, 2020a). 

c. Cost-Benefit Analysis of Enforcement and Regulatory Interventions 

The prerequisite of enforcement agencies is methodical assessment of expected costs and 

benefits. Such policy interventions, should incorporate short-term as well as long-term 

enforcement effect on invention and on market expansion (OECD, 2017b). Cost -benefit 

analysis is crucial for developing economies like India where regulatory interventions should 

focus on parity and aim to develop digital economy (Indian Council for Research on 

International Economic Relations [ICRIER], 2023). 

Intervention 

Category 

Primary Benefits Primary Costs Net Assessment 

Factors 

Self-

Preferencing 

Prohibitions 

• Enhanced rivalry in 

related markets 

• More merit-based 

competition 

• Innovation by third 

parties 

• Lost integration 

efficiencies 

• Compliance and 

monitoring costs 

• Potential service 

quality impacts 

• Market power 

level 

• Alternative 

access channels 

• Integration 

benefits 

magnitude 

Algorithmic 

Competition 

Rules 

• Reduced tacit 

collusion 

• More competitive 

pricing 

• Enhanced market 

transparency 

• Algorithm redesign 

costs 

• Potential loss of 

efficiencies 

• Enforcement 

complexity 

• Market 

concentration 

• Collusion risk 

• Monitoring 

feasibility 
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Interoperability 

Requirements 

• Reduced switching 

costs 

• Enhanced multi-

homing 

• Market entry 

facilitation 

• Standards 

development costs 

• Implementation 

expenses 

• Potential security 

and privacy risks 

• Network effect 

strength 

• Technical 

feasibility 

• Innovation 

impact 

Table 9: Cost-Benefit Framework for Digital Competition Interventions 

Source: Report of the Competition Law Review Committee (Armstrong & Wright, 2025; 

Bourreau & Doganoglu, 2024; Competition Law Review Committee, 2019) 

The benefits of addressing algorithmic coordination and self-preferencing is reduction in 

deadweight losses from supra-competitive pricing through invention for third-party with 

enhanced allocative efficiency and performance-based competition (European Commission, 

2020). The impact assessment conducted by European Commission’s submits effective 

intervention enhancing economic productivity by 0.09-0.22% although such evaluations 

include extensive procedural doubts (European Commission, 2020). 

The regulatory costs comprise of compliance expenses for platforms, managerial expenses for 

enforcement agencies, and innovation overheads (European Commission, 2020).  In Europe 

Digital Markets Act compliance costs around tens of millions of euros, however these 

expenditures are higher for small companies (European Commission, 2024b). 

The cost-benefit analysis for India must focus on the role that platforms in financial inclusion 

in small business interconnectedness in rural areas (ICRIER, 2023). Excessive regulation may 

impede these benefits, while inadequate execution may lead to exploitation of consumers and 

small businesses (ICRIER, 2023). 

This analysis recommends that planed interventions leads to explicit competitive harms which 

may offer restored cost-benefit particularly in resource-constrained environments (Baker, 

2019). This method empowers authorities to build enforcement abilities aligned with   

competition (Competition Law Review Committee, 2019). 

5. REGULATORY APPROACHES AND POLICY FRAMEWORK ANALYSIS 

a. Global Ex-Ante Regulatory Frameworks: Comparative Analysis 

Somehow the traditional competition enforcement insufficient in addressing systemic issues in 

digital markets. Therefore, authorities are developing inclusive ex-ante regulatory frameworks 

aiming digital platforms (DMA, 2022). These approaches lecture on responsibilities for 
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selected platforms contributing to more effective responses to algorithmic challenges (Digital 

Markets, Competition and Consumers Act, 2024). 

The European Union’s Digital Markets Act is comprehensive framework, which prohibits self-

preferencing and recommends algorithmic transparency (DMA, 2022). Article 6(1)(d) requires 

gatekeepers to “refrain from treating more favourably in ranking services and products offered 

by the gatekeeper itself compared to similar services or products of a third party” (DMA, 

2022). Article 6(1)(a) prohibits using “non-public data generated by business users for the 

purposes of competing against those business users” (DMA, 2022). 

The Competition and Consumers Act 2024 of UK is more flexible and empowers Digital 

Markets to execute custom-made interventions on businesses (Digital Markets, Competition 

and Consumers Act, 2024). The Act permits specific remedies rather than uniform 

commitments to designated platforms (Digital Markets Taskforce, 2020). 

Germany’s revised Competition Act contains Section 19a explicitly aiming digital platforms 

with vital implication for e- markets (GWB Digitalization Act, 2021). This provision permits 

the Bundeskartellamt to exclude practices including self-preferencing and data exploitation 

(GWB Digitalization Act, 2021). 

Regulatory 

Feature 

EU Digital 

Markets Act 

UK Digital 

Markets 

Regime 

German 

Competitio

n Act § 19a 

India’s 

Draft 

Digital 

Competitio

n Bill 

Japan’s 

Mobile 

Software 

Competitio

n Act 

Effective Date November 

2022; 

enforcement 

began 2023 

May 2024 January 

2021 

 

Draft 

published 

March 2024 

 

 

April 2024 

 

Designation 

Criteria 

Quantitative 

thresholds 

(users, 

turnover, 

market cap) 

Strategic 

Market 

Status based 

on substantial 

and 

Paramount 

significance 

for 

competition 

across 

markets 

Systematical

ly 

Significant 

Digital 

Enterprises 

based on 

Targets 

designated 

mobile OS 

providers 

and app 

stores 
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and qualitative 

assessment 

entrenched 

market power 

users, 

revenue, 

market 

position 

 

Algorithmic 

Self-

Preferencing 

Approach 

Explicit 

prohibition 

with 

transparent 

ranking 

requirements 

(Art. 6(1)(d)) 

 

Tailored code 

requirements 

based on 

firm-specific 

analysis 

Explicit 

prohibition 

for 

designated 

companies 

Explicit 

prohibition 

with 

transparency 

requirement

s 

Prohibits 

OS-level 

defaults and 

pre-

installation 

advantages 

Algorithmic 

Data 

Exploitation 

Treatment 

 

Prohibits 

using non-

public 

business user 

data for 

competition 

(Art. 6(1)(a)) 

 

 

Potential 

tailored data 

access 

remedies 

Can be 

prohibited 

through 

individual 

decisions 

Explicit 

prohibition 

on using 

non-public 

data from 

business 

users 

 

Not 

specifically 

addressed 

Algorithmic 

Gatekeeping 

Controls 

Comprehensiv

e obligations 

including 

interoperabilit

y, app store 

fairness, 

defaults (Arts. 

5-6) 

Tailored 

remedies 

based on 

identified 

gatekeeping 

mechanisms 

Case-by-

case 

prohibition 

powers 

Broader 

platform 

governance 

obligations 

Focuses 

specifically 

on mobile 

OS 

gatekeeping 

and app 

store 

conduct 
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Interoperabilit

y 

Requirements 

Mandates 

messaging 

interoperabilit

y, business 

user data 

access, limited 

API access 

(Art. 6) 

Potential pro-

competitive 

interventions 

including 

data and 

technical 

interoperabili

ty 

Potential 

interoperabil

ity orders 

Business 

user data 

access and 

potential 

interoperabil

ity 

Requires 

third-party 

app stores 

and 

browsers 

Transparency 

Rules 

Extensive 

algorithmic 

transparency 

requirements 

for ads, 

rankings, 

defaults 

Platform-

specific 

transparency 

requirements 

possible 

Potential 

transparency 

obligations 

Transparenc

y mandates 

for ranking, 

preferencing

, data usage 

Technical 

documentati

on 

requirement

s 

Enforcement 

Mechanism 

Directly 

applicable 

obligations 

with 

significant 

fines 

Code of 

conduct 

violations 

with 

significant 

fines 

Case-by-

case 

prohibition 

decisions 

Directly 

applicable 

obligations 

with 

significant 

fines 

Direct 

regulations 

with 

industry 

oversight 

Early 

Enforcement 

Examples 

€500M fine on 

Apple (in-app 

payment 

restrictions); 

€200M fine on 

Meta (pay or 

consent 

model) (2025) 

Not yet 

implemented 

Designation 

of Google, 

Meta, 

Amazon, 

Apple; 

ongoing 

proceedings 

N/A - not 

yet enacted 

Implementa

tion 

beginning 

2025 

Table 10: Comparison of Major Digital Competition Regulatory Frameworks. 

Source: Author’s synthesis based on multiple sources including (DMA, 2022; Digital 

Markets, Competition and Consumers Act, 2024; GWB Digitalization Act, 2021) 

This analysis reveals algorithmic practices, of the EU accenting all-inclusive responsibilities, 

tailored interventions of UK, and case-by-case prohibitions adopted by Germany (Competition 
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Law Review Committee, 2019). Respectively these approaches present diverse benefits and 

issues for effective enforcement (Competition Law Review Committee, 2019). 

b. India’s Draft Digital Competition Bill 2024: Framework Analysis and Implementation 

Challenges 

India’s Draft Digital Competition Bill 2024 is an evolution in competition policy, prescribing 

ex-ante duties for ‘Systemically Significant Digital Enterprises.’ Quantitative approach and 

qualitative valuation criteria are the main impetus (Draft Digital Competition Bill, 2024). The 

projected framework cartels turnover thresholds (₹4,000 crores), user base requirements (1 

crore in India), and strategic market significance assessments to identify platforms subject to 

enhanced obligations (Draft Digital Competition Bill, 2024). 

The perspective of the Bill is to prohibit self-preferencing through ranking manipulation and 

transparency in the digital services (Draft Digital Competition Bill, 2024). SSDEs would be 

barred from using secret data. This will categorise data-driven competitive benefits in 

worldwide (Draft Digital Competition Bill, 2024). 

The Indian framework incorporates comprehensive experience suitable for domestic market. 

India’s framework anticipates flexible intrusions based on explicit market features and viable 

concerns (Draft Digital Competition Bill, 2024). This method aids select regulation while 

circumventing possible over-regulation of platform services (Draft Digital Competition Bill, 

2024). 

Nevertheless, the proposed Bill requires extensive capacity development within the CCI, 

together with algorithm auditing abilities, improved resources allocation and innovative 

structures (Draft Digital Competition Bill, 2024). International cooperation imparts significant 

prospects to influence local competences through technical aid and knowledge (CCI, 2023). 

The Bill’s reflects lessons from inventions and effective enforcement from global experiences 

(Draft Digital Competition Bill, 2024). Strong leadership vis-à-vis permissible practices and 

safe docks can bid certainty in the business while preserving enforcement flexibility (Draft 

Digital Competition Bill, 2024). 

c. Economic Analysis of Regulatory Effectiveness and Policy Recommendations 

The economic assessment of various regulation requires methodical valuation of cost and 

benefit (OECD, 2017b). This analysis is particularly important for India given the digital 

economy’s central role in broader development objectives including financial inclusion and 

rural connectivity (ICRIER, 2023). 
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Early evidence from Digital Markets Act implementation suggests mixed results. Majority of 

the digital storefronts have complied with key responsibilities of compatibility and diminishing 

self-preferencing in specific backgrounds (European Commission, 2024b). There are higher 

compliance costs and technical challenge in effective implementation of the same (European 

Commission, 2024). 

Here, it is pertinent to mention that German practise with Section 19a offers insights into case 

specific approaches. The Bundeskartellamt’s inquiries of Google, Meta, and Amazon have 

recognized imperative models in digital market study (Bundeskartellamt, 2024). Yet, this 

method involves huge resource and might not be effective in dealing with issues of various 

platforms (Bundeskartellamt, 2024). 

  India can merge elements of both ex-ante guideline and improve traditional execution (CCI, 

2023). Ex-ante rules can set boundaries for substantial platforms where as traditional 

enforcement may holds flexibility in dealing with novel competitive harms (CCI, 2023). 

 

Figure 7: Detection of Algorithmic Coordination through Price Change Analysis  

Source: Author’s illustration based on methodologies described in Organisation for 

Economic Co-operation and Development. (OECD, 2017a) 

Detection capabilities remain crucial for effective enforcement under any regulatory 

framework. Venturing statistical tools, auditing capabilities, and international collaboration is 

indispensable for refined algorithmic application (CCI, 2024). 

 India can gradually implement ex-ante duties with cases of competitive harm. This requires   

investment in technical expertise and expansion of clear guidance. The practice should 
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incorporate efficient suitable practices and global proficiency with an edifice to domestic 

abilities (CCI, 2023). 

Indian approach should aim to balance effective implementation aligned with innovation and 

regulatory interferences. The resolution should meet inclusive growth and development in the 

era of digital economy (ICRIER, 2023). 

6. CONCLUSIONS AND RECOMMENDATIONS 

The comprehensive study acme some noteworthy challenges that algorithmic collusion and 

self-preferencing constitute. Subsequently, creating demand for refined policy initiative 

harmonising enforcement effectiveness with reform. Inclusive enforcement experiences bow 

to real-world competitive impairment and the complexity in formulating appropriate 

regulations deprived of unnecessary restriction to valuable platform services. 

 International inferences are very much relevant for India’s nascent competition policy plan. 

Algorithmic pricing systems reach coherent outcomes without human agreements. 

Consequently, this results in upgraded submission and reprimand mechanisms, with supra-

competitive pricing. Prevalent implementation in the European Commission’s Google 

Shopping inquiry, the U.S. Department of Justice’s RealPage case, and India’s current 

Amazon-Flipkart examination authenticate self-preferencing negatively effecting the welfare 

on consumer surplus which is estimated to be 4-15% in the online business. 

The end result of algorithmic practices is self-reinforcing in market congregation because of 

network effects and data advantages. This tactic is missing in traditional settings therefore face 

significant confines because of human behaviour and their intent to have an agreement. The 

study exposes that ex-ante frameworks are proficient in balancing the traditional enforcement. 

EU’s Digital Markets Act, UK’s DMCC Act, and Germany’s amended Competition Act render 

various methods to hand out the algorithmic practices. Nevertheless, the effective 

implementation needs institutional capacity building programme in harmony with valued 

innovation. 

 CCI should learn from global practises to enhance the conditions of institution in the local 

market. The Competition Commission of India should catalogue modern detection aptitudes 

for algorithmic coordination. Hence it requires statistical tools and algorithm auditing 

mechanism which can challenge patterns without evidence of explicit agreements. 

Furthermore, endeavour in technology and indicative skills will be pivotal in multifaceted 

algorithmic markets. 
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The Draft Digital Competition Bill 2024 characterises algorithmic competition through pre-

existing guideline. Yet, the nature of the framework should be flexible to build in proportional 

liabilities without imposing unwarranted compliances. Additionally, representation should 

launch clear precedents through significant enforcement cases from different countries. 

The role of international cooperation mechanisms should bind domestic analytical capabilities. 

The CCI’s involvement in international supervision and information sharing pacts can offer 

rational practices which are cost effective for developing countries.  

The regulation must distinguish between degrees of algorithmic practices, with safe harbours. 

Insignificant forms of algorithmic optimisation should be treated in a different way from 

systematic coordination which harm competition. 

 Digital platforms play significant part in economic development, financial inclusion, and rural 

connectivity in India. In future the policy should balance competition along with continued 

innovation. Digital ecosystem should be preserved in order to attain higher growth 

development. The outline should be inclusive of primary, tertiary and service sector. Current 

competition policy should aid public interest and not the market power which is 

disadvantageous for consumers and small businesses. 

The particulars of algorithmic competition should partnership trade and commerce regulators, 

technology and academic researchers to protect assistances while maintaining the competition 

in the market. The regulatory measures ought to address competitive harms and venture 

innovation in India’s rapidly growing digital economy. 
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