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Motivation

• Algorithmic pricing has gained popularity in many industries:

• Revenue management tools were first adopted in the airline industry to dynamically set prices

• They later spread to a wide variety of industries such as hotels, car rentals, groceries etc.

• Penetration in multifamily rentals has increased steadily:

• Adoption started around 2005

• Concentrated among a few players:

• RealPage (YieldStar) and Rainmaker (LRO) prior to 2017

• RealPage acquired LRO from Rainmaker in 2017 and now has with > 80% market share

• By 2019, at least 25% of buildings (and 33% of units) have adopted some form of algorithmic pricing
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Motivation
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• What do these pricing algorithms do?

1. Set prices that respond to changes in market conditions?

• “RealPage Revenue Management software prioritizes a 

property's internal rent data and internal availability data 

when determining whether a rental price should be 

increased, decreased, or remain at the current level.”

• “[T]hen the software uses aggregated, anonymized rent 

data from a variety of sources to help determine price 

elasticity of demand … and thus the appropriate magnitude 

of change in price.”



Motivation
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2. Potential for coordinated pricing?

• Class action lawsuits

• Oct 18, 2022: Bason v. RealPage (San Diego)

• Nov 2, 2022: Navarro v. RealPage et. al. (Seattle)

• Dec 14, 2022: Weaver v. RealPage Inc. et al. (Denver)

• ... ... and many more

• As of April 2023, all 20 cases are consolidated in the U.S. 

District Court

• State attorneys general lawsuits

• Nov 1, 2023: Washington, DC

• Feb 28, 2024: Arizona

• March 4, 2024: North Carolina



Motivation
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2. Potential for coordinated pricing?

• Department of Justice:

• August 23, 2024: Filed a civil antitrust lawsuit against RealPage

• Allegations include:

• Decreasing competition among landlords in apartment pricing

• Monopolizing the market for commercial revenue management 

software that landlords use to price apartments
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2. Potential for coordinated pricing?

• Department of Justice:

• August 23, 2024: Filed a civil antitrust lawsuit against RealPage

• January 7, 2025: Added six large landlords to the lawsuit

• August 8, 2025:  Proposed settlement with Greystar to end its participation

• November 24, 2025: Proposed settlement with RealPage requires the defendant to:

• Cease the use of competitors’ non-public information in runtime operations

• Remove features that limit price decreases

• Refrain from discussions based on non-public data in user group meetings
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2. Potential for coordinated pricing?

• Department of Justice:

• August 23, 2024: Filed a civil antitrust lawsuit against RealPage

• January 7, 2025: Added six large landlords to the lawsuit

• August 8, 2025:  Proposed settlement with Greystar to end its participation

• November 24, 2025: Proposed settlement with RealPage requires the defendant to:

• Cease the use of competitors’ non-public information in runtime operations

• Remove features that limit price decreases

• Refrain from discussions based on non-public data in user group meetings

• DOJ lawsuit is now settled, but the broader questions raised by algorithmic pricing remain:

• Litigation by state AGs and against other algo pricing providers remains ongoing

• What is the economic impact of algorithmic pricing in the US multifamily rental markets?



Research Question:

• What is the impact of algorithmic pricing in the US multifamily rental markets?

1. Does algorithmic pricing lead to more responsive prices?

• Adopters charge higher prices than non-adopters during booms and lower prices during busts

• Results during busts consistent with algorithms facilitating more responsive price setting

2. Does algorithmic pricing lead to price coordination?

Calder-Wang and Kim 8



Research Question: Preview of Results

• What is the impact of algorithmic pricing in the US multifamily rental markets?

1. Does algorithmic pricing lead to more responsive prices?

• Adopters charge higher prices than non-adopters during booms and lower prices during busts

• Results during busts are consistent with more responsive (to changing market conditions) pricing

2. Does algorithmic pricing lead to price coordination?

• Adopters charge higher prices and experience lower occupancies as algorithm penetration 

increases is suggestive of coordinated pricing, but this can also be due to cost shocks
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• What is the impact of algorithmic pricing in the US multifamily rental markets?

1. Does algorithmic pricing lead to more responsive prices?

• Adopters charge higher prices than non-adopters during booms and lower prices during busts

• Results during busts are consistent with more responsive (to changing demand) pricing

2. Does algorithmic pricing lead to price coordination?

• As algorithm penetration increases, adopters charge higher prices and experience lower 

occupancies, suggestive of coordinated pricing

A structural model of a demand system for rentals to formally test conduct

Pair-wise testing favors coordination (i.e., joint-profit-maximization) over competition among 

users of the same algorithm, but not across users of different algorithms

Disclaimer: not forensic evidence of collusion or price fixing

Significant markup implications due to “algorithmic collusion”: $53 per month per unit across 

over 4.2 million adopted units
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Related Literature

• Theoretical work on whether algorithmic pricing:

• Miklos-Thal and Tucker (2019); Calvano, Giacomo, Denicol, and Pastorello (2020); Asker, Fershtman, and Pakes 

(2022); Johnson, Rhodes and Wildenbeest (2023), Banchio and Mantegazza (2023); Brown and MacKay (2025); 

Sugaya and Wolitzky (2025); Harrington (2022, 2024, 2025)

• Empirical work on algorithmic pricing:

• Assad, Clark, Ershov, and Xu (2020)

• Leisten (2022); Musolff (2022); Brown and MacKay (2023)

• Test of conduct:

• Bresnahan (1982, 1989); Nevo (1998, 2001); Miller and Weinberg (2017); Berry and Haile (2014); Wollmann 

(2019, 2024); Backus, Conlon, and Sinkinson (2022); Duarte, Magnolfi, Sølvsten and Sullivan (2023), Duarte, 

Magnolfi, Quint, Solvsten, Sullivan (2025)

• Our contribution:

1. Empirically evaluate the impact of algorithmic pricing and algorithmic collusion

• First to evaluate the impact of algorithmic pricing through multiple channels

• First to perform a conduct test in a full structural model of demand and supply

2. Relevance for consumer and firm welfare in a major industry

• Rent payments are the largest household expenditure item (30%) for renters

3. Relevance for antitrust as algorithmic pricing expands across industries
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Data and Setting
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Data on Algorithmic Pricing Adoption
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• Adoption data hand-collected from a variety of sources:

1. A series of surveys conducted at multifamily housing 

conferences

2. Marketing materials by software companies:

• Rainmaker LRO announced their major customer 

acquisition

• Quality of the data:

• All 20 out of 20 top management companies flagged

• If anything, we undercount adoption, which likely lead 

to attenuation in our regressions

Calder-Wang and Kim



Data on Multifamily Rentals
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• REIS by Moody’s Analytics

• Time period: 2005 – 2019

• Coverage of our data sample:

• Over 37,000 buildings and 7.2 million units 

• Top 50 metro markets (~600 submarkets)

• Representing approximately 50% of all market-rate multifamily units in the US

• Information includes:

• Building-level information (e.g., building class, address, management company, amenities)

• Surveyed both asking rents and occupancies



• Summary statistics:

• By 2019, penetration reaches 

• 25% at the building level

• 33% for unit level

• A lack of immediate integration post-merger:

• “LRO does not have access to YieldStar/AIRM database, 

and the YieldStar and AIRM database does not have access 

to the LRO database” (RealPage disclosure, June 2024)

→ We do not use merger-induced market structure changes 

as a research design

→ Focus on the pre-merge period for our conduct test

Penetration of Algorithmic Pricing in Multifamily Rentals
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Stylized Model
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Stylized Model: Responsive Prices (Bust)
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Stylized Model: Responsive Prices (Bust)
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Vacancy increases first!



Stylized Model: Responsive Prices (Bust)
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Equilibrium restored

with lower prices



Stylized Model: Responsive Prices (Bust)
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Efficiency gains from more 

responsive prices



Stylized Model: Responsive Prices (Bust)
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Responsive pricing w/ a negative demand shock:

1. Compare adopter vs. non-adopter within a market

• Adopters charge lower prices

• Adopters experience higher occupancy

• Compare adopters as penetration varies across markets

• The fraction of under-producers shrinks

• The residual demand adopters face weakens

• Tracing down its supply curve

• All else equal, with a negative demand shock, 

adopter price and quantity both decreases with h



Stylized Model: Responsive Prices (Bust)
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Responsive pricing w/ a negative demand shock:

1. Compare adopter vs. non-adopter within a market

• Adopters charge lower prices

• Adopters experience higher occupancy

2. Compare adopters as penetration increases across 

markets

• The fraction of under-producers shrinks

• The residual demand per adopter weakens

• Tracing down its supply curve

• All else equal, with a negative demand shock, 

adopter price and occupancy both decrease with h



Stylized Model: Responsive Prices (Boom)
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Stylized Model: Responsive Prices (Boom)
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Stylized Model: Responsive Prices (Boom)
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Vacancy drops before price increases



Stylized Model: Responsive Prices (Boom)
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Equilibrium restored

with higher prices



Stylized Model: Responsive Prices (Boom)
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Efficiency gains from 

more responsive prices

Responsive pricing w/ a positive demand shock:

1. Compare adopter vs. non-adopter within a market

• Adopters charge higher prices

• Adopters experience lower occupancy

• Compare adopters as penetration varies across markets

• The fraction of over-producers shrinks

• The residual demand adopters face strengthens

• Tracing up its supply curve

• All else equal, with a negative demand shock, 

adopter price and quantity both increase with h



Stylized Model: Responsive Prices (Boom)

Calder-Wang and Kim 33

Responsive pricing w/ a positive demand shock:

1. Compare adopter vs. non-adopter within a market

• Adopters charge higher prices

• Adopters experience lower occupancy

2. Compare adopters as penetration increase across 

markets

• The fraction of over-producers shrinks

• The residual demand per adopter strengthens

• Tracing out its supply curve

• All else equal, with a positive demand shock, 

adopter price and occupancy both increase with h



Stylized Model: Coordinated Prices
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Stylized Model: Coordinated Prices
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Stylized Model: Coordinated Prices
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Deadweight loss from 

monopoly prices

Transfer from renters to 

landlords



• A model of joint-profit-maximization

• Monopoly

• When a fraction of the owners are adopters (A), 

joint maximization over the residual demand:

Predictions under joint-profit maximization:

1. Compare adopter vs. non-adopter within a market

• Adopters charge the same price

• Adopters experience lower occupancy

2. Compare adopters as penetration increases across 

markets

• All else equal, adopter price increases but 

occupancy decreases with penetration h

Stylized Model: Coordinated Prices
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Deadweight loss from 

monopoly prices

Transfer from renters to 

landlords



Stylized Model Summary

Adopter vs. Non-Adopter Within a Market 

Difference Responsive 
Prices 
(Bust)

Responsive 
Prices 
(Boom)

Coordinated 
Prices

PA- PNA
NA

QA- QNA

Can isolate responsive pricing Cannot isolate coordination



Stylized Model Summary

As Adoption 
Increases

Responsive 
Prices 
(Bust)

Responsive 
Prices 
(Boom)

Coordinated 
Prices

PA

QA

Difference Responsive 
Prices 
(Bust)

Responsive 
Prices 
(Boom)

Coordinated 
Prices

PA- PNA
NA

QA- QNA

Can isolate responsive pricing Cannot isolate coordination
Price and quantity move in the same directions

Price and quantity move in opposite direction

Could be indicative of coordination

Could be confounded by unobserved cost shocks -> conduct test

Adopter Outcomes by Penetration Across MarketsAdopter vs. Non-Adopter Within a Market 



Results
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1. Reduced-Form Analysis

• Within-Market Comparison of Adopter vs. Non-adopters

• Cross-Market Comparison of Adopters by Algo Penetration

2. Conduct Test
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Within-Market Comparison of Adopter vs. Non-adopters: By Adoption Cohorts
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• For 2008 cohort, 

adoption leads to lower 

prices and higher 

occupancy during GFC

For the 2010 cohort, 

adoption leads to higher 

prices and lower 

occupancy in later years



Within-Market Comparison of Adopter vs. Non-adopters: By Adoption Cohorts
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• For 2008 cohort, 

adoption leads to lower 

prices and higher 

occupancy during GFC

• For the 2010 cohort, 

adoption leads to higher 

prices and lower 

occupancy in later years



Within-Market Comparison of Adopter vs. Non-adopters: By Calendar Time
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• Compared adopted and non-adopted buildings in the same market-segment (metro by quality quartile)

• Estimation using CSDID (Callaway and Santa’Anna 2021) to account for staggered adoption

• Adopters charged lower prices and experienced higher occupancy than non-adopters during the recession 

• Adopters charged higher prices and experienced lower occupancy than non-adopters during the recovery



Within-Market Comparison of Adopter vs. Non-adopters: IV
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• Instrument for adoption:

• Adoption decision is made at the management company level, so we use the penetration of other 

buildings in different metros of the same management company to instrument for the adoption 

likelihood of the focal building

• First-stage F-stat is significant at 55.1

• Results consistent and robust to using the instrumented adoption

G1 G2 G3

Mkt-A Mkt-B Mkt-C

Greystar

P1 P2 P3

Mkt-A Mkt-D Mkt-E

Pinnacle
If market B has more 

adoption than market D, 

then G1 is more likely to 

adopt than P1



Within-Market Comparison of Adopter vs. Non-adopters: By Calendar Time
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• Main results are robust to:

• Instrumented adoption

• Traditional TWFE specification

• Alternative definitions of market segments

• Comparison to never adopters and/or not-

yet-adopters



Results
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1. Reduced-Form Analysis

• Within-Market Comparison of Adopter vs. Non-adopters

• Cross-Market Comparison of Adopters by Algo Penetration

2. Conduct Test



Cross-Neighborhood Comparison of Adopters by Algo Penetration
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• Compare neighborhoods (tracts) 

within the same metro area

• Holding fixed unobserved market 

shocks at the metro level

Distribution of Algorithm Penetration Across Census Tracts (2019)



Cross-Neighborhood Comparison of Adopters by Algo Penetration
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• Compare adopters across varying levels of penetration

• Adopter rent increases with penetration

• Adopter occupancy decreases with penetration

• P and Q move in opposite direction as penetration 

rises

• Cannot be explained by responsive pricing alone

• Could be indicative of coordinated pricing

Especially among users of the same software

But:

Penetration could be correlated with unobserved cost 

shocks 

Hypotheses about conduct cannot be separated 

from hypotheses about marginal costs

A structural model of demand allows us to leverage 

instruments to formally test conduct with exclusion 

restrictions on marginal costs
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• Compare adopters across varying levels of penetration

• Adopter rent increases with penetration

• Adopter occupancy decreases with penetration

• P and Q move in opposite direction as penetration 

rises

• Cannot be explained by responsive pricing alone

• Could be indicative of coordinated pricing

• Especially among users of the same software

• But:

• Penetration could be correlated with unobserved 

cost shocks 

• Hypotheses about conduct cannot be separated 

from hypotheses about marginal costs

• A structural model of demand and supply allows us 

to leverage instruments to formally test conduct 

with exclusion restrictions on marginal costs



Results
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1. Reduced-Form Analysis

• Within-Market Comparison of Adopter vs. Non-adopters

• Cross-Market Comparison of Adopters by Algo Penetration

2. Conduct Test



Conduct Test: Demand Estimation
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• Estimation sample based on ten cities:

• Atlanta, Charlotte, Dallas, DC, Houston, Los 

Angeles, Minneapolis, Portland, San Diego, and 

Seattle

• Further divided into over 200 submarkets

• Selected by size and data availability

• REIS buildings:

• Average rent: $1,431/mo

• Average occupancy: 94.8%

• Adoption:

• Average fraction of buildings adopted (2019): 25%

• Average fraction of units adopted (2019): 32%

• Units adopted: 588k (out of 2.4 million)



Conduct Test: Demand Estimation
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• Demand is modeled as a multinomial discrete choice problem across differentiated rental housing units

• Each product is a building-bedroom type (e.g., 2-bed in 2116 Chestnut St)

• Utility is based on rent, building characteristics, and unobservable quality

• Our panel data allows us to include building fixed effects and submarket-year fixed effects 

• Estimation using BLP with micro-moments (Petrin 2002; Conlon and Gortmaker 2023):

1. Match the REIS-building quantity based on occupancy data

2. Match the covariance between household demographics and housing attributes

• ACS micro-data:

• Bedroom x (household size, child)

• Building age x (income, age)

• Inside good x (income, household size, child, age)

• Augment it with Data Axle address history data:

• Class A x (income)



Conduct Test: Demand Estimation
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• Demand is modeled as a multinomial discrete choice problem across differentiated rental housing units

• Demand instruments:

• Differentiation instruments (Gandhi and Houde 2019)

• Approximated optimal instruments (Chamberlain 1987, Conlon and Gortmaker 2023)

• Estimated elasticities:

• Median own elasticity: -3.26

• Median aggregate elasticity: -1.30

• Median outside good diversion: 0.79



• A model of pricing for differentiated products that 

allows for

1. Coordination (𝜏𝐴): Internalization of 

competitor’s profits among adopters

 

 

Conduct Test: Test Procedure
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• A model of pricing for differentiated products that 

allows for

1. Coordination (𝜏𝐴): Internalization of 

competitor’s profits among adopters

2. Mispricing (𝜏𝑡
𝑁𝐴 ): Departure from Nash-

Bertrand optimal markup among non-

adopters
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• A model of pricing for differentiated products that 

allows for

1. Coordination (𝜏𝐴): Internalization of 

competitor’s profits among adopters

2. Mispricing (𝜏𝑡
𝑁𝐴 ): Departure from Nash-

Bertrand optimal markup among non-

adopters

 

 

• First-order condition can be written as:

Conduct Test: Test Procedure
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• A model of pricing for differentiated products that 

allows for

1. Coordination (𝜏𝐴): Internalization of 

competitor’s profits among adopters

2. Mispricing (𝜏𝑡
𝑁𝐴 ): Departure from Nash-

Bertrand optimal markup among non-

adopters

 

 

• First-order condition can be written as:

• Key insight:

• The inverse of a cross-diagonal matrix is also 

cross diagonal

• We can isolate the FOC and test conduct among 

just adopters, irrespective of non-adopters’ 

pricing behavior

Conduct Test: Test Procedure
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Conduct Test: Test Procedure
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• A model of pricing for differentiated products:

• For any given model of conduct m, we can infer the marginal cost

• Because the mark-up 𝜂𝑚 is a known function of demand, internalization matrix, and conduct m 

• Model marginal cost as a convex function in occupancy, building fixed effects, and cost shocks



Conduct Test: Test Procedure
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• A model of pricing for differentiated products:

• For any given model of conduct m, we can infer the marginal cost

• Because the mark-up 𝜂𝑚 is a known function of demand, internalization matrix, and conduct m 

• Model marginal cost as a convex function in occupancy, building fixed effects, and cost shocks

• Test of conduct

• “Instruments” zt that affect demand, but are excluded from marginal cost shocks

• Differentiation IV as the markup shifter (Gandhi and Houde 2019)

• Optimal instruments (Conlon and Gortmaker 2020)



• Implementation:

• Estimation of the internalization parameter 𝜏 (Nevo 2000, Miller and Weinberg 2017)

• Pair-wise testing:

• Backus, Conlon, and Sinkinson (2021), Rivers and Vuong (2002); Duarte, Magnolfi, Solvsten, and Sullivan (2023)

• Even if models are mis-specified, the test can still test which of the two models of conduct is “preferred”

• Null hypothesis: two models of conduct fit the data equally well

• Alternative hypothesis (two-sided): one model is favored over the other model

• Test statistics:

• Negative: test favors Model 1 (Competition - Own Profit Maximization)

• Positive: test favors Model 2 (Coordination - Joint Profit Maximization)

• Specification:

• 𝜏𝐿
𝐴 for LRO users pre-acquisition (2009-2017)

• 𝜏𝑅
𝐴 for RealPage users pre-acquisition (2009-2017)

• 𝜏𝑀
𝐴  for the merged RealPage users post-acquisition (2018-2019)

• 𝜏𝑅𝐿
𝐴  for cross-software coordination (2009-2017)

Conduct Test: Testing Procedures

65



• Specifications:

• 𝜏𝐿
𝐴 for LRO users pre-acquisition (2009-2017)

• 𝜏𝑅
𝐴 for RealPage users pre-acquisition (2009-2017)

𝜏𝑀
𝐴  for the merged RealPage users post-acquisition (2018-2019)

𝜏𝑅𝐿
𝐴  for cross-software coordination (2009-2017)

• Results:

• Tests favor coordination among the users of the same software, especially RealPage

Tests cannot differentiate competition and coordination between users of different software

Pair-wise Testing: Competition vs. Coordination
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Pair-wise Testing: Competition vs. Coordination
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• Significant markup implications:

• Average markup impact due to “algorithmic 

collusion”: $53 per month per unit

• With over 4.2 million adopted units reported by 

2024, it amounts to substantial markup

• Caveat:

• Not a full counterfactual analysis because 𝜏𝑡
𝑁𝐴 

governing non-adopter behaviors is not “deep”

• Prices are strategic complements: 

• This is likely a lower bound

 

Back-of-Envelope Analysis: “Cost of Algorithmic Collusion”
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Conclusion

• We use comprehensive building-level data and hand-collected adoption decisions to estimate the impact of 

algorithmic pricing on US multifamily rental markets

1. We find adopters charge higher prices than non-adopters during booms and lower prices during busts

• Consistent with algorithms facilitating more responsive price setting

2. We find adopters charge higher prices and experience lower occupancy as levels of algorithmic 

penetration increase across neighborhoods

• Could be indicative of coordinated pricing, but not conclusive w/o additional assumptions on costs

3. A structural model of demand to test conduct

• Pair-wise testing favors coordination over competition among users of the same algorithm, but not 

across users of different algorithms

• Significant markup implications due to “algorithmic collusion”
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Conclusion

• Bigger Picture:

• Algorithmic pricing could affect prices and welfare through various channels:

1. Responsive prices -> Welfare enhancing

2. Optimal markup -> Welfare reducing, but having market power per se is not illegal

3. Coordinated prices -> Welfare reducing, most likely cause for antitrust concerns

• All lead to higher prices, but varying welfare and regulatory implications

77Calder-Wang and Kim



Calder-Wang and Kim 78

Questions or Comments?



YieldStar

• What do these pricing algorithms do, according to RealPage?

• RealPage FAQ:

• “RealPage Revenue Management software is fundamentally built on the disruptive idea that a 

property’s internal supply/demand dynamics are much more important than a competitor’s 

rents.”

• “RealPage Revenue Management software prioritizes a property's internal rent data and 

internal availability data when determining whether a rental price should be increased, 

decreased, or remain at the current level.”

• “If such information indicates that a price should be adjusted either upward or downward, then 

the software uses aggregated, anonymized rent data from a variety of sources to help 

determine price elasticity of demand- that is, how sensitive demand is to upward or 

downward adjustment in price – and thus the appropriate magnitude of change in price.”
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