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• Describe the difference between an everyday low price 
strategy (EDLP) and a high/low strategy

• Describe the pricing strategies used when introducing a 
new product 

• Describe dynamic pricing
• Describe price discrimination

Today’s concepts
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• Everyday Low Pricing (EDLP)
– Promises to consumers a low price without the need to wait 

for sale price events or comparison shopping

Pricing strategies

• Consumers: reduces search costs 
à adds value 
• Firms: saves effort and expense 
needed to mark down prices
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• High/low pricing
– Relies on promotion of sales
– Attracts two different segments

• Price insensitive customers (when price is high)
• Price sensitive customers (when price is low)

– Big discounts can attract new users (whom would not have 
purchased the product otherwise!!)
• E.g., Groupon case

Pricing strategies

Amazon case

https://www.wsj.com/video/worth-it-groupon/7888FB58-CDE8-4106-989C-F48DFA78F9C7.html
http://www.wsj.com/video/digits-amazon-users-go-gaga-for-lady-gaga/D01DB4E0-A0F7-4129-8D83-D34CC13176AA.html
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The Groupon Effect on Yelp Ratings 
[Byers et al. 2012]The Groupon Effect on Yelp Ratings: A Root Cause Analysis X:5
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(a) Rating vs. offset, centered on offer date
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(b) Rating vs. offset, centered on expiry date

Fig. 1: Yelp review scores and volumes for Groupon merchants, centered on Groupon
offer date and Groupon expiration date, respectively

A review on Yelp.com consists of a star rating, and some free text. The star rating
takes on a value from {1, 2, 3, 4, 5}. For each Groupon business, we associate an offer
date that corresponds to the date they initiate a Groupon offer. Then, for every review
of a Groupon business, we associate an integer offset with that review reflecting how
many days after (or before) the offer date the review was posted. For example, a review
posted on March 7th for a business that subsequently initiates a Groupon offer on
March 13th would have an offset of -6.

4. REVIEW OF THE GROUPON EFFECT
We begin by reviewing evidence and providing new evidence for the finding that
Groupon offers coincide with substantially lower ratings for Groupon businesses than
other reviews, and that this is caused by Groupon users. The most telling evidence
comes from comparing mean ratings from Groupon reviews and non-Groupon reviews
for our seed set: Groupon reviews have a mean score of 3.27 stars, while non-Groupon
reviews have a mean of 3.73 stars. This discrepancy is somewhat larger than what we
initially reported in [Byers et al. 2012] on a smaller data set. We can gain more insight
into the effects of Groupon offers via some simple visualizations.

Discontinuities at the Groupon offer date: In Figure 1a, the top scatterplot and
trend line capture the relationship between the average Yelp rating and the offset for
reviews of Groupon businesses. Each point records the average rating of all reviews
with a given offset across all Groupon businesses, using the Yelp star rating as depicted
on the left side of the y-axis. The discontinuities seen at offset zero coincide with the
Groupon offer date. The trend lines are computed as a 30-day moving average across
offsets, with the average resetting at offset zero to highlight the different behavior
at the Groupon date. (From offset 0, only k + 1 days are averaged at offset k, and
similarly at the left end of the plot.) The histograms at bottom reflect the daily review
volume for each given offset, using the scale on the right side of the y-axis for the
number of reviews. The smaller histograms with darker shading reflect the volume of
Groupon reviews (i.e. those mentioning Groupon specifically). Again, there are striking
discontinuities at offset zero as review volumes surge subsequent to the Groupon offer.
Note that Groupon reviews account for only about half of the increase, suggesting there
exist Groupon users who do not mention Groupon in their review. Finally, observe the
gradual increase in review volume prior to offset zero: this is consistent with the rapid

ACM Journal Name, Vol. X, No. X, Article X, Publication date: February 2012.

More 
customers!



6

The Groupon Effect on Yelp Ratings: A Root Cause Analysis X:5
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(b) Rating vs. offset, centered on expiry date

Fig. 1: Yelp review scores and volumes for Groupon merchants, centered on Groupon
offer date and Groupon expiration date, respectively

A review on Yelp.com consists of a star rating, and some free text. The star rating
takes on a value from {1, 2, 3, 4, 5}. For each Groupon business, we associate an offer
date that corresponds to the date they initiate a Groupon offer. Then, for every review
of a Groupon business, we associate an integer offset with that review reflecting how
many days after (or before) the offer date the review was posted. For example, a review
posted on March 7th for a business that subsequently initiates a Groupon offer on
March 13th would have an offset of -6.

4. REVIEW OF THE GROUPON EFFECT
We begin by reviewing evidence and providing new evidence for the finding that
Groupon offers coincide with substantially lower ratings for Groupon businesses than
other reviews, and that this is caused by Groupon users. The most telling evidence
comes from comparing mean ratings from Groupon reviews and non-Groupon reviews
for our seed set: Groupon reviews have a mean score of 3.27 stars, while non-Groupon
reviews have a mean of 3.73 stars. This discrepancy is somewhat larger than what we
initially reported in [Byers et al. 2012] on a smaller data set. We can gain more insight
into the effects of Groupon offers via some simple visualizations.

Discontinuities at the Groupon offer date: In Figure 1a, the top scatterplot and
trend line capture the relationship between the average Yelp rating and the offset for
reviews of Groupon businesses. Each point records the average rating of all reviews
with a given offset across all Groupon businesses, using the Yelp star rating as depicted
on the left side of the y-axis. The discontinuities seen at offset zero coincide with the
Groupon offer date. The trend lines are computed as a 30-day moving average across
offsets, with the average resetting at offset zero to highlight the different behavior
at the Groupon date. (From offset 0, only k + 1 days are averaged at offset k, and
similarly at the left end of the plot.) The histograms at bottom reflect the daily review
volume for each given offset, using the scale on the right side of the y-axis for the
number of reviews. The smaller histograms with darker shading reflect the volume of
Groupon reviews (i.e. those mentioning Groupon specifically). Again, there are striking
discontinuities at offset zero as review volumes surge subsequent to the Groupon offer.
Note that Groupon reviews account for only about half of the increase, suggesting there
exist Groupon users who do not mention Groupon in their review. Finally, observe the
gradual increase in review volume prior to offset zero: this is consistent with the rapid

ACM Journal Name, Vol. X, No. X, Article X, Publication date: February 2012.

More 
customers!

Lower 
Ratings!

The Groupon Effect on Yelp Ratings 
[Byers et al. 2012]
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Fig. 1: Yelp review scores and volumes for Groupon merchants, centered on Groupon
offer date and Groupon expiration date, respectively

A review on Yelp.com consists of a star rating, and some free text. The star rating
takes on a value from {1, 2, 3, 4, 5}. For each Groupon business, we associate an offer
date that corresponds to the date they initiate a Groupon offer. Then, for every review
of a Groupon business, we associate an integer offset with that review reflecting how
many days after (or before) the offer date the review was posted. For example, a review
posted on March 7th for a business that subsequently initiates a Groupon offer on
March 13th would have an offset of -6.

4. REVIEW OF THE GROUPON EFFECT
We begin by reviewing evidence and providing new evidence for the finding that
Groupon offers coincide with substantially lower ratings for Groupon businesses than
other reviews, and that this is caused by Groupon users. The most telling evidence
comes from comparing mean ratings from Groupon reviews and non-Groupon reviews
for our seed set: Groupon reviews have a mean score of 3.27 stars, while non-Groupon
reviews have a mean of 3.73 stars. This discrepancy is somewhat larger than what we
initially reported in [Byers et al. 2012] on a smaller data set. We can gain more insight
into the effects of Groupon offers via some simple visualizations.

Discontinuities at the Groupon offer date: In Figure 1a, the top scatterplot and
trend line capture the relationship between the average Yelp rating and the offset for
reviews of Groupon businesses. Each point records the average rating of all reviews
with a given offset across all Groupon businesses, using the Yelp star rating as depicted
on the left side of the y-axis. The discontinuities seen at offset zero coincide with the
Groupon offer date. The trend lines are computed as a 30-day moving average across
offsets, with the average resetting at offset zero to highlight the different behavior
at the Groupon date. (From offset 0, only k + 1 days are averaged at offset k, and
similarly at the left end of the plot.) The histograms at bottom reflect the daily review
volume for each given offset, using the scale on the right side of the y-axis for the
number of reviews. The smaller histograms with darker shading reflect the volume of
Groupon reviews (i.e. those mentioning Groupon specifically). Again, there are striking
discontinuities at offset zero as review volumes surge subsequent to the Groupon offer.
Note that Groupon reviews account for only about half of the increase, suggesting there
exist Groupon users who do not mention Groupon in their review. Finally, observe the
gradual increase in review volume prior to offset zero: this is consistent with the rapid

ACM Journal Name, Vol. X, No. X, Article X, Publication date: February 2012.

What do you 
think is going 

on here?

The Groupon Effect on Yelp Ratings 
[Byers et al. 2012]
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Why do ratings decrease?

The Groupon Effect on Yelp Ratings [Byers et 
al. 2012]
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Why do ratings decrease?
– Groupon Businesses are More Likely to be “Bad” Businesses

• Limited evidence

– Groupon users are often engaging in experimentation

– Groupon reviews are less likely to be artificially inflated (fake) 

The Groupon Effect on Yelp Ratings [Byers et 
al. 2012]
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New Product Pricing Strategies

Two strategies: 
1. Penetration pricing
2. Price skimming
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• Set initial price low to build sales, market share, profits

• Good if cost of production decreases with quantity 
produced (economy of scale)

Penetration pricing
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• Pros
– Creates customer base quickly
– Builds market share
– Quick profits
– Discourages competitors from entering the market

• Cons
– Sacrifices higher profits (low margins)
– Firm has to keep up with high demand
– Signaling problem: Low price à low quality
– May not create loyal customer base

Penetration pricing
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• Cable, Internet companies, streaming services

Penetration pricing example
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• At first high prices
– Target consumers willing to pay premium to have innovation 

first
• When market saturates

– Lower (skim) price
• Target most price-sensitive segment

• Popular with technology products

Price Skimming
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• Pros
– Increased Quality Perception
– Benefits from Early Adopters

• Brand ambassadors

– Fast costs recovery
• Cons

– Cannot last long
• Competitors soon launch rival products

– Consumer Dissatisfaction
• Negative feedback from early adopters as the firm lowers its prices

Price Skimming
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Apple
– New IPhone enters the market at a very high price

• Reduced when or just before new version hit the markets

Price Skimming Example
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Dynamic pricing: 
The Case of Uber
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• How does Uber set prices?

Dynamic pricing: 
The Case of Uber
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• How does Uber set prices?

Dynamic pricing: 
The Case of Uber
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• How does Uber set prices?

Dynamic pricing: 
The Case of Uber

Rates automatically increase, when the demand for drivers is 
higher than drivers around you. 
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• Surge price in action [Nosko et al. 2015]

Dynamic pricing: 
The Case of Uber

LeW¶V LOOXVWUaWe Whe XQdeUO\LQg ecRQRPLcV b\ WaNLQg a W\SLcaO e[aPSOe Rf VXUge LQ acWLRQ. OQ                             
MaUch 21, 2015, SRS VXSeUVWaU AULaQa GUaQde SOa\ed a VROd RXW VhRZ aW MadLVRQ STXaUe GaUdeQ.                             
  AWWeQdeeV aWWePSWLQg WR geW hRPe afWeU Whe cRQceUW caXVed a OaUge VSLNe LQ dePaQd.   5

 
FLgXUe 1 VhRZV Whe QXPbeU Rf ULdeUV RSeQLQg Whe UbeU aSS LQ Whe YLcLQLW\ Rf MadLVRQ STXaUe                                 
GaUdeQ dLUecWO\ afWeU Whe cRQceUW eQded: 
 
Figure 1: DePaQd fRU UbeU SSLNeV FROORZLQg SROdOXW CRQceUW RQ MaUch 21, 2015 

 
NRWe: FLgXUe UeSRUWV Whe QXPbeU Rf XVeUV RSeQLQg Whe UbeU aSS each PLQXWe RYeU Whe cRXUVe Rf MaUch 21, 2015 (LQ Ued), aV ZeOO                                               
aV Whe VXP Rf WRWaO UeTXeVWV fRU UbeU ULdeV LQ 15PLQXWe LQWeUYaOV RYeU Whe VaPe WLPe SeULRd (bOXe cLUcOeV). DaWa LV fRU a UeVWULcWed                                               
geRVSaWLaO bRXQdLQg bR[ cRQWaLQLQg MadLVRQ STXaUe GaUdeQ LQ NeZ YRUN CLW\, URXghO\ 5 aYeQXeV ORQg aQd 15 VWUeeWV ZLde, fRU                                       
XbeUX YehLcOeV RQO\. PXUe YROXPe cRXQWV haYe beeQ QRUPaOL]ed WR a SUeVXUge baVeOLQe, defLQed aV Whe aYeUage Rf YaOXeV beWZeeQ                                       
9:00 aQd 9:30 PM WhaW eYeQLQg, befRUe VXUge WXUQed RQ. ³SXUge SeULRd´ (\eOORZ bR[) LV Whe WLPe RYeU ZhLch Whe VXUge PXOWLSOLeU                                           
LQcUeaVed be\RQd 1.0[.  
 
ASS RSeQLQgV aUe a gRRd UeSUeVeQWaWLRQ Rf WhRVe ZhR aUe LQ Whe PaUNeW fRU UbeU¶V VeUYLceV aQd                                 
WhXV SURYLde a QLce PeaVXUe Rf dePaQd. AV Ze caQ Vee fURP Whe Ued OLQe, Whe QXPbeU Rf ULdeUV                                     
RSeQLQg Whe aSS afWeU Whe cRQceUW VSLNed XS WR 4 WLPeV Whe QRUPaO QXPbeU Rf aSS RSeQLQgV. 
 

5 We chRVe WhLV SaUWLcXOaU cRQceUW e[aPSOe LQ RUdeU WR cLUcXPVWaQWLaOO\ PaWch Whe NeZ YeaU¶V EYe e[aPSOe 
deVcULbed LQ Whe OaVW VecWLRQ Rf WhLV dRcXPeQW.  We ORRNed fRU a VSLNe LQ dePaQd WhaW geQeUaWed VXUge SULcLQg WhaW 
dULYeUV cRXOd SUedLcW  LQ WhaW VeQVe VLPLOaU WR NeZ YeaU¶V EYe.  FXUWheU Ze XVed NeZ YRUN CLW\ aQd aQ 
aSSUR[LPaWeO\ VLPLOaU WLPe fUaPe LQ RUdeU WR hROd aV PaQ\ deWaLOV Rf Whe VLWXaWLRQ aV cRQVWaQW aV SRVVLbOe.  We YLeZ 
WhLV aV a caVe VWXd\ e[aPSOe aQd hRSe WR geQeUaOL]e aQd VXbVWaQWLaWe WheVe e[aPSOeV LQ fXWXUe YeUVLRQV Rf Whe SaSeU. 
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Dynamic pricing: 
The Case of Uber

BecaXVe Rf WhLV LQcUeaVe LQ dePaQd UeOaWLYe WR Whe QXPbeU Rf aYaLOabOe UbeU caUV LQ Whe aUea,                                 
VXUge NLcNed LQ, fOXcWXaWLQg beWZeeQ 1 aQd 1.8[ fRU RYeU aQ hRXU afWeU Whe cRQceUW eQded . 6

 
The fLUVW beQefLcLaO effecW Rf VXUge ZaV WR LQcUeaVe Whe QXPbeU Rf dULYeUSaUWQeUV LQ Whe aUea.                               
SXUge VLgQaOed WhaW WhLV ZaV a YaOXabOe WLPe WR be RQ Whe URad, aQd dULYeUSaUWQeU VXSSO\                               
LQcUeaVed b\ XS WR 2[ Whe SUeVXUge baVeOLQe. ThLV LQcUeaVe LQ dULYeUSaUWQeU VXSSO\ ZaV a QeW                               7

ZLQ fRU ULdeUV LQ Whe aUea becaXVe PRUe Rf WheP ZeUe abOe WR WaNe adYaQWage Rf UbeU VeUYLceV.                                   
The VXSSO\ UeVSRQVe LV VhRZQ LQ FLgXUe 2: 
 
Figure 2: UbeU DULYeUPaUWQeU SXSSO\ IQcUeaVeV WR MaWch SSLNe LQ DePaQd  

 
NRWe: FigXUe UeSRUWV Whe QXmbeU Rf ³acWiYe´ XbeUX dUiYeUSaUWQeUV ZiWhiQ Whe Vame geRVSaWial bR[ (QRWed abRYe) each miQXWe                                   
RYeU Whe cRXUVe Rf MaUch 21, 2015 (iQ gUeeQ). IQ WhiV caVe, ³acWiYe´ meaQV Whe\ ZeUe eiWheU RSeQ aQd Uead\ WR acceSW a WUiS, eQ                                                 
URXWe WR Sick XS a SaVVeQgeU, RU RQ WUiS ZiWh a SaVVeQgeU. PXUe YRlXme cRXQWV haYe beeQ QRUmali]ed WR a SUeVXUge baVeliQe,                                           
defiQed aV Whe aYeUage Rf YalXeV beWZeeQ 9:00 aQd 9:30 PM WhaW eYeQiQg, befRUe VXUge WXUQed RQ. The ³VXUge SeUiRd´ (\ellRZ                                         
bR[) iV Whe Wime RYeU Zhich Whe VXUge mXlWiSlieU iQcUeaVed be\RQd 1.0[. 

 

6 DXULQg Whe 75 PLQXWe ³VXUge SeULRd,´ SULceV ZeUe VXUged fRU 35 Rf WhRVe PLQXWeV: aW 1.2 fRU 5 PLQXWeV, 1.3 fRU 5 
PLQXWeV, 1.4 fRU 5 PLQXWeV, 1.5 fRU 15 PLQXWeV, aQd 1.8 fRU 5 PLQXWeV. 
7 NRWe WhaW Ze caQQRW PaNe Whe VWURQg cOaLP WhaW VXUge SULcLQg caXVed PRUe dULYeUSaUWQeUV WR be LQ Whe aUea.  We 
PLghW ZRUU\, fRU LQVWaQce, WhaW Whe LQcUeaVe LQ dePaQd ZaV aQ LPSRUWaQW cRQWULbXWRU WR dULYeUSaUWQeU VXSSO\ LQ aQd 
Rf LWVeOf.  FRU LQVWaQce, Lf dULYeUSaUWQeUV XQdeUVWRRd WhaW Whe cRQceUW ZaV eQdLQg aQd PRYed WhePVeOYeV LQWR Whe aUea 
WR WaNe adYaQWage Rf Whe eaVe Rf SLcNLQg XS a SaVVeQgeU, WheQ Ze ZRXOd RYeUeVWLPaWe Whe caXVaO effecW Rf VXUge. 
NeYeUWheOeVV, Whe gUaSh SURYLdeV VWULNLQg cRUUeOaWLRQaO eYLdeQce.  We aOVR cRPSaUe WhLV VLWXaWLRQ WR Whe RQe Ze 
deVcULbe beORZ ZheUe VXUge dReV QRW NLcN LQ aQd VhRZ WhaW LQ WhaW caVe dULYeUSaUWQeUV dR QRW UeVSRQd WR aQ LQcUeaVe 
LQ dePaQd. 

• Surge price in action [Nosko et al. 2015]
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• Surge price in action [Nosko et al. 2015]

Dynamic pricing: 
The Case of Uber

cKaQJH HYHQ LQ WKH IacH RI a OaUJH LQcUHaVH LQ GHPaQG. AOO RI WKH ULGHUV ZKR GHcLGHG WKaW WKH\                                     
ZHUH ZLOOLQJ WR Sa\ WKH VXUJH SULcH aQG WKXV HIIHcWLYHO\ VLJQaOHG WKaW WKH\ KaG a YaOXH IRU UbHU                                   
VHUYLcHV LQ WKaW SaUWLcXOaU PRPHQW ZHUH abOH WR JHW a ULGH. OWKHUV KaG WKH RSWLRQ RI ZaLWLQJ XQWLO                                   
WKH VXUJH PXOWLSOLHU IHOO. 
 
TKH VHcRQG NH\ VLJQ WKaW WKH VXUJH SULcLQJ aOJRULWKP ZaV ZRUNLQJ aV SUHGLcWHG LV WKaW ZaLW WLPHV                                 
GLG QRW LQcUHaVH VXbVWaQWLaOO\. NRW RQO\ GLG HYHU\bRG\ WKaW ZaQWHG aQ UbHU ULGH (aW WKH PaUNHW                               
cOHaULQJ SULcH) JHW aOORcaWHG RQH, bXW WKLV aOORcaWLRQ KaSSHQHG ZLWKLQ a VKRUW aPRXQW RI WLPH ± RQ                                 
aYHUaJH 2.6 PLQXWHV.  
 
TKH VXUJH aOJRULWKP ZRUNV b\ aOORcaWLQJ a KLJKHU KRXUO\ LQcRPH WR GULYHUSaUWQHUV LQ RUGHU WR                             
cRQYLQcH WKHP WR ZRUN ZKHUH aQG ZKHQ GHPaQG LV KLJK. A VLPSOH K\SRWKHWLcaO caOcXOaWLRQ                           
VKRZV WKaW ZLWKRXW VXUJH, GULYHUSaUWQHUV LQ WKH MaUcK 21 cRQcHUW aUHa ZRXOG KaYH PaGH 13%                             
OHVV WKaQ ZKaW WKH\ PaGH ZLWK VXUJH PXOWLSOLHUV aSSOLHG.  8

 
Figure 4: VLWaO SLJQV RI SXUJH PULcLQJ LQ AcWLRQ RQ MaUcK 21, 2015 

 
NRWe: All daWa abRYe iV fRU XbeUX YehicleV fURP ZiWhiQ Whe geRVSaWial bRXQdiQg bR[ PeQWiRQed eaUlieU, aggUegaWed iQWR 15 PiQXWe                                       
iQWeUYalV RYeU Whe cRXUVe Rf Whe eYeQiQg Rf MaUch 21, 2015. ³ReTXeVWV´ iV Whe cRXQW Rf UbeU WUiSV UeTXeVWed dXUiQg Whe 15 PiQXWe                                             
iQWeUYal. ³ETA´ iV Whe aYeUage ZaiW WiPe fRU a dUiYeUSaUWQeU WR aUUiYe, iQ PiQXWeV, RYeU Whe 15 PiQXWe iQWeUYal. ³CRPSleWiRQ                                       
UaWe´ iV Whe SeUceQWage Rf UeTXeVWV WhaW aUe fXlfilled (calcXlaWed aV Whe QXPbeU Rf cRPSleWed WUiSV ZiWhiQ Whe 15 PiQXWe iQWeUYal,                                         
diYided b\ Whe VXP Rf cRPSleWed WUiSV aQd XQfXlfilled WUiSV). The \ellRZ bR[ iQdicaWeV Whe VaPe ³VXUge SeUiRd´ highlighWed iQ                                       
FigXUeV 13. 

 
   

8 HHUH, ZH VLPXOaWHG ZKaW GULYHUSaUWQHU HaUQLQJV ZRXOG KaYH bHHQ KaG VXUJH SULcLQJ QRW JRQH LQWR HIIHcW ± WKaW LV, LI 
SULcHV KaG UHPaLQHG aW WKH QRUPaO UaWH UaWKHU WKaQ 1.1[  1.8[ KLJKHU aV a UHVXOW RI WKH VXUJH PXOWLSOLHU. TRWaO 
GULYHUSaUWQHU HaUQLQJV IURP cRPSOHWHG WULSV WKaW bHJaQ ZLWKLQ WKH ³VXUJH SHULRG´ (10:30 PM WR 11:45 PM) ± aQG 
ZLWKLQ WKH VaPH JHRVSaWLaO bRXQGLQJ bR[ QRWHG HaUOLHU ± ZHUH $3,520 (WKH VXP RI IaUHV PLQXV UbHU¶V VHUYLcH IHH). 
HaG VXUJH SULcLQJ QRW bHHQ LQ HIIHcW, WRWaO Sa\PHQWV WR GULYHUSaUWQHUV ZRXOG KaYH bHHQ 13% ORZHU aW $3,078.  WH 
QRWH WKaW WKLV LV a SaUWLaO HTXLOLbULXP caOcXOaWLRQ LQ WKaW LW GRHVQ¶W aGMXVW IRU GLIIHUHQcHV LQ SLcNXSV aQG GURSRIIV WKaW 
PLJKW KaYH RccXUUHG LQ WKH abVHQcH RI VXUJH. 
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• What is the goal (or goals) Uber is trying to achieve with 
the surge price algorithm?

1. Match demand with supply

2. Reducing waiting time

Dynamic pricing: 
The Case of Uber
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• We have seen:
– Pricing strategies

• EDLP
• High/Low pricing

– New products pricing strategies
• Market penetration
• Skimming

– Dynamic pricing (Uber)

Recap
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When a firm sets a very low price for one or more of its 
products with the intent to drive its competition out of 
business, it is using predatory pricing

– Illegal under both the Sherman Antitrust Act and the Federal 
Trade Commission Act

Ethics of Pricing: Predatory Pricing
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• Identical goods or services are sold at different prices by 
the same provider in different markets

• It requires
– Market segmentation, e.g., 

• Student vs non-students

– No arbitrage
• Lower-priced users cannot resell to high-priced users!

Ethics of Pricing: price discrimination
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Example fro NYT

To discriminate you need to separate
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1. Personalized pricing (or first-degree price 
discrimination)

2. Product versioning (or second-degree price 
discrimination)

3. Group pricing (or third-degree price discrimination)

Ethics of Pricing: price discrimination
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• Information: The firm is able to identify each consumer 
type

• Arbitrage: Not possible 
• Prices: Will be different to each consumer and each unit

First-Degree Price Discrimination
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First-Degree Price Discrimination
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• Information: The firm cannot differentiate consumers 
ex-ante, but it must know the aggregate characteristics 
of the market
– Can still segment!

• Arbitrage: Not possible 
• Prices: Will change according to the quantity (or quality) 

the consumer buys
– Electricity providers
– Airlines (first class, economy, etc.)

Second-Degree Price Discrimination
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Second-Degree Price Discrimination
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• Most common
• Information: can distinguish consumer groups through a 

signal (location, age, gender, etc.)
• Arbitrage: Not possible 
• Prices: Will change according according to consumer 

groups (student, senior)

Third-Degree Price Discrimination
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Third-Degree Price Discrimination
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• Some internet retailers use personal information that 
users leave (involuntarily) online to price discriminate
– Type of browser used
– Location
– Age, gender, etc.

• In the news

Price Discrimination in e-commerce

https://www.youtube.com/watch?v=89DTS4PQLeE


38

• Price discrimination
– First-degree: “personalization”
– Second-degree: quantity/version
– Third-degree: groups

• Internet and big data are facilitating first degree price 
discrimination

Recap


