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Abstract

Price Match Guarantees (PMGs) are commitments by retailers to match or beat

competitors’ prices, commonly employed across various industries. Whilst these

guarantees supposedly benefit consumers by ensuring lower prices, economic the-

ory presents mixed predictions regarding their actual impact. Collusion and price

discrimination theories suggest that PMGs may lead to higher prices, harming con-

sumers, whereas low-price signalling theories argue that PMGs enhance consumer

welfare. This study empirically examines the effects of removing a PMG policy at

a leading UK retailer. The findings reveal that prices increased following the pol-

icy’s removal, offering support for the pro-competitive effects of PMGs. Notably,

the price increases occurred not at the retailer that eliminated the guarantee but

amongst its competitors, highlighting the broader market implications of such poli-

cies. I provide evidence consistent with a signalling mechanism underlying these

findings. These results contribute to the ongoing debate on the consumer and

market impacts of PMGs, providing novel insights into their competitive dynamics.

JEL classifications: D22, D43, K21, L11, L81, C23

Keywords: price match guarantees, competition policy, retail pricing

1 Introduction

Price Match Guarantees (PMGs) are widely used policies by retailers promising con-

sumers the lowest price relative to eligible competitors. Such guarantees are commonly

intended to attract customers or to reduce switching. Whilst no comprehensive statistics

exist on the overall prevalence or economic importance of PMGs, their scale is consid-

erable: a search of major UK retailers in early 2025 identified 23 retailers, with over
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£108bn in sales, operating some form of PMG.1 Given their prevalence, understanding

their effects on pricing behaviour, both for firms that offer PMGs, and their competitors,

is important from the standpoint of consumer protection and competition policy.2

Despite their intuitive appeal, economic theory offers mixed predictions regarding the im-

pact of PMGs on market prices. Collusive and price discrimination theories predict anti-

competitive effects: PMGs may soften competition by reducing consumers’ incentives to

switch away from firms offering the guarantee, thereby weakening competitors’ incentives

to cut prices (Hay 1981, Moorthy & Winter 2006, Salop 1986). Because deviations from

the prevailing price are easily detected, either by rival firms or by consumers invoking the

guarantee, PMGs can also facilitate tacit collusion. Complementary models emphasise

consumer heterogeneity: unsophisticated consumers may face high search or hassle costs

and thus fail to activate the guarantee, enabling firms to charge them higher prices whilst

maintaining low prices only for sophisticated consumers (Png & Hirshleifer 1987).3 These

theories yield ambiguous aggregate effects but predict unambiguously worse outcomes

for unsophisticated consumers. Additionally, (Janssen & Parakhonyak 2013) incorporate

PMGs into a consumer search model, showing that they can raise prices for both adopting

and non-adopting firms. The mechanism is that a PMG increases consumers’ reservation

prices by insuring them against subsequently finding a lower price, making them more

willing to stop searching and purchase at a higher posted price.

In contrast, signalling theory predicts pro-competitive effects. In markets with asym-

metric information about firms’ costs, low-cost firms may use PMGs to credibly sig-

nal their ability to offer low prices, thereby attracting consumers who would otherwise

mistakenly shop at higher-cost competitors (Moorthy & Winter 2006). Under this the-

ory, PMGs can enhance welfare by steering consumers toward more efficient retailers.

(Mamadehussene 2019) extends this further and shows that PMGs can serve as a direct

signal of low prices even in the absence of firm cost heterogeneity, because consumers

may interpret the presence of a guarantee itself as evidence of low prices. The theoretical

ambiguity on the effects of PMGs therefore highlights the need for empirical evidence to

1As of January 2025, the following major UK retailers had some form of PMG: AO, Booking.com,
Boots, Currys, Deichmann, Dell, eBay, Euronics, Furniture Village, Goldsmiths Jewellers, Halfords,
H.Samuel, Hughes Electrical, Jessops, Morrisons, Richer Sounds, Runners Need, Sainsbury’s, Samsung,
Sony, Tesco, The Fragrance Shop, and Wickes. Sales figures are based on UK sales reported in financial
statements for the most recent year available. Not all sales would be covered by the PMG.

2Evidence from newspaper advertising in the United States similarly shows widespread adoption
of such guarantees across a broad range of products and retailers. Arbatskaya et al. (2004) identify
515 PMGs across 50 product categories, applying to both high price and low price goods, as well as
high-search cost and low-search cost goods.

3In the case of passive price guarantees, an alternative interpretation is that unsophisticated con-
sumers have high hassle costs and thus do not activate the price match guarantee. However, when
consumers have even a trivial but non-zero hassle cost, firms are only able to support a small increase
in equilibrium prices through their use of a price match guarantee (Hviid & Shaffer 1999).
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determine how these guarantees operate in practice.4

Despite the relevance of PMGs for competition policy, empirical evidence remains scarce.

This paper exploits a natural experiment created by the removal of a long-standing PMG

at a major UK retailer, John Lewis. The guarantee was a pro-active price-matching pledge

rather than one requiring customer activation (and therefore such a setting precludes the

activation-based price discrimination hypothesis), and its withdrawal was pre-announced

and plausibly exogenous to day-to-day pricing decisions.5 This setting allows analysis of

whether PMGs in practice exert pro- or anti-competitive effects.

The empirical strategy distinguishes between the focal retailer (John Lewis), “insider”

retailers covered by the PMG and therefore directly affected by its removal, and an

“outsider” retailer (Amazon), which was not covered by the guarantee. Using a difference-

in-differences framework, I estimate the effect of PMG removal on prices across these

retailer groups. The counterfactual group consists of products sold exclusively by John

Lewis and therefore unaffected by the guarantee. The results show that aggregate prices

rise by approximately 1.8% following the removal of the PMG. This effect is driven

entirely by inside retailers, whose prices increase by around 2.4%, whereas there is no

significant change in prices at the focal retailer or the outsider. Back-of-the-envelope

calculations suggest that UK consumers would have saved at least £7.9 million in the

2021–22 financial year had the guarantee remained in place. Price increases at inside

retailers emerge within several weeks and grow stronger over time. All results are robust

to a wide range of sensitivity checks.

These findings support the pro-competitive view of PMGs and contrast with much of the

existing theoretical and empirical literature. I find evidence that these findings can be

explained as a signalling mechanism. On the firm side, removal of the guarantee may have

been interpreted by competitors as a signal that John Lewis no longer intended to compete

aggressively on price. I find that products where the PMG operated most intensely (and

therefore signalled to competitors that JL would compete strongly) had the strongest

treatment effects in response to the PMG removal. On the consumer side, prominent

media coverage of the removal led consumers to believe, incorrectly, that prices at John

Lewis would rise. I argue that this reduced their search intensity, enabling competing

retailers to increase prices. In support of this, I find that the treatment effect is stronger

for products which have higher search costs and lower search intensity as proxied by pre-

treatment within-product price dispersion, and within-product-category pre-treatment

4Other theoretical evidence considers the impact of PMGs on entry deterrence (Arbatskaya 2001) and
on the incentives of firms to offer PMGs given strategic interactions amongst competitors (Constantinou
& Bernhardt 2018)

5Price-matching guarantees are more prevalent than price-beating or activation-based guarantees
(Arbatskaya et al. 2004).
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price levels.

The empirical literature on PMGs is limited, and existing studies have faced significant

constraints. Hess & Gerstner (1991) and Manez (2006)6 study supermarket PMGs, in the

US and the UK, respectively, but rely on small datasets and narrow geographic markets.

They find different results, with Hess & Gerstner (1991) concluding that their evidence

supports the anti-competitive collusive theory, whilst Manez (2006) finds evidence in

support of the pro-competitive signalling theory. Zhuo (2017) examines price effects only

at a single retailer - not the focal firm implementing the PMG but a direct competitor

- and finds evidence consistent with anti-competitive effects of the PMG. Cabral et al.

(2021) study a PMG in the German petrol market that applied only to loyalty-card

holders and find evidence consistent with tacit collusion. Bottasso et al. (2025) study a

reactive PMG at an online electronics retailer in the US, finding that the focal retailer’s

prices rose by approximately 4.7% during the policy window, with no significant spillover

to non-adopting competitors. The aforementioned studies use a difference-in-difference

methodology, whilst Mamadehussene (2021) takes a structural approach, finding that

PMGs keep prices 1 to 8% higher than in their absence. Compared to the existing

literature, this paper introduces several advantages: a natural experiment involving the

removal of a PMG; a larger dataset than used in the existing literature, covering over 1,800

products across 12 national retailers; and a credible counterfactual based on products sold

exclusively at the focal retailer - and therefore not subject to the PMG - supplemented

with additional robustness checks using an outside retailer as an alternative control.

Separately, there is also a literature which studies PMGs in the context of lab experiments.

The literature generally finds that PMGs have substantial anti-competitive potential,

often raising prices towards collusive levels (Fatas & Mañez 2007, Mago & Pate 2009,

Dugar 2007). However, this conclusion is sensitive to market details: hassle costs, cost

asymmetries, consumer search behaviour, and the exact design of the guarantee can

weaken or alter the effect (Mago & Pate 2009, Dugar & Sorensen 2006, Srivastava &

Lurie 2004). In particular, Srivastava & Lurie (2004) provide survey and experimental

evidence that PMGs may serve as signals of low store prices, which supports the pro-

competitive signalling story of Moorthy & Winter (2006).

This paper contributes to the literature by providing evidence on the removal of a long-

standing PMG in a large, economically significant market. To the best of my knowledge,

this is the first paper to empirically study the effects of a pro-active, rather than re-

active, PMG. Notably, this pro-active guarantee is offered by a retailer in a context in

which collusive effects are often expected, and yet the empirical evidence points towards

pro-competitive outcomes. Whilst this study examines only a single PMG, the findings

6Manez studies a price-beating guarantee.
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challenge the prevailing presumption that PMGs are invariably anti-competitive. Further-

more, the heterogeneity in treatment effects provides evidence consistent with a signalling

explanation of the results, suggesting that PMGs are more likely to be pro-competitive for

products which exhibit a lower consumer search intensity. More generally, the evidence

suggests that price match guarantees can be seen as a substitute for consumer search as

a price-disciplining mechanism.

The remainder of the paper proceeds as follows. Section 2 describes the institutional

setting, focusing on John Lewis and its competitive environment. Section 3 outlines the

data collection process. Section 4 provides descriptive statistics. Section 5 sets out the

empirical strategy. Section 6 presents the results and discusses the potential mechanism

driving the results, and Section 7 reports robustness checks. Section 8 concludes.

2 Institutional Setting

John Lewis is a long-established UK retailer and department store, founded in 1864.

John Lewis is owned by the John Lewis Partnership, an employee-owned trust that also

includes the Waitrose supermarket chain.7 In the 2022–23 financial year, the company

operated 34 stores, generated £3.8 billion in revenue, reported operating profit of £676
million, and employed approximately 21,000 staff, serving 11.7 million customers (John

Lewis 2023). 60% of sales were online, amounting to more than half a billion website

visits, whilst the remaining 40% occurred in physical shops, which collectively received

around 100 million customer visits (John Lewis 2023).

The business comprises three main departments, each accounting for roughly one-third

of sales: electronics (characterised by relatively low margins), home (relatively high mar-

gins), and beauty and fashion (intermediate margins).8 Around 60% of home-category

products are John Lewis exclusives, meaning that the PMG applied sparsely in this area.

However, the category is central to the firm’s profitability, creating the possibility that

margins earned on exclusive home products could offset margin reductions stemming from

the PMG in electronics.

For 97 years the company operated its “Never Knowingly Undersold” (NKU) pledge, a

price guarantee promising to match any lower price offered by another retailer stocking

the exact same product. The pledge applied only to competitors with multiple bricks-and-

mortar stores and therefore excluded online-only retailers such as Amazon.9 Discussions

7The NKU pledge applied only to the John Lewis department stores, not to Waitrose.
8Figures based on discussions with a former John Lewis executive.
9Full terms and conditions are provided in Annex A.1.
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with a former JL executive suggested that the guarantee was intended to reassure cus-

tomers that John Lewis, despite its premium brand image, would match the lowest prices

available elsewhere, suggesting a pro-competitive signalling motive. Supporting this in-

terpretation, a survey of 7,000 customers found that 63% reported being more likely to

shop at John Lewis because of the NKU pledge.10

As well as matching lower prices that were reported by customers, John Lewis actively

monitored the prices of competitors on a daily basis and reduced prices automatically,

reducing the need for customers to make a price match claim. In 2021, less than 1%

of customers submitted price-match claims.11 As shown in Section 4, 80% of PMG-

eligible products at John Lewis were the lowest-priced option amongst bricks-and-mortar

competitors, consistent with active rather than passive implementation of the guarantee.12

This demonstrates that the guarantee studied is a case of an active price match guarantee,

rather than one which only targets price-savvy consumers, and so rules out the price

discrimination theory of PMGs in this context.

Price changes were executed by a team of around 12 staff who systematically scanned

competitors’ websites and amended prices when John Lewis was no longer the cheapest.

Reports of lower prices were also passed on by customers and by John Lewis staff, who

were encouraged to flag discrepancies.13

The NKU pledge was withdrawn on 23rd August 2022 by a relatively new, externally

recruited CEO. The company justified the decision by arguing that the policy had be-

come outdated as it did not apply to online-only competitors (chiefly Amazon), and that

customers increasingly found the exclusion confusing or misleading. According to John

Lewis, this misunderstanding risked damaging the brand if customers perceived the firm

to be reneging on a price guarantee. As discussed in more detail in Section 5.1, the stated

rationale, together with the timing and nature of the decision, supports the claim that

the removal was exogenous to pricing behaviour and thus constitutes a suitable natural

experiment. The pledge was later reinstated in September 2024. This paper focuses

exclusively on the effects of the original removal, as the reinstatement lies outside the

sample window.

In a narrow sense, John Lewis competes with other department stores such as Debenhams,

10https://www.theguardian.com/business/article/2024/sep/05/john-lewis-to-bring-back-never-
knowingly-undersold-price-policy [accessed 23/10/2025].

11https://www.thegrocer.co.uk/waitrose/john-lewis-ditches-never-knowingly-undersold-pledge-as-it-
invests-500m-in-prices/664935.article [accessed 09/02/2025]

12The figure falls short of 100% due to potential data-collection errors, mismatches in product classi-
fication, or periods during which the product was not stocked by John Lewis or a competitor and thus
not covered by the pledge.

13Based on discussions with a former John Lewis executive.
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Fortnum and Mason, Harrods, Harvey Nichols, House of Fraser, and Selfridges. The

largest of these, Debenhams, ceased operations in May 2021. More broadly, in the product

categories relevant to this study, electricals and electrical appliances, John Lewis faced

competition from retailers including Amazon, AO, Argos,14 Currys, Homebase, Hughes,

and Wickes.15 These product categories are the focus of the analysis, as they are highly

comparable across retailers, and exhibit limited seasonal variation in product assortment.

Relative to its competitors, John Lewis is widely perceived as offering superior customer

service, a higher-quality product range, and generous guarantees, for example a minimum

two-year warranty on all electricals (and five years for televisions) at no additional cost.

The UK Customer Satisfaction Index ranked John Lewis as the highest-rated non-food

retailer for customer service in 2024 (Institute of Customer Service 2024). Combined

with the price match guarantee, these attributes create clear incentives for consumers to

switch to John Lewis, highlighting the strategic value and potential profitability of an

actively implemented PMG.

3 Data

Daily price data were collected for John Lewis, Amazon,16 and 17 other major UK retailers

that compete with John Lewis, including AO, Argos, and Currys, using web-scraping of

online prices between 19th April 2022 and 30th April 2023.17 In addition, weekly data

on consumer reviews, both the number and average rating, were collected from John

Lewis product pages and merged into the pricing dataset. The removal of the price

match guarantee occurred on 23 August 2022, yielding approximately four months of

pre-treatment data and eight months of post-treatment data. A one-year horizon was

chosen to balance the need to identify longer-run price effects with the resource-intensive

nature of the daily data collection.

Whilst the analysis uses online prices, the validity of the John Lewis PMG required

that online prices matched in-store prices and that retailers used nationwide pricing.

To verify this, each of the 19 retailers were contacted, with 12 confirming that online

and in-store prices were identical. The remaining seven retailers could not guarantee

14Argos has been owned by the supermarket group Sainsbury’s since 2016.
15At the time of the study, most department stores did not actively sell electronics, with the exception

of House of Fraser, which is included in the sample.
16Amazon prices were obtained from the Buy Box and may therefore include third-party sellers.
17The full list of scraped retailers is Amazon, AO, Argos, B&Q, Boots, Costco, Currys, Decathlon,

Dunelm, Homebase, House of Fraser, Hughes, John Lewis, Richer Sounds, Robert Dyas, Tesco, Trade-
Point, Travis Perkins, and Wickes. These retailers were selected to capture the principal national com-
petitors in the product categories studied (electricals and white goods). Those with multiple physical
stores nationwide were particularly relevant, given the eligibility requirements of the PMG.
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comparability, particularly during promotional periods, and were therefore conservatively

excluded from the analytical sample.18 The final sample thus includes the following 12

retailers: AO, Amazon, Argos, Boots, Currys, Dunelm, Homebase, Hughes, John Lewis,

Tesco, TradePoint, and Wickes.

The product sample focuses on electrical and white-good categories selected to maximise

the likelihood that items would remain available throughout the study period. Cate-

gories include cameras, cookers and ovens, cooking appliances, dishwashers, electricals,

electronics, fridges and freezers, heating, home telephones, ironing, microwaves, mobile

phones, smart home, smart tech, and washing machines and tumble dryers. Despite this

targeted selection, a substantial degree of product atrophy is observed: 33.9% of sampled

products are discontinued by the end of the sample period (see Section 4). To construct

the product list, I compiled a catalogue of white goods sold at John Lewis on 9 April 2022

and then identified identical products sold by competing retailers.19 Matching identical

products was essential because the PMG applied only to identical products.

This method of sample construction imposes an important limitation: I observe only

products that John Lewis chose to stock. Thus, products sold at rival retailers but not

stocked by John Lewis are not included. Whilst this restricts the ability to evaluate

fully comprehensive market-wide effects, it was a necessary compromise to enable high-

frequency, product-level data collection. It would be expected that products directly

affected by the PMG would have the largest price effects, and that any spillover effects

on non-JL-sold products at competing retailers are likely to be smaller in magnitude.

Therefore, the dataset constructed allows me to focus on the products where one would

expect to see the largest impact post-removal of the PMG. A related implication is that

the number of sampled products at any given retailer does not necessarily reflect its true

size or breadth of assortment, but rather the overlap of its catalogue with that of John

Lewis.

In total, the raw dataset contains 1,510,448 daily price observations across the 12 retailers

and 365 days.20 Table 7 in Annex A.2 reports the number of price observations per retailer

and the maximum number of unique products observed at each.21

To investigate whether service provision at John Lewis changed over the study period,

18The retailers indicating their online price may differ due to online promotions were B&Q, Costco,
Decathlon, House of Fraser, Richer Sounds, Robert Dyas and Travis Perkins. As a robustness check, I
include these retailers in the regression analysis and obtain similar results.

19Matching was carried out both manually and with the assistance of an additional web scraper that
identified potential matches, which were then manually checked for accuracy.

20Although the calendar window spans 377 days, 12 days are missing due to technical scraping issues.
These missing days occur sporadically and are not concentrated around key periods.

21A product may be absent on a given day if out of stock, in which case no price is recorded.
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weekly data were collected on the number and average rating of customer reviews left

on the product pages of sampled items. Of the 1,820 products for which review scraping

was attempted, 218 never received a review and one product could not be collected due

to a technical issue. Ratings take integer values from 1 (lowest) to 5 (highest). Written

review content was not stored, although reviewers routinely comment on product quality,

perceived value for money, and their experience of John Lewis’ service provision.

4 Descriptive Statistics

After cleaning, the final dataset comprises 1,819 products across 1,486,038 price observa-

tions.22 Summary statistics by retailer, including the mean, standard deviation, minimum

and maximum prices, and the number of observations and unique products, are provided

in Table 1.23

Of the 1,819 products, 413 are sold exclusively by John Lewis in the final sample, 447 are

sold by one competing retailer, 379 by two retailers, 298 by three retailers, 206 by four

retailers, 64 by five retailers, 6 by six retailers, and 6 by seven retailers.24

Prices in the dataset range from £4 to £7,500. Average prices at Amazon are lower than

those at John Lewis; however, this partly reflects Amazon’s tendency to stock cheaper

variants of product lines also carried by John Lewis.

Turning to quality measures, the mean product rating is 4.38 (standard deviation 0.59),

and the mean number of reviews is 112 (standard deviation 495). Over the study period,

the number of reviews increases by a median of 38%, whereas the median change in rating

is 0%.25

I examine before–after differences in a range of descriptive price measures, including the

22A parsimonious approach is used to remove outliers, reflecting confidence in the accuracy of the
largely manually checked dataset. Firstly, observations are removed when prices fall below half of the
1st quartile value or exceed twice the 3rd quartile value. Secondly, the average price across all retailers
is computed and any retailer–product pair whose mean price is more than 60% above or below the John
Lewis average is excluded. Thirdly, products without any John Lewis price observation, items that are
discontinued between sampling and webscraping, are dropped. Finally, observations are removed if they
are identified to be outliers or where there is a day-to-day retailer-price change greater (in absolute value)
than 300%.

23Any differences relative to Table 7 reflect the application of the cleaning procedures described above.
24There are twelve retailers in the dataset (including John Lewis). No product is stocked by all

retailers. The John-Lewis-only counterfactual consists of 381 products, slightly fewer than the 413
products facing zero competitors, because 32 products appear only at the seven retailers excluded due
to not having the same in-store prices as online.

25The first observed rating is taken either at the start of the sample or on the date of the first review.
The mean growth rate in reviews is 165%, well above the median.
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minimum and maximum log price, price dispersion (defined as max–min log price), mean

and median log price, and the standard deviation of log price. In constructing these

variables, I exclude Amazon and include product fixed effects. Following treatment, the

minimum and maximum log prices rise by 1.8% (p = 0.000) and 1.2% (p = 0.000),

respectively. The mean and median log prices both increase by 1.5% (p = 0.000). Price

dispersion decreases by 0.6% (p = 0.000). The standard deviation of log price shows no

statistically significant change.

Table 1: Summary Statistics for Retailer Price (£)

Retailer Mean Std Dev Min Max #Obs #UniqueProducts

Amazon 562.00 600.68 4.99 7,499.00 320,269 1,159

AO 788.66 754.70 11.99 7,499.00 261,396 896

Argos 430.08 452.62 7.99 3,550.00 132,235 430

Boots 95.21 43.22 30.00 219.99 6,863 21

Currys 596.51 598.04 6.98 7,499.00 148,572 502

Dunelm 76.74 22.00 55.00 99.00 655 2

Homebase 584.67 253.15 59.00 1,169.00 15,749 52

Hughes 510.35 333.78 16.95 1,539.00 44,881 163

John Lewis 823.96 915.30 4.00 7,500.00 522,579 1,819

Tesco 40.00 0.00 40.00 40.00 255 1

TradePoint 698.10 433.85 22.00 2,218.00 16,415 48

Wickes 993.46 661.17 200.00 4,699.00 16,169 47

Note: the number of unique products requires only that at least one price was observed over the sample.

I also examine the effectiveness of John Lewis’ pro-active price-matching team prior to

the removal of the PMG. If the team were perfectly effective, John Lewis should be

the lowest-priced bricks-and-mortar retailer on any day it stocks a product.26 Of the

149,988 product–day observations in which John Lewis stocks the item, it holds the

(joint) lowest price on 101,886 occasions.27 Thus, John Lewis is the cheapest retailer

in 68% of relevant observations. This share may appear low given the intended pro-

active nature of the price-matching process. Small delays in updating matched prices

or challenges in tracking competitors’ daily prices could partly explain this. To account

for such frictions, I recalculate the measure allowing for a five-day lag and ignoring price

differences of £5 or less. Under this looser definition, John Lewis holds the lowest price

in 119,509 observations, representing 80% of the total.28

26Amazon is excluded from these calculations, since the PMG did not apply to online-only retailers.
27John-Lewis-exclusive products, and product–days where John Lewis lacks stock, are excluded.
28Even this figure falls short of 100%, which may reflect one of three possibilities: (i) remaining errors

in the collected data, (ii) products which have been assigned as perfect matches across retailers are not
in fact perfect matches and therefore the PMG doesn’t apply to them, or (iii) genuine deviations from
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4.1 Product Atrophy

There is a substantial rate of product atrophy in the dataset, with only 66.1% of prod-

uct–retailer observations present throughout the entire sample period. This is noteworthy

given that the dataset consists primarily of white goods, which might ordinarily be ex-

pected to exhibit relatively low discontinuation rates. However, the finding is consistent

with the evidence in Ashenfelter et al. (2013), who document that products in this cate-

gory typically have a shelf life of around one year.

As illustrated in Figure 1, the sample begins with 1,819 products, falling to 1,630 by

the week of treatment and reaching 1,202 by the end of the sample. Thus, around 10%

of products are discontinued before treatment occurs. Product discontinuation rates at

retailers other than John Lewis are lower: 24.4% for AO, 13.8% for Amazon, 16.3% for

Argos, and 12.5% for Currys. The relatively high attrition rate at John Lewis may reflect

a more active curation of its product range, as compared with the broader and more

rapidly shifting assortments of other retailers. For Amazon in particular, although its

discontinuation rate is lower than that of John Lewis, this is offset by a considerably

higher incidence of stock-outs or temporary unavailability.

4.2 John Lewis Exclusive Products (counterfactual)

The counterfactual group used in the analysis consists of John Lewis exclusive products,

defined as items for which no sampled competing retailer stocks the product.29 There

are 381 such products in the dataset, representing approximately 21% of the electrical

and white-goods assortment sampled at John Lewis. These products were never subject

to the NKU pledge, as the PMG applies only where identical products are sold by com-

peting retailers. Since April 2021, John Lewis has operated an own-brand range called

ANYDAY. Of the 381 JL-exclusive products, 69 (18%) belong to this own-brand range,

whilst 312 (82%) are nationally branded items.

In terms of product mix, JL-exclusive products are broadly similar to the remainder of

the sample. The main difference is that JL-only products do not include items in the

electricals category. Amongst JL-exclusive observations, 73.6% fall within home appli-

ances, 25.0% within mobiles, cameras, and smart tech, 1.4% within small appliances and

perfect price matching by John Lewis. Given the extensive manual validation of the dataset, the third
explanation appears most plausible. It is possible that prices were not matched in instances of zero sales
or during periods of stock-out. In support of this conclusion, the non-matches were not concentrated
in just a few products over multiple days but were spread across a large number of products on few
occasions.

29This counterfactual is constructed using all 18 nationally competing retailers.
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Figure 1: Number of Products Sold at John Lewis During Sample Period

Note: week 1 begins on 19th April 2022 whilst the final week begins on 24th April 2023. Grey line at
week 18 represents the date of treatment. There may be fewer price observations in certain weeks than
indicated in the graph if the product is temporarily out of stock.
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vacuums, and 0% in electricals. The corresponding shares for non-JL-only products are

66.5%, 28.0%, 3.5%, and 2.0%, respectively. At a finer level of disaggregation, JL-only

products span 31 of the 45 sub–sub-categories listed in Table 8 (Annex A.2). The dis-

tribution across sub–sub-categories is generally similar between JL-only and non-JL-only

products, with two noteworthy exceptions: vacuums are absent from the JL-only group

(representing 6.64% of the remaining sample), whilst cookers represent a larger share of

JL-only products (17.48%) than of non-JL-only products (8.32%).

Comparing prices, JL-only products have a considerably higher average price (£1,167.31)
than non-JL-only products (£732.25). It is unclear whether this reflects the absence of

competitive pressure for JL-exclusive products or a deliberate product-range choice by

John Lewis to stock higher-end exclusive goods. In either case, this pattern is consis-

tent with the possibility that John Lewis could recoup lower margins on PMG-eligible

items through higher margins on exclusive products, especially if the guarantee attracts

customers who subsequently purchase items outside the scope of the pledge.

Finally, JL-exclusive (4.36) and JL non-exclusive (4.38) products have statistically similar

average quality ratings. However, JL-only products have substantially fewer reviews on

average (34 compared with 133 for non-JL-only products), suggesting that JL-exclusive

products may be less popular, newer, or simply receive fewer reviews due to differences

in purchase volume or review behaviour.

5 Empirical Strategy

To evaluate the impact of the PMG removal on prices at John Lewis and competing

retailers, the primary empirical strategy employs a difference-in-differences (DiD) design

comparing treated retailers with an appropriate control group. This captures any retailer-

specific shocks which would cause prices to change for reasons other than the removal of

the PMG.

This empirical setting is a reversal design: treated products were once covered by the

PMG but are no longer, whilst control products were never eligible for the guarantee.

This differs from the canonical DiD framework but is widely used in applied empirical

research (e.g. Bleemer & Mehta 2022, Cao & Chen 2022, Grönqvist et al. 2020, Slattery

et al. 2023).

The baseline specification is:

ln(Priceirt) = αi + δr + γt + β (Postt × Treatmentr) + ϵirt, (1)
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where i indexes products, r retailers, and t time (measured daily). The term αi denotes

product fixed effects, δr retailer fixed effects, and γt day fixed effects, which absorb

common temporal shocks (e.g. seasonal sales periods). The error term ϵirt is a random

shock which satisfies E(ϵirt | Postt, T reatmentr) = 0. The coefficient of interest, β,

identifies the average treatment effect on the treated (ATT). The indicator Postt equals

1 for dates after 23rd August 2022, the date of PMG removal. The variable Treatmentr

equals 1 for retailers directly affected by the removal. The control group comprises John

Lewis exclusive products, items stocked only by John Lewis and therefore never subject

to the PMG. Standard errors are clustered at the product level, allowing for arbitrary

serial correlation in product-specific pricing shocks (Zhuo 2017, Ashenfelter et al. 2013).30

To explore heterogeneity across retailers or retailer groups (focal / insiders / outsider),

variants of equation (1) replace the interaction term with Postt × RetailerDummyr,

where the dummy denotes the relevant retailer or group. Heterogeneous effects across

product characteristics are obtained by interacting Postt with the relevant covariate.

In addition to the static specification, a dynamic DiD model is estimated to examine how

treatment effects evolve over time and to assess the parallel trends assumption, alongside

studying whether there is any anticipation effect. The dynamic specification is:

ln(Priceirt) = αi + δr + γt +
−2∑

q=−118

βq (Dayq × Treatmentr)

+
247∑
q=0

βq (Dayq × Treatmentr) + ϵirt,

(2)

where Dayq is an indicator for day q relative to treatment, with q = −1 omitted as the

reference period. The first summation covers the 117 pre-treatment days, and the second

covers the 248 post-treatment days.

Although the PMG was not removed until 23rd August 2022, its forthcoming withdrawal

was widely reported in the media on 25th February 2022.31 I find no evidence of anticipa-

tory price adjustments and discussions with a former executive confirmed that consumers

were able to continue to price match – and the activities of the NKU price match team

continued – until removal on 23rd August. Any such behaviour would manifest as signif-

icant pre-treatment coefficients in the dynamic specification (2).

30As a robustness check, standard errors are also clustered at the product×retailer level (Section 7).
31For instance, see https://www.bbc.co.uk/news/business-60522421 [accessed 25/02/2022];

https://www.theguardian.com/business/2022/feb/25/john-lewis-drops-never-knowingly-undersold-
pledge [accessed 29/05/2024].
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5.1 Identification Assumptions

The empirical strategy relies on three key identifying assumptions: (i) exogeneity of the

treatment, (ii) the existence of parallel trends between treatment and control groups, and

(iii) the absence of spillovers from treated to control units. I discuss each in turn.

A necessary condition for identification is that the decision by John Lewis to remove

its PMG was exogenous to the pricing outcomes studied. As outlined in Section 2, John

Lewis stated that the guarantee was withdrawn because consumers were confused or frus-

trated that it did not apply to online-only retailers such as Amazon.32 This explanation

is unrelated to the pricing of the goods considered in this study and suggests that the

removal was not motivated by rising costs or declining margins.

The policy change was introduced under a relatively new, externally hired CEO.33 Dis-

cussions with a former executive indicate that the decision was internally unpopular and

unexpected.34 The CEO’s abrupt and unanticipated departure in February 2023 rein-

forces the argument that the removal was not driven by a change in the firm’s pricing

strategy.35 Media reports attribute the departure to cultural tensions within the organi-

sation, consistent with the view expressed by insiders.36

Furthermore, if the decision to remove the policy was made based on concerns of increased

competition or lower market prices - which made the guarantee financially unsustainable

- then one would expect John Lewis to increase its own prices following treatment. This

outcome is not observed (see Section 6), reinforcing the argument that the treatment

policy was not driven by underlying pricing dynamics. This strengthens the case that

the removal was unrelated to market prices and can therefore be treated as an exogenous

shock suitable for identification. It is also important to note that treatment exogeneity

is required only for a causal interpretation of the treatment effect at John Lewis itself;

the estimated treatment effects for other retailers, the principal focus of the paper, do

32In its public announcement, John Lewis noted: “Never Knowingly Undersold is no longer enough to
assure trust because it applies to fewer and fewer sales as shopping moves increasingly online and isn’t
applicable to online-only retailers. So, we’re replacing it with a new approach, which all of our customers
can trust because it applies to however and wherever you shop – in store or online”. See Annex A.1.

33Pippa Wicks became Executive Director (CEO) of John Lewis in June 2020, having previously
served as Deputy CEO of supermarket chain The Co-op Group.

34Alongside the removal of the PMG, the CEO was also responsible for the launch of the ANYDAY
product range (JL’s own-brand) in April 2021 (prior to the start of this study). The author is not aware
of any other significant changes made during this period.

35John Lewis announced that the interim CEO would lead the “deliv-
ery of the 2023 plan”, suggesting continuity rather than strategic revision (see
https://www.johnlewispartnership.media/news/waitrose/27022023/the-john-lewis-partnership-is-
today-announcing-changes-to-the-executive-team [accessed 15/07/2025]).

36See https://www.retail-week.com/people/john-lewis-wicks-departure-comes-amid-culture-
clash/7043300.article [accessed 15/07/2025].
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not depend on this exogeneity requirement.

A second requirement is that, absent treatment, price trends for the treated and control

products would have evolved similarly. Figure 2 plots residualised log prices over time,

obtained from a regression with product fixed effects. Residualising removes level dif-

ferences across products and mitigates compositional changes due to product exit. The

pre-treatment paths of the two groups track each other closely, albeit with consistently

higher mean residual prices in the control group. Following treatment, the mean resid-

ual price in the treated group rises gradually and eventually exceeds that of the control

group. Seasonal fluctuations, including Christmas sales, are visible for both groups.

Figure 2: Residual Log Price, Treatment vs Control

Note: Residuals from a product fixed effects regression are estimated and averaged across treatment and
control group over time. The solid blue line shows the mean residual log price for the control group whilst
the solid black line shows the mean residual log price for the treatment group. The grey line shows the
time of treatment whilst the (long) dash blue and black line show pre-period averages for control and
treatment (respectively) and the (short) dash line shows post-period averages.

Beyond the graphical evidence, three additional pieces of econometric evidence support

parallel trends. Firstly, dynamic difference-in-differences estimates (Figures 3 and 4 in

Section 6.1) reveal few pre-treatment coefficients to be statistically significant. Secondly,

placebo tests using false treatment dates (Section 7) yield no significant pre-treatment

effects. Thirdly, following Ashenfelter et al. (2013), equation (3) is estimated using only

pre-treatment data. The coefficient on the interaction between treatment status and lin-

ear time trend is statistically indistinguishable from zero (0.00005; p = 0.419). Together,
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these results provide strong support for the parallel trends assumption.

ln(Priceirt) = αi + δr + γt + β1Trendt + β2(Trendt × Treatmentr) + ϵirt (3)

Finally, the empirical strategy assumes that the treatment does not affect outcomes in

the control group. A potential concern is that John Lewis, as a multi-product retailer,

may adjust pricing across its wider assortment in response to competitive changes, which

could contaminate the control group.37 To test this, I begin with a simple regression of

log prices on a post-treatment dummy and product fixed effects.38 For treated products,

prices rise by 2.1% (p = 0.000) after the PMG removal. In contrast, prices for control

products rise by only 0.3% (p = 0.655), an estimate that is statistically indistinguishable

from zero. This pattern indicates that the policy affected treated products but not control

products, supporting the absence of spillovers.39

If John Lewis had profit-maximised across its entire catalogue, treatment spillovers would

plausibly have caused upward bias (attenuation) in the estimated difference-in-differences

coefficients. In that scenario, the true effect would likely be larger in magnitude than the

estimates reported here. Hence, the results can be considered conservative lower bounds

on the true treatment effect. Such a concern also motivates the robustness check (Section

7) that uses Amazon observations as the control group.

6 Results and Discussion

Table 2 reports estimates from equation (1). Column (1) shows that average prices rise

by around 1.8% following the removal of the PMG. Disaggregating the effect by retailer

group in column (2) makes clear that this aggregate change is driven entirely by the inside

retailers: neither the focal retailer (John Lewis) nor the outside retailer (Amazon) exhibits

any significant post-treatment price response, whilst insider competitors increase prices

by approximately 2.4%. Pairwise tests confirm that the insider coefficient is statistically

distinguishable from both the focal and outsider coefficients, whilst the focal and outsider

coefficients are themselves indistinguishable. Column (3) further disaggregates the insider

group, revealing that 5 of the 10 inside retailers raise prices, with estimated effects ranging

37This would occur, for example, if John Lewis internalised cross-product profit interactions and
responded to the PMG removal by altering prices for control-group products.

38This simplified before-and-after comparison does not control for common demand or supply shocks;
these are absorbed in the full specification.

39Repeating this exercise separately for national-brand control products yields a similarly insignificant
effect (0.6%; p = 0.516). I do not conduct the exercise for JL own-brand products because parallel trends
does not hold for that subgroup (see Section 7).
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from 1.9% to 6.8%.40 This group includes AO and Currys, both of which have substantial

product overlap with John Lewis. Taken together, these findings support the conclusion

that the PMG exerted a pro-competitive influence on market prices.

The result that both AO and Currys increased prices post-treatment may appear sur-

prising, given that each operated its own PMG during the study period.41 A plausible

explanation is that AO and Currys’ guarantees required customer activation, unlike the

John Lewis guarantee, and if activation rates were sufficiently low, it could remain prof-

itable for these retailers to raise prices despite nominally offering a PMG.42 Indeed, the

price responses observed here may understate the full effect of the John Lewis removal

had the AO and Currys guarantees not been in place.

The absence of any pricing response at Amazon aligns with one strand of the existing

empirical literature suggesting that Amazon behaves as a highly consumer-focused firm,

deviating from short-run profit-maximising behaviour (Reimers & Waldfogel 2017). This

stands in contrast to work showing that Amazon does respond to competitive conditions

despite being the lowest-priced retailer (He et al. 2022). The findings in this study are

more consistent with the former view: Amazon does not respond to rivals’ post-treatment

price increases during the eight-month period under analysis. Furthermore, this finding

is consistent with Bottasso et al. (2025) who study the introduction of PMGs at an online

US retailer (NewEgg) and find no pricing effect on Amazon.

The mean pre-treatment price across all treatment retailers is £667, implying that the es-

timated 1.8% post-treatment effect corresponds to an average increase of roughly £12, an
economically meaningful change from the perspective of consumers. Simple calculations

suggest that UK consumers saved at least £7.9 million in the 2021–22 financial year owing

to the pro-competitive effect of the John Lewis guarantee.43 This figure is conservative,

as it excludes potential spillovers to unobserved products and relies on product-range

weights based on the number of items stocked, rather than sales-based weights.

40Note however that one of these retailers (Argos) fails the parallel trends assumption (see footnote
48).

41These retailers’ PMGs remained in place throughout the sample period and cover all UK-based
bricks-and-mortar retailers. These policies were not pro-active and required consumers to activate the
guarantee through an online form or by speaking to a store assistant.

42Hviid & Shaffer (1999) note that if firm asymmetry is large enough then positive hassle costs from
consumer activation can allow higher prices to be supported.

43The back-of-the-envelope figure is calculated by multiplying statistically significant coefficients (at
the 5% level) from Table 2 by retailers’ total UK revenues for 2021–22, obtained from financial reports.
For AO, Currys and Wickes, product-specific revenues (excluding services) are used. Revenue is then
scaled by the share of products sampled relative to the retailer’s catalogue, based on June 2025 catalogue
information or company statements. I do not have sufficient data (on quantities sold or product-level
revenue weights) that would allow a more sophisticated weighting system.

18



Table 2: Impact of Removal of PMG on Prices

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.018** – –

(0.008)

Focal Retailer – 0.013 –

(0.008)

inside retailers – 0.024*** –

(0.008)

Outside Retailer – 0.013 –

(0.008)

AO – – 0.030***

(0.008)

Amazon – – 0.013

(0.008)

Argos – – 0.014

(0.009)

Boots – – -0.021

(0.027)

Currys – – 0.019**

(0.009)

Dunelm – – -0.006

(0.008)

Homebase – – 0.0005

(0.015)

Hughes – – 0.026**

(0.011)

John Lewis – – 0.013

(0.008)

Tesco – – -0.009

(0.008)

TradePoint – – 0.054***

(0.012)

Wickes – – 0.068***

(0.012)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,486,038 1,486,038 1,486,038

Adjusted R2 0.987 0.987 0.987

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (John Lewis exclusive products). The coefficients can be interpreted as
percentage changes by applying the following formula: (EXP (coefficient) − 1) ∗ 100. The dependent
variable is the logarithm of prices for product i, at retailer r, at time t. The F-statistics for statistical
difference in coefficients in column (2) is 14.91 for focal retailers vs insider, 0.00 for focal vs outsider
retailers, and 9.18 for insiders vs outsider retailer. Robust standard errors are shown in parentheses
below the coefficients and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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In terms of heterogeneous results by product sub-category, I interact the post-treatment

indicator with dummies for each sub-category (Table 3) and find statistically significant

treatment effects for 9 out of 16 sub-categories, jointly representing 71% of all products

in the sample. This indicates that the treatment effect is not confined to a narrow

set of categories but is broadly distributed across the product range. The direction of

the effect, however, is not uniform: for cameras, electronics, and smart technology, the

removal of the PMG is associated with price reductions, whilst for the remaining six sub-

categories the estimated effects are positive, ranging from 3.7% to 6.7%. This suggests

that the treatment effect depends on product characteristics. I explore a number of

these characteristics - such as product price, product search costs and PMG intensity -

when discussing the mechanism behind these findings (see Section 6.2). I also examine

whether the treatment effect varies by average product quality. There is little evidence

of systematic heterogeneity across quality levels.44 The limited variation in this measure:

94.65% of products have a quality rating above 4, may explain the absence of discernible

differences.45

Turning to the possibility that non-price dimensions of competition changed after the

removal, I find no evidence that product quality, service provision, or product assortment

responded to treatment. These attributes are likely captured in the product and retailer

fixed effects and are unlikely to adjust sharply over a one-year horizon. Furthermore,

there is no evidence to suggest that product quality or service provision were affected by

treatment: regression analysis of weekly log quality ratings, controlling for product fixed

effects, yields a statistically insignificant treatment coefficient (–0.003; p = 0.520). This

highlights that the factors associated with product reviews, often encompassing product

quality and service provision, are unaffected by treatment.

A further concern is that retailers might adjust their product ranges to circumvent PMGs,

for example by increasing the relative share of exclusive or own-brand items.46 Figure 1

44Average product quality was computed and used both as a continuous and binned variable. The
only statistically significant result arises for products with an average (rounded) quality rating of 4,
which exhibit a 2.1% treatment effect (p = 0.002). No other quality bins show significant effects (Table
10, Annex A.3).

45I also study the heterogeneous effect of competition on the treatment effect, where we would expect
to find that upward price adjustments following the removal of a PMG should be larger in less competitive
environments, as retailers have greater scope to raise prices without losing customers (Bresnahan &
Reiss 1991, Genakos & Pagliero 2022). However, it is difficult to disentangle the competition effect
from the product-category effects given that there is a strong correlation between product categories
and number of competitors. Looking within product sub-categories, I find no evidence that competition
affects the size of the treatment effect.

46Since the PMG only applies to identical products, there is an inherent incentive for a retailer to
stock own-brand/exclusive products or to ask manufacturers to make minor product adjustments which
would make the PMG redundant. On the other hand, if consumers realise that few products are actually
covered by the guarantee then the signalling effect is lost, such that there is no competitive effect from
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Table 3: Heterogeneity for Product Sub-Category

Product Sub-category Treatment Effect

Cameras -0.026***

(0.009)

Computing and Gaming 0.011

(0.021)

Cookers & Ovens 0.040***

(0.008)

Cooking Appliances 0.056***

(0.021)

Dishwashers 0.036***

(0.012)

Electricals 0.005

(0.010)

Electronics -0.058***

(0.015)

Fridges and Freezers 0.065***

(0.009)

Heating -0.021

(0.023)

Home Telephones 0.037**

(0.015)

Ironing 0.016

(0.013)

Microwaves 0.014

(0.012)

Mobile Phone -0.010

(0.025)

Smart Home -0.023

(0.018)

Smart Tech -0.034***

(0.011)

Washing Machines and Tumble Dryers 0.038***

(0.009)

Product FE Yes

Date FE Yes

Retailer FE Yes

Observations 1,486,038

Adjusted R2 0.987

Note: Table shows the treatment effects for each sub-category calculated by taking the interaction
between Treatment∗Postt ∗Subcategoryi. The dependent variable is the logarithm of prices for product
i, at retailer r, at time t. Robust standard errors are shown in parentheses below the coefficients and
are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.

21



shows no break in the number of products stocked at week 18, the date of the removal,

suggesting no such adjustment. To test this more formally, I regress the weekly number

of discontinuations on the post-treatment indicator and find no significant effect (coeffi-

cient = –0.292; p = 0.898). I also compare attrition rates for John-Lewis-only products

and non-exclusive products, where the discontinuation incentive would theoretically be

stronger on non-exclusive products. Over the sample, the attrition rates are 33.6% for JL-

only products and 34.0% for non-exclusive products, indicating no evidence of strategic

product withdrawal in response to the PMG.

Finally, I examine whether the PMG removal affected product demand. Although sales

data are unavailable, I observe review counts on the John Lewis website, which have

been used as a proxy for demand in prior work (e.g. Cabral & Hortacsu 2010). Re-

estimating equation (1) with log reviews as the dependent variable yields an insignificant

DiD coefficient (0.033; p = 0.156). Whilst this proxy is imperfect and restricted to one

retailer’s online platform, the result is consistent with the absence of price effects at the

focal retailer and suggests that higher prices at AO and Currys did not shift demand

towards John Lewis. If anything, this aligns with the proposed mechanism whereby

consumers believed John Lewis’ prices would rise post-treatment, even though they did

not.

6.1 Dynamic Effects

Dynamic treatment effects are examined through estimation of equation (2). Figure 3

presents the aggregate dynamic effects across all retailers. Prior to the removal of the

PMG, only three leads are statistically significant at the 5% level, indicating that the

parallel trends assumption is unlikely to be violated (Autor 2003). There is also no

discernible evidence of anticipatory behaviour in the period preceding the pre-announced

removal of the price match guarantee.

Figure 4 disaggregates these dynamics by retailer group (focal, insiders, and outsider).

For the focal retailer (John Lewis), average prices do not increase following the removal of

the PMG, although there are periods, particularly in February and March, where prices

are noticeably higher. As the specification includes day fixed effects, these fluctuations

cannot be attributed to common shocks such as seasonal sales or holiday promotions.47

This pattern suggests that John Lewis may have been initially reluctant to increase

using PMGs. This clearly illustrates the trade-off that retailers employing PMGs face in deciding their
product range.

47When day fixed effects are included, it is not possible to introduce additional dummy variables for
specific sales or holiday periods.
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Figure 3: Dynamic difference-in-difference estimation (aggregate)

Note: Figure shows the coefficient estimates at the daily frequency for the aggregate group of all retailers.
The vertical grey line on 22nd August shows the date the day before treatment, the horizontal red line
shows the average of pre-treatment coefficients whilst the horizontal green line shows the average of
post-treatment coefficients. Vertical lines around coefficient estimates are confidence intervals at the 5%
level of significance. Gaps indicate missing data.

prices but did so gradually over the subsequent months. Amongst the inside retailers,

the treatment effect emerges with a delay of roughly one month and remains relatively

stable thereafter, though a slight decline is observed in the final month of the sample.

For the outsider retailer (Amazon), there is no evidence of any systematic treatment

effect. Pre-treatment, only one of the 118 leads for John Lewis, 21 for insiders, and 17 for

Amazon are statistically significant at the 5% level, which provides further reassurance

that the identifying assumption of parallel pre-trends is satisfied. Figure 5 (Annex A.3)

displays the dynamic effects at the individual retailer level.48

To further characterise the temporal evolution of the treatment effects, I re-estimate the

static difference-in-differences specification, replacing the post-treatment indicator with

a variable equal to zero prior to the intervention, one in the two months following the

removal (up to 23rd October), and two thereafter (Table 9, Annex A.3). The results

reveal that aggregate price effects are insignificant in the short run (first two months)

but become strongly positive in the longer run. Importantly, the price response amongst

inside retailers is evident even in the short run. Relative to the overall treatment effect of a

2.4% price increase amongst inside competitors, the long-run effect rises to approximately

2.9%, consistent with gradual adjustment of competitors’ pricing behaviour following the

withdrawal of the PMG.

48The number of statistically significant leads (at the 5% level) for each retailer is as follows: AO (14),
Amazon (17), Argos (58), Boots (3), Currys (11), Dunelm (19), Homebase (35), Hughes (15), John Lewis
(1), Tesco (0), TradePoint (11), and Wickes (3). The large number of significant pre-trend coefficients
for Argos suggests that the parallel trends assumption may not hold for this retailer, and results for
Argos, although statistically insignificant, should therefore be interpreted with caution.
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Figure 4: Dynamic difference-in-difference estimation by retailer group
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Note: Figure shows the coefficient estimates at the daily frequency for the aggregate group of all retailers.
The vertical grey line on 22nd August shows the date the day before treatment, the horizontal red line
shows the average of pre-treatment coefficients whilst the horizontal green line shows the average of
post-treatment coefficients. Vertical lines around coefficient estimates are confidence intervals at the 5%
level of significance. Gaps indicate missing data.
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6.2 Mechanism

In summary, the aggregate estimates show clear positive price effects following the removal

of the PMG, driven entirely by inside retailers. To explain this finding, I extend the

intuition behind the low-price signalling mechanism of Moorthy & Winter (2006).

The low-price signalling mechanism argues that the lowest-cost retailer can credibly com-

mit to offering the lowest prices and has an incentive to advertise this to consumers. The

diversion of consumers from high-price retailers to the lowest-cost retailer leads to ag-

gregate welfare gains. In the setting I study here, it is unlikely that John Lewis can be

considered the lowest-cost retailer, given its strong warranties and guarantees, and high

levels of service provision which are likely to contribute to higher costs than competing

retailers.

Nonetheless, there are two features of this market that could explain a low-price sig-

nalling mechanism despite the fact that John Lewis is not the lowest-cost retailer: (a)

cost differences across retailers may not be large, (b) the price match guarantee only

applies to non-exclusive products. To elaborate further on the second point, much of

the theoretical literature models PMGs in a single-product environment, whereas the

setting here features multi-product retailers. Cross-product complementarities, whereby

consumers attracted by PMG-eligible products also purchase higher-margin goods, may

have enabled John Lewis to sustain the price match guarantee despite higher costs than

competing retailers. Separately, Mamadehussene (2019) shows that a PMG can still

signal low prices even when the focal retailer is not the lowest-cost firm.

If consumers interpreted Never Knowingly Undersold as a signal of low prices, then its

removal would signal to consumers that John Lewis is no longer the lowest-price retailer.

This has two implications: firstly, if consumers no longer believe that John Lewis is the

lowest-price retailer, then they may remove it from their search consideration set. This

would allow inside retailers to increase their prices, as they face less competition, and

can therefore explain the observed increase in prices at these retailers. Note that con-

sumers’ belief that JL is no longer the lowest-price retailer is empirically false, and based

solely on the signal that the PMG removal implies, rather than observed (relative) price

increases at the focal retailer. Secondly, somewhat separately to the search mechanism,

competing retailers may interpret the removal of the PMG as a signal that John Lewis

would compete less aggressively on price, thereby prompting insiders to increase their

own prices accordingly.

Several pieces of evidence are used to support this signalling mechanism, although I note

that this is not definitive evidence that the signalling mechanism is the only potential
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mechanism that could reconcile these findings. Firstly, the removal of the price match

guarantee was widely reported in the UK press owing to the long-standing nature of the

John Lewis promise. Subsequent press releases from John Lewis’ CEO Peter Ruis in

September 2024 confirm that consumers viewed the PMG removal as a signal that JL

would increase prices: “when we removed the price promise, [shoppers] automatically

assumed all prices went up”.49

Secondly, I find evidence that treatment effects are stronger on products that have higher

pre-treatment price dispersion. Price dispersion provides an indirect measure of con-

sumer search: higher dispersion suggests lower search activity.50 A £1 increase in the

average within-day difference between the highest and lowest prices for a given product

is associated with a 0.004% increase in the treatment effect (Table 4). Given that the

median price dispersion is £33 and the mean £76, this implies an average price rise of

approximately £0.30. This pattern is consistent with the proposed search mechanism.

Table 4: Heterogeneity for Pre-Treatment Price Dispersion

Treatment Effect

Post ∗ Treatment 0.015*

(0.008)

Post ∗ Treatment ∗ PriceDispersion 0.00004**

(0.00001)

Product FE Yes

Date FE Yes

Retailer FE Yes

Observations 1,485,843

Adjusted R2 0.987

Note: Table shows the coefficient on the triple interaction term (Treatment∗Postt ∗PriceDispersioni).
Price dispersion is calculated as Average(Product − DayHighestPrice) − Average(Product −
DayLowestPrice). The control group has zero price dispersion by definition. The dependent vari-
able is the logarithm of prices for product i, at retailer r, at time t. Robust standard errors are shown in
parentheses below the coefficients and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.

Thirdly, under the search mechanism, we would expect that within product sub-category,

more expensive goods are relatively more likely to be searched, given that the benefits of

search scale with price. I test this hypothesis by interacting the treatment effect with a

49See https://www.theguardian.com/business/article/2024/sep/05/john-lewis-to-bring-back-never-
knowingly-undersold-price-policy [accessed 17/10/2025].

50The theoretical literature identifies that high within-product across-retailer price dispersion is
suggestive of high search costs (Stahl 1989, Burdett & Judd 1983) whilst the structural literature
shows the price distribution is informative about the underlying search-cost distribution (Hong &
Shum 2006, Moraga-González et al. 2023).
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product’s residualised pre-treatment price (removing sub-category mean differences and

standardising the resulting residual). Products that are one standard deviation more

expensive than the average product in their sub-category experience a weaker treatment

effect of approximately 1.6 percentage points (Table 5). This therefore supports the

suggested mechanism that PMG removal was a signal to consumers and competing firms

that JL would increase prices but that competitors increased prices more on products

where consumer search was plausibly lower than on products where consumer search was

high.

Table 5: Heterogeneity for Pre-Treatment Price within Product Sub-Category

Treatment Effect

Post ∗ Treatment 0.016**

(0.008)

Post ∗ Treatment ∗ResidualisedPrice -0.016***

(0.003)

Product FE Yes

Date FE Yes

Retailer FE Yes

Observations 1,485,843

Adjusted R2 0.987

Note: Table shows the coefficient on the triple interaction DiD (Treatment∗Postt ∗ResidualisedPrice).
The residualised price is created at the product-level by regressing the average pre-treatment price (taken
across all retailers) on product sub-category fixed effects. This residual is divided by the standard
deviation of product-level residuals. The dependent variable is the logarithm of prices for product i, at
time t. Robust standard errors are shown in parentheses below the coefficients and are clustered at the
product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.

Fourthly, the treatment effect is concentrated on products where the guarantee had been

most actively operating before removal. I construct three pre-treatment, product-level

proxies for the intensity of John Lewis’s price-matching: (i) the fraction of days on which

John Lewis held the lowest price among bricks-and-mortar competitors; (ii) the number of

downward price adjustments by John Lewis; and (iii) the number of John Lewis cuts that

directly followed an insider cut within five days, which isolates reactive matching — John

Lewis acting as a price follower — from ordinary volatility.51 Under all three measures

the price increase is significantly larger where the guarantee had been most active (Table

6). This is what the firm-side mechanism predicts: insiders raised prices precisely where

they had previously been disciplined by John Lewis tracking and undercutting them,

whereas removal conveyed less information where John Lewis was slow to react.

51For John-Lewis-exclusive control products each measure is set to zero. Therefore, the coefficient of
interest is on Post× Intensity.
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Table 6: Heterogeneity for PMG Intensity

Treatment Effect

Panel A: Fraction of Days where JL held the lowest price

Post ∗ Treatment -0.006

(0.009)

Post ∗ Intensity 0.051***

(0.008)

Panel B: Number of Downward JL Price Adjustments

Post ∗ Treatment 0.005

(0.008)

Post ∗ Intensity 0.004***

(0.001)

Panel C: Number of JL cuts directly preceded by an insider cut

Post ∗ Treatment 0.007

(0.008)

Post ∗ Intensity 0.007***

(0.001)

Product FE Yes

Date FE Yes

Retailer FE Yes

Observations 1,486,038

Adjusted R2 0.987

Note: Panel A estimates a triple interaction DiD on the fraction of days where JL is the lowest priced
retailer among bricks and mortar stores. Panel B estimates a triple interaction DiD counting the number
of downward price adjustments made by JL. Panel C estimates a triple interaction DiD using the number
of JL cuts that were directly preceded by an insider cut within five days. The control group in all cases
has the intensity measure set to zero. The dependent variable is the logarithm of prices for product i,
at time t. Robust standard errors are shown in parentheses below the coefficients and are clustered at
the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.

I also study the impact of treatment on price change frequency, finding that insiders

reduce the frequency of downward price changes following treatment, relative to the

control group.52 Again, this piece of evidence is consistent with a story that PMG removal

reduced competition pressure, however, there is evidence of parallel trends violations,

which limits the usefulness of this finding.

Finally, the dynamic effects are consistent with the proposed mechanism in that it takes

a month or two for prices to gradually increase following treatment. It is possible that

during this period firms and consumers are adjusting their behaviour and updating their

52The focal retailer also reduces the frequency of downward price changes whilst the outsider increases
the frequency. There is no statistically significant effect in terms of the frequency of upward price changes
following treatment. Results are available upon request.
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beliefs in response to the signal of the PMG removal.53

7 Robustness Checks

A comprehensive set of robustness exercises confirms that the main findings are not

sensitive to alternative specifications or sample definitions. Specifically, the results re-

main stable under (i) the exclusion of specific retailers, (ii) placebo tests with incorrect

treatment dates, (iii) adjustments for the product category composition of treatment and

control groups, (iv) restrictions addressing product composition over time, (v) alternative

clustering structures, (vi) exclusion of smaller retailers, (vii) truncation of the sample to

pre-date the departure of John Lewis’ CEO, and (viii) disaggregation of the control group

into John Lewis own-brand and national-brand products. In addition, I assess robustness

to the choice of counterfactual by substituting the control group with Amazon products.

Across all exercises, there remains no evidence consistent with anti-competitive effects of

price match guarantees.

Re-estimating the baseline specification on the full sample of 18 nationwide retailers

yields results that are quantitatively similar to the main estimates, albeit with larger

standard errors (Table 11, Annex A.4). Two smaller retailers, Decathlon and Robert

Dyas, exhibit negative and statistically significant treatment effects. However, both have

minimal product overlap with John Lewis. Excluding these and other retailers that

could not confirm parity between online and in-store prices does not alter the overall

conclusions.

To assess the validity of the identification strategy, I conduct placebo tests using randomly

selected pseudo-treatment dates within the pre-treatment period.54 All post-treatment

observations are excluded, and the difference-in-differences model is re-estimated five

times, each with a distinct placebo date. None of the resulting coefficients are statistically

significant, lending support to the parallel trends assumption and reinforcing the causal

interpretation of the main estimates.

To ensure that heterogeneity in product composition between the treatment and control

groups does not drive the results, I re-estimate the model after excluding any sub-sub-

category represented in the treatment group but absent from the control group.55 The

treatment effects remain stable and similar to the benchmark (Table 12, Annex A.4).

53It is also possible that the lagged response is due to time/costs associated with updating prices.
54The placebo dates are 20th May, 12th June, 22nd June, 5th July, and 1st August.
55Excluded categories are Bread Makers, Camcorders, Condenser Tumble Dryers, Grills, Humidifiers,

Integrated Washing Machines, Laptops and MacBooks, Men’s Clippers and Trimmers, Mobile Phones,
Shirt and Trouser Presses, Soup Makers, Steam Irons and Generators, Tablets, and Vacuums.
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To address potential concerns arising from product discontinuation over time, I estimate

the model on two restricted samples: (i) one containing only retailer–product pairs ob-

served both pre- and post-treatment, and (ii) one limited to products sold by John Lewis

throughout the entire observation period. In both cases, the estimated treatment effects

remain consistent with the main results (Tables 13 and 14, Annex A.4). This suggests

that clearance sales or product withdrawals do not materially influence the findings.

Re-clustering the standard errors at the retailer–product level produces qualitatively iden-

tical results (Table 15, Annex A.4), indicating that the inference is not driven by the level

of error correlation assumed.

Given the limited product overlap between John Lewis and several smaller retailers (no-

tably Hughes, TradePoint, and Wickes), I re-estimate the model excluding all but the

five largest retailers—Amazon, John Lewis, Argos, AO, and Currys. The results remain

robust in both magnitude and sign (Table 16, Annex A.4).

On 27th February 2023, the CEO of John Lewis unexpectedly resigned. Whilst the

firm announced continuity in strategic direction under an interim CEO, this event may

nevertheless have influenced pricing behaviour. To account for this possibility, I truncate

the sample at the date of the CEO’s departure and re-estimate the main specification. The

results are largely unchanged (Table 17, Annex A.4). The only exception is a marginally

significant price increase of approximately 1.5% for Amazon (p = 0.057), suggesting a

temporary, short-lived pricing effect at the outside retailer.

The control group comprises both John Lewis own-brand products (18%) and national

brands (82%). Restricting the control group to national brands only yields estimates

nearly identical to the benchmark specification (Table 18, Annex A.4). In contrast, using

only own-brand products as the control generates substantial pre-trend violations, with

81 statistically significant pre-trend coefficients, likely reflecting strong selection effects.

Hence, the national-brand control remains the preferred specification. It is reassuring

that conclusions hold when excluding this group from the control.56

Finally, I replace the control group of John Lewis–exclusive products with Amazon prod-

ucts, which are not covered by the John Lewis PMG. Whilst Amazon may be indirectly

affected by competitors’ price adjustments, it provides an informative external bench-

mark. This exercise yields no evidence of anti-competitive effects from the PMG (Table

19, Annex A.4).57 In aggregate, the coefficient is positive and (weakly) statistically sig-

56Parallel trends is not violated for the national brand products only counterfactual, with zero statis-
tically significant pre-trend coefficients in aggregate.

57JL-exclusive products are dropped but similar results are found if they are included.
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nificant, driven by the inside retailers where prices increase by around 1.1%.58 Given the

potential for SUTVA violation (which would act to attenuate the results), this specifica-

tion is not presented as a benchmark but rather as further evidence of the robustness of

the main conclusions.

8 Concluding Remarks

The evidence from the withdrawal of a long-standing price match guarantee at a major

UK retailer provides compelling support that such guarantees can have pro-competitive

effects. Exploiting detailed product-level data spanning thousands of items over an ex-

tended period, I find that the removal of the PMG led to statistically and economically

significant price increases amongst directly affected competitors, whilst prices at the focal

retailer (John Lewis) and at an unaffected competitor (Amazon) remained unchanged.

On average, prices at competing retailers rose by approximately 2.4% following the re-

moval of the PMG, with the effects strengthening over time. Two months after the policy

change, the estimated increase amongst directly affected competitors reached 2.9%.

These findings stand in contrast to much of the existing theoretical literature, which

typically predicts that PMGs soften competition and raise market prices. Instead, the

results indicate that the John Lewis PMG exerted a pro-competitive influence, constrain-

ing rivals’ prices during its operation. Simple counterfactual calculations imply that UK

consumers collectively saved at least £7.9 million in the 2021–22 financial year as a conse-

quence of these effects.59 The evidence therefore suggests that concerns regarding poten-

tial consumer harm from such guarantees may be overstated, and that the presumption

that PMGs are anti-competitive should not be applied universally.

I provide evidence that the results are consistent with a signalling mechanism. Specifi-

cally, the removal of the PMG conveyed to both consumers and competitors that John

Lewis would no longer compete aggressively on price. Such a signal could have reduced

consumer search intensity, if consumers expected higher prices at John Lewis, even absent

actual price increases, thereby enabling rivals to raise their prices in response. Separately,

insider firms may have perceived the PMG removal as a signal that John Lewis would

compete less fiercely on price.

In support of this mechanism, I find evidence that the treatment effect is stronger for

58These results are primarily driven by the treatment response at AO, where prices rose by around
1.7%. The only other statistically significant responses were from Dunelm, Tesco (both had negative
coefficients), TradePoint and Wickes (both had positive coefficients). The reader is reminded that these
4 retailers have a very limited representation in the sample.

59See footnote 43.
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products with lower search intensity / higher search costs (as proxied by within-product-

category pre-treatment price levels, and pre-treatment within-product price dispersion).

I also find that the treatment effect is stronger on products where the PMG was more

active. This supports the mechanism that competing retailers perceive the PMG removal

as a signal of less price competition precisely on those products where JL was previously

competing the strongest. Furthermore, the replacement JL CEO, Peter Ruis, provides

direct evidence that consumers had interpreted the PMG removal as a signal of rising

prices at the focal retailer.

Future research should seek to develop empirically estimable structural models of price

match guarantees in order to more precisely identify the underlying mechanisms through

which they influence firms’ pricing strategies and market outcomes.
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A Annex

A.1 Never Knowingly Undersold pledge Terms-and-Conditions

Screenshots on the John Lewis website terms and condition page were taken on 4th April

2022. The terms and conditions are outlined below.

Are you removing your Never Knowingly Undersold Policy?

Yes, we’re retiring our Never Knowingly Undersold policy this summer.

John Lewis is the brand you can trust for Quality & Value. Our Never Knowingly Undersold

pledge has given customers reassurance for nearly a century.

However, Never Knowingly Undersold is no longer enough to assure trust because it applies to

fewer and fewer sales as shopping moves increasingly online, and isn’t applicable to online-only

retailers. So, we’re replacing it with a new approach, which all of our customers can trust

because it applies to however and wherever you shop – in store or online.

We have pledged a £500 million investment so that we can bring you John Lewis quality at

great value prices. That’s 25% more than we invested in prices last year.

Retiring Never Knowingly Undersold in favour of everyday Quality & Value means that all John

Lewis customers will benefit from great prices every day – without having to shop around. We

will more proactively lead on great value, rather than reacting to other retailers’ price changes.

The £500m investment in value is 25% higher than the amount we spent on keeping prices

affordable last year.

Our founding philosophy of treating customers fairly remains. Shoppers can be reassured that

we’ll continue to monitor other retailers’ prices – especially on products that matter most to

them – from mattresses to microwaves and TVs to toys – regardless of whether they’re buying

online or in store. We will contact customers in the summer to confirm the exact date of policy

removal – until then our policy remains unchanged and in place.

How do we set fair prices for our own brand products?

We’re proud of all the products we sell under the John Lewis & Partners name, because each

one is developed to bring you the best quality and value. And to ensure we offer the most

competitive prices, we regularly benchmark all these products against others in the market.

How do we ensure prices set for branded products are always
competitive?

Our dedicated price-monitoring team proactively checks the prices of branded products at our
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national high street competitors, including online and during sales.

If we find that they are selling the same individual product, sold with the same service condi-

tions, at a lower price, we’ll meet that price in our shops and at johnlewis.com. So we don’t

expect you to find a lower price elsewhere. But if you do, you can easily make a price match

request.

We apply the same national price to products in our shops and online. But if a local high street

competitor within eight miles of one of our shops has a lower price, we may drop our price even

further in that shop to meet that of the competitor.

How do we compare prices?

First, we need to be sure that the product is available through a high street competitor which

has a national presence, rather than, for example, an online-only company. You can find out

more about what we mean by high street competitors in the ‘small print’ section.

Our team also needs to be satisfied that the product is the same make, model, size and colour,

and comes with the same conditions of sale, delivery times and service conditions we offer. To

find out how we compare products and services, please see the ‘small print’ section.

What if you do find a lower price elsewhere?

If you do find the same product for sale at a lower price at a UK mainland high street competitor,

either in store or online, and sold with the same service conditions, you can make a price match

request. It’s really easy – just let us know in one of the following ways:

• Make a claim using this form

• Talk to a Partner in one of our shops

• Call our Customer Services team on 03456 049 049 (UK) and +44 (0) 1698 54 54 54

(from abroad)

The Small Print

What do we mean by a high street competitor?

Our high street competitors trade on the same basis as us. They have multiple premises on high

streets or comparable shopping destinations, nationwide, which are freely open to the public on

the UK mainland. They stock a reasonable range of goods for customers to buy and take away,

with clearly displayed prices. Their websites trade under the same brand and on the same basis

as their high street shops.

Businesses that trade on a different basis to John Lewis & Partners are not deemed comparable

high street competitors. These include: outlets that operate only on the internet or through mail
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order, showrooms attached to internet-only companies, pop-up or temporary shops, collection

points, auction sites, factory outlets, membership clubs, duty-free shops, market stalls or home

shopping channels.

We also don’t match competitors who are in administration or closing down.

Which prices do we match?

The competitor’s prices need to be publicly available to all customers. For us to verify these

prices, they need to be displayed in the competitor’s own shop or on their website, or be the

first price quoted to our price monitoring team over the telephone. The price must apply to a

new, identical individual product – that’s the same make, model, size and colour.

We’re happy to consider an individual price match for a competitor which is further than 8

miles from one of our shops. Should we agree to your request, if they don’t have a nationwide

presence, we’re unlikely to adjust our national or local selling price.

What if a competitor is offering a bundle of products?

We will match on a case-by-case basis the total price for the bundle of products, if the price of

the bundle is publicly available to all customers and the products in the competitor’s bundle

are identical to products we sell, including any free items. If bundled products offered at a

promotional rate by a competitor can also be bought individually at full price, we will generally

not lower our price for the bundle itself in store or online.

How do we compare service conditions?

We always aim to offer you the best possible service, so we have a range of delivery options,

as well as fitting and installation services if you require them. Our price-monitoring team look

carefully at how the competitor sells the product, to ensure that it’s comparable to our offer in

the following ways:

Stock availability: We carry a wide range of products, and for us to match the price, our

competitor must have the product in stock (rather than available only to order). For products

that we deliver, we ask that the competitor is able to deliver in equivalent timescales to us.

Delivery or Click & Collect charges: For products that require delivery or are available

for Click & Collect only, we will take any associated charges into account when comparing the

total price you will pay.

Fitting or installation services: We carefully select our fitting and installation providers

to ensure that they match the quality of the products we sell. We will consider lowering the

combined price of the product and the service, but only if a competitor’s installation service is

comparable in terms of quality. We compare things like the scope of the work, the quality of

the materials used, the timescale for completing the work and the accreditation of the fitters.
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What about promotions?

Wematch price-based promotions given at the point of purchase, but we don’t consider service or

reward-based promotions, such as trade-ins, cashbacks, extended warranties or express delivery.

If a competitor is running a very short-term promotion, we may not have a chance to lower our

price, but we’ll still consider refunding you the difference.

What about temporary or exclusive discounts?

We do consider temporarily discounted prices, including any publicly-available voucher codes

that are published alongside the product at the point of purchase, or on the competitor’s

website. We don’t consider special prices that are only available to certain customers – for

instance negotiated prices or prices for groups such as account holders, reward card or club

members. We don’t consider prices that are only available through third-party websites, or

with voucher codes issued to individual customers or groups.

What about special and export orders?

We will consider matching the price on special order lines that aren’t part of our normal stocked

range. We’ll also consider matching prices for orders destined for overseas export placed using

our specialist export services. But we reserve the right to refuse to match prices on all such

orders where it would be uneconomical for us to do so. We’ll let you know if we’re able to match

a price at the point of confirming your order, as after this point we are unable to consider further

price match requests.

What about products in our foodhalls?

Our Foodhalls are stocked by Waitrose & Partners, so products in our Foodhalls are not covered

by John Lewis & Partners pricing policy.

What about third-party in-store concessions?

Our third-party concessions, such as Kuoni, are operated by the third party, not John Lewis &

Partners, so products and services in them are not covered by our pricing policy.

What about beauty consultations or spa treatments?

We will match the price for identical individual products sold with the same service conditions

as set out above. But due to the individual nature of the treatments and services we offer, we

do not consider matching the prices of these.
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A.2 Supplementary Data and Descriptive Statistics

Table 7: Number of pricing observations and unique (sampled) products at each retailer

Retailer Number of Observations Number of Unique Products

Amazon 332,166 (63%) 1,209 (66%)

AO 263,387 (50%) 905 (50%)

Argos 135,197 (26%) 438 (24%)

Boots 6,941 (1%) 21 (1%)

Currys 154,018 (29%) 524 (29%)

Dunelm 655 (0%) 2 (0%)

Homebase 15,946 (3%) 52 (3%)

Hughes 45,698 (9%) 167 (9%)

John Lewis 523,587 (100%) 1,820 (100%)

Tesco 255 (0%) 1 (0%)

TradePoint60 16,429 (3%) 49 (3%)

Wickes 16,169 (3%) 47 (3%)

Note: the number of unique products requires only that at least one price was observed over the sample.
The percentage of observations/products at a given retailer relative to the total number at John Lewis
is shown in brackets, demonstrating which retailers can be considered near competitors.

60Note that TradePoint is owned by B&Q (which could not guarantee the same online price as instore).
There were only 23 instances where B&Q and TradePoint both sold the same product and didn’t have
the same price (out of 9,767 joint observations). However, there were 9,140 instances where they didn’t
sell the same product at the same time.

39



Table 8: Differences in product sub-sub categories between treatment control groups

Product Sub-Sub Category Non-JL-only sample JL-only sample

Air Conditioners 0.15% 0.82%
Air Purifiers 1.17% 0.54%

American Fridge-Freezers 3.60% 1.09%
Bread Makers 0.29% 0.00%
Built-in Ovens 4.81% 4.16%
Camcorders 0.29% 0.00%

Camera Lenses 4.63% 5.17%
Cameras 6.98% 3.54%

Coffee Machines 3.76% 6.52%
Condenser Tumble Dryers 0.73% 0.00%

Cookers 8.32% 17.48%
Dehumidifiers 0.22% 0.82%
Dishwashers 3.38% 4.38%
Electric Hobs 7.12% 14.14%

Fans 0.15% 4.62%
Freestanding Washer Dryers 1.54% 1.14%

Freestanding Washing Machines 3.40% 2.50%
Grills 0.95% 0.00%

Heat Pump Tumble Dryer 1.57% 2.45%
Heaters 0.15% 1.90%

Humidifiers 0.07% 0.00%
Integrated Freezers 0.29% 0.54%
Integrated Fridges 0.51% 0.54%

Integrated Washer Dryers 0.44% 0.27%
Integrated Washing Machines 0.73% 0.00%

Kettles 2.50% 1.36%
Landline Phones 1.47% 0.82%

Laptops and Macbooks 1.41% 0.00%
Men’s Clippers, Hair Trimmers & Groomers 0.66% 0.00%

Microwaves 3.27% 1.90%
Mobile Phones 0.74% 0.00%

Shirt and Trouser Presses 0.37% 0.00%
Smart Home Security 5.37% 8.16%

Smart Lighting 2.21% 3.26%
Smart Speakers 1.84% 0.54%
Smart Wearables 4.44% 3.53%
Soup Makers 0.29% 0.00%

Standard Fridge Freezers 4.95% 3.34%
Steam Irons 2.86% 1.42%

Steam Irons, Steam Generators and Brushes 0.29% 0.00%
Tablets 0.60% 0.00%
Toasters 2.22% 1.63%

Upright Freezers 1.19% 0.82%
Upright Fridges 1.41% 0.60%

Vacuums 6.64% 0.00%
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A.3 Supplementary Results

Figure 5: Dynamic difference-in-difference estimation of log price at individual retailers
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Figure 5 (continued)
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Figure 5 (continued)
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Figure 5 (continued)
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Note: daily frequency, the vertical grey line on 22nd August shows the date the day before treatment.
Vertical lines around coefficient estimates are confidence intervals at the 5% level of significance.
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Table 10: Heterogeneity for Average Product-Level Quality

Rounded Integer Quality Value Treatment Effect

1 0.017

(0.018)

2 0.027

(0.029)

3 0.014

(0.013)

4 0.020***

(0.007)

5 0.007

(0.006)

Product FE Yes

Date FE Yes

Retailer FE Yes

Observations 1,378,863

Adjusted R2 0.986

Note: Table estimates the treatment effects for each level of rounded integer average quality level by
taking the interaction between Treatment∗Postt ∗QualityNumberi. The lower number of observations
reflects a small number of missing values for product quality. The dependent variable is the logarithm
of prices for product i, at time t. Robust standard errors are shown in parentheses below the coefficients
and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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A.4 Robustness Results

Table 11: Impact of Removal of PMG on Prices, sample includes all 18 retailers

(1) Aggregate (2) Insiders vs
Outsider

(3) Retailers

Aggregate 0.018** – –

(0.008)

Focal Retailer – 0.013 –

(0.008)

inside retailers – 0.023*** –

(0.008)

Outside Retailer – 0.013 –

(0.008)

AO – – 0.030***

(0.008)

Amazon – – 0.013

(0.008)

Argos – – 0.014

(0.009)

B&Q – – 0.054***

(0.015)

Boots – – -0.021

(0.027)

Costco – – -0.010

(0.014)

Currys – – 0.019**

(0.009)

Decathlon – – -0.083***

(0.032)

Dunelm – – -0.006

(0.008)

Homebase – – 0.001

(0.015)

House of Fraser – – -0.007

(0.008)

Hughes – – 0.026**

(0.011)

John Lewis – – 0.013

(0.008)

(continued on next page)
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(continued from previous page)

(1) Aggregate (2) Insiders vs
Outsider

(3) Retailers

RicherSounds – – 0.002

(0.020)

Robert Dyas – – -0.038**

(0.016)

Tesco – – -0.009

(0.008)

TradePoint – – 0.054***

(0.012)

Travis Perkins – – 0.052***

(0.011)

Wickes – – 0.068***

(0.012)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,530,610 1,530,610 1,530,610

Adjusted R2 0.987 0.987 0.987

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)

relative to the control group (John Lewis exclusive products). The dependent variable is the logarithm

of prices for product i, at retailer r, at time t. Robust standard errors are shown in parentheses below

the coefficients and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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Table 12: Impact of Removal of PMG on Prices, sample restricted to products with sub-sub categories
contained in both treatment and control groups

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.019** – –

(0.008)

Focal Retailer – 0.012 –

(0.008)

inside retailers – 0.026*** –

(0.008)

Outside Retailer – 0.012 –

(0.009)

AO – – 0.033***

(0.008)

Amazon – – 0.012

(0.009)

Argos – – 0.012

(0.010)

Boots – – -0.026

(0.042)

Currys – – 0.018**

(0.009)

Dunelm – – -0.006

(0.008)

Homebase – – 0.021

(0.013)

Hughes – – 0.028**

(0.011)

John Lewis – – 0.012

(0.008)

Tesco – – -0.009

(0.008)

TradePoint – – 0.055***

(0.012)

Wickes – – 0.067***

(0.012)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,280,418 1,280,418 1,280,418

Adjusted R2 0.988 0.988 0.988

Note: Table shows difference-in-difference estimator for treatment effect relative to the control group (John Lewis exclusive
products). Dependent variable is logarithm of prices for product i, at retailer r, at time t. The sample has been restricted
to include only products which have a sub-sub category present in both treatment and control groups. Robust standard
errors shown in parentheses below coefficients and clustered at product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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Table 13: Sample only includes retailer-product pairs observed in both the pre- and post-sample

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.018** – –

(0.008)

Focal Retailer – 0.014* –

(0.008)

inside retailers – 0.025*** –

(0.008)

Outside Retailer – 0.012 –

(0.008)

AO – – 0.031***

(0.008)

Amazon – – 0.012

(0.008)

Argos – – 0.014

(0.009)

Boots – – -0.021

(0.027)

Currys – – 0.019**

(0.009)

Dunelm – – -0.006

(0.008)

Homebase – – 0.003

(0.015)

Hughes – – 0.027**

(0.011)

John Lewis – – 0.014*

(0.008)

Tesco – – -0.009

(0.008)

TradePoint – – 0.053***

(0.012)

Wickes – – 0.069***

(0.012)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,475,595 1,475,595 1,475,595

Adjusted R2 0.987 0.987 0.987

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (John Lewis exclusive products). The dependent variable is the logarithm of
prices for product i, at retailer r, at time t. The sample has been restricted to only include products that
are observed in the sample in both pre- and post-treatment periods. Robust standard errors are shown in
parentheses below the coefficients and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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Table 14: Sample only includes products sold at John Lewis on the final day of the sample

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.021** – –

(0.010)

Focal Retailer – 0.017* –

(0.010)

inside retailers – 0.026*** –

(0.010)

Outside Retailer – 0.013 –

(0.010)

AO – – 0.030***

(0.010)

Amazon – – 0.013

(0.010)

Argos – – 0.012

(0.011)

Boots – – -0.045*

(0.025)

Currys – – 0.025**

(0.010)

Dunelm – – -0.009

(0.009)

Homebase – – 0.028**

(0.014)

Hughes – – 0.033***

(0.012)

John Lewis – – 0.017*

(0.010)

Tesco – – –

TradePoint – – 0.055***

(0.013)

Wickes – – 0.071***

(0.013 )

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,133,207 1,133,207 1,133,207

Adjusted R2 0.988 0.988 0.988

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (John Lewis exclusive products). The sample has been restricted to only
include products that are sold at John Lewis until the final date of observation. Tesco does not contain
a product sold until the end of the sample. The dependent variable is the logarithm of prices for product
i, at retailer r, at time t. Robust standard errors are shown in parentheses below the coefficients and
are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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Table 15: Impact of Removal of PMG on Prices, retailer-product level clustering

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.018** – –

(0.008)

Focal Retailer – 0.013 –

(0.008)

Inside Retailers – 0.024*** –

(0.008)

Outside Retailer – 0.013 –

(0.008)

AO – – 0.030***

(0.008)

Amazon – – 0.013

(0.008)

Argos – – 0.014

(0.009)

Boots – – -0.021

(0.026)

Currys – – 0.019**

(0.009)

Dunelm – – -0.006

(0.008)

Homebase – – 0.0005

(0.014)

Hughes – – 0.026**

(0.011)

John Lewis – – 0.013

(0.008)

Tesco – – -0.009

(0.008)

TradePoint – – 0.054***

(0.012)

Wickes – – 0.068***

(0.012)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,486,038 1,486,038 1,486,038

Adjusted R2 0.987 0.987 0.987

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (John Lewis exclusive products). The dependent variable is the logarithm
of prices for product i, at retailer r, at time t. Robust standard errors are shown in parentheses below
the coefficients and are clustered at the retailer-product-level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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Table 16: Sample only includes Amazon, AO, Argos, Currys, and John Lewis

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.017** – –

(0.008)

Focal Retailer – 0.013 –

(0.008)

Inside Retailers – 0.023*** –

(0.008)

Outside Retailer – 0.013 –

(0.008)

AO – – 0.030***

(0.008)

Amazon – – 0.013

(0.008)

Argos – – 0.015

(0.009)

Boots – – –

Currys – – 0.018**

(0.009)

Dunelm – – –

Homebase – – –

Hughes – – –

John Lewis – – 0.013

(0.008)

Tesco – – –

TradePoint – – –

Wickes – – –

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,385,051 1,385,051 1,385,051

Adjusted R2 0.987 0.987 0.987

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (John Lewis exclusive products). The dependent variable is the logarithm
of prices for product i, at retailer r, at time t. The sample has been restricted to only include products
sold at Amazon, AO, Argos, Currys, and John Lewis. Robust standard errors are shown in parentheses
below the coefficients and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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Table 17: Sample cut on 27th February 2023 when CEO departs

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.018** – –

(0.007)

Focal Retailer – 0.012 –

(0.007)

Inside Retailers – 0.024*** –

(0.007)

Outside Retailer – 0.015* –

(0.008)

AO – – 0.030***

(0.007)

Amazon – – 0.015*

(0.008)

Argos – – 0.015*

(0.009)

Boots – – -0.022

(0.028)

Currys – – 0.019**

(0.008)

Dunelm – – -0.002

(0.007)

Homebase – – 0.002

(0.015)

Hughes – – 0.027**

(0.010)

John Lewis – – 0.012

(0.007)

Tesco – – -0.005

(0.007)

TradePoint – – 0.053***

(0.011)

Wickes – – 0.058***

(0.011)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,272,616 1,272,616 1,272,616

Adjusted R2 0.987 0.987 0.987

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (John Lewis exclusive products). The dependent variable is the logarithm
of prices for product i, at retailer r, at time t. The sample has been restricted and is cut off after 27th
February 2023 (the date of JL CEO’s departure). Robust standard errors are shown in parentheses below
the coefficients and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.
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Table 18: Impact of Removal of PMG on Prices, disaggregated counterfactual (national brands only)

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.016* – –

(0.009)

Focal Retailer – 0.011 –

(0.010)

Inside Retailers – 0.022** –

(0.009)

Outside Retailer – 0.011 –

(0.010)

AO – – 0.028***

(0.010)

Amazon – – 0.011

(0.010)

Argos – – 0.012

(0.011)

Boots – – -0.023

(0.027)

Currys – – 0.016*

(0.010)

Dunelm – – -0.008

(0.009)

Homebase – – -0.002

(0.016)

Hughes – – 0.024**

(0.012)

John Lewis – – 0.011

(0.010)

Tesco – – -0.012

(0.009)

TradePoint – – 0.051***

(0.013)

Wickes – – 0.066***

(0.013)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,467,458 1,467,458 1,467,458

Adjusted R2 0.986 0.986 0.986

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (John Lewis exclusive products that are national brands). The dependent
variable is the logarithm of prices for product i, at retailer r, at time t. Robust standard errors are
shown in parentheses below the coefficients and are clustered at the product level: ∗∗∗p < 0.01,∗∗ p <
0.05,∗ p < 0.1.

56



Table 19: Impact of Removal of PMG on Prices, Amazon counterfactual

(1) Aggregate (2) Insiders vs Outsider (3) Retailers

Aggregate 0.006* – –

(0.004)

Focal Retailer – -0.0002 –

(0.004)

Inside Retailers – 0.011*** –

(0.004)

Outside Retailer – – –

AO – – 0.017***

(0.004)

Amazon – – –

Argos – – 0.001

(0.006)

Boots – – -0.034

(0.025)

Currys – – 0.005

(0.004)

Dunelm – – -0.019***

(0.004)

Homebase – – -0.013

(0.014)

Hughes – – 0.013*

(0.008)

John Lewis – – -0.0002

(0.004)

Tesco – – -0.023***

(0.004)

TradePoint – – 0.040***

(0.010)

Wickes – – 0.055***

(0.010)

Product FE Yes Yes Yes

Date FE Yes Yes Yes

Retailer FE Yes Yes Yes

Observations 1,375,879 1,375,879 1,375,879

Adjusted R2 0.986 0.986 0.986

Note: Table shows the difference-in-difference estimator for the treatment effect (removal of PMG)
relative to the control group (Amazon products). John Lewis exclusive products have been dropped.
The dependent variable is the logarithm of prices for product i, at retailer r, at time t. Robust standard
errors are shown in parentheses below the coefficients and are clustered at the product level:
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