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Abstract

We develop a New Keynesian model to analyze how shifts in consumer preferences toward on-
line retailers affect pricing dynamics and inflation. Our framework incorporates goods market
search frictions between retailers and producers, with distinct search efficiencies for online and
brick-and-mortar retailers. Since search incurs costs, retailers pass these costs on to consumers,
creating a wedge between consumer and producer prices. Our analysis identifies two key channels
through which these frictions influence inflation: the composition channel, driven by the real-
location of purchases between retailer types with different search efficiencies, and the arbitrage
channel, reflecting changes in market tightness due to shifting demand. Bayesian estimation
shows that increased consumer preference for online retail lowers CPI inflation by increasing
the share of goods purchased through search-efficient retailers while reducing market tightness
in brick-and-mortar retail, thereby narrowing the price wedge.
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1 Introduction

COVID-19 shocks affected price dynamics in various ways1 One important but underexplored chan-

nel is demand reallocation. Ferrante, Graves, and Iacoviello (2024) observed that consumer spend-

ing patterns shifted from services to goods during COVID-19. The paper argues that this shift

shaped post-pandemic price trends through two primary channels. First, hiring frictions within

goods-producing sectors constrained firms’ ability to expand supply, thereby influencing the speed

of price adjustments. Second, sectoral differences in price rigidity led to asymmetric price move-

ments, with goods prices—characterized by greater flexibility—rising more rapidly, while services

prices—typically more rigid—adjusted at a slower pace. The study estimates that demand reallo-

cation contributed approximately 3.5 percentage points to overall U.S. inflation, underscoring its

significant impact on post-pandemic price dynamics.

Beyond the shift in demand from services to goods, there has also been a significant movement from

brick-and-mortar stores to online retailers2. During the COVID-19 pandemic, many consumers

shifted to online shopping because of health concerns and mobility restrictions. Lockdowns and

social distancing measures limited access to physical stores, making online retail a safer and more

convenient option. In addition, online platforms offered a wide range of products with home delivery,

reducing the need for in-person interactions. As a result, online retail sales surged. However, after

restrictions were lifted and physical stores reopened, some consumers returned to in-store shopping,

suggesting that part of the shift to online retail was temporary (Figure 1). Cross-country evidence

also confirm this trend as we find that the increase in online retail sales share between 2019 and

2020 is associated with the extent to which CPI inflation between 2019 and 2020 decelerated from

between 2018 and 2019 (Figure 2)

Motivated by this observation, we develop economic framework to examine how short-term prefer-

ence shocks towards online versus brick-and-mortar retail impact inflation dynamics. We construct

a New Keynesian dynamic stochastic general equilibrium (DSGE) model incorporating frictional

goods markets. Our model features product market search and matching frictions influencing con-

sumer price inflation. We introduce two distinct retailer types - online and brick-and-mortar - each

with different search efficiencies in the product market. This distinction explicitly captures the

1During the COVID-19 pandemic, the inflation dynamics are influenced by supply chain disruptions, negative
demand shocks, and labour market tightness. Baqaee and Farhi (2021) show that supply shocks—like lockdowns
and worker shortages—drove prices up sharply, while demand shocks had a weaker, deflationary effect. These forces
interacted, amplifying supply-driven inflation and limiting the impact of stimulus. Harding et al. (2023) developed
a nonlinear Phillips curve to explain US inflationary pressure. The paper explains that shocks had a stronger
impact when inflation was high, making monetary policy trade-offs more severe. Cost-push shocks propagated more
forcefully, amplifying inflation beyond what standard models predicted, forcing tighter monetary policy with greater
output losses. Ball et al. (2022) add that labour shortages kept inflation high, as job openings remained elevated and
wage inflationary pressures continued. The paper argues that bringing inflation back to normal would take a bigger
rise in unemployment than policymakers had expected.

2Over the past 15 years, online retail platforms such as Alibaba, Amazon Marketplace, and eBay have grown
rapidly. These platforms facilitate digital search and matching between buyers and sellers through various interfaces.
The share of online retail sales in the UK has increased from less than 10% in 2010 to nearly 30% by 2023, underscoring
the transformative impact of e-commerce on the retail landscape.
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Figure 1: Year-over-year change in the online retail sales share and the year-over-year CPI inflation
in the UK

shift in consumer preferences toward online retailers. The model employs a matching function to

govern the process between retailers and producers, where retailers exert search efforts to acquire

product varieties. Product market tightness, defined as the ratio of efficiency-adjusted matching ef-

forts to the number of producers, emerges as a key variable. Increasing market tightness facilitates

producers’ ability to sell varieties while forcing retailers to put more effort into searching. This

mechanism modulates the wedge between consumer and producer prices, consequently influencing

consumer price inflation. We utilise the demand shifts observed during the COVID-19 pandemic

to analyze how shocks to online retail sales share affect pricing dynamics and the New Keyne-

sian Phillips Curve relationship between inflation and economic activity. We estimate the model,

utilising the temporal demand relocation from brick-and-mortar stores to online retailers during

COVID-19 pandemic as a natural experiment.

Our model identifies two primary channels through which shifts in online retail sales share affect

inflation dynamics. The composition channel stems from differences in search efficiency between

online and brick-and-mortar retailers. Shifts in consumer preference towards online retail sales alter

the overall market composition, affecting the weights assigned to each retailer type in calculating

the wedge between consumer and producer prices. The arbitrage channel reflects how changes in

consumer preferences affect search and matching conditions in both online and brick-and-mortar

markets. Specifically, shifts in consumer preferences change product market tightness in each mar-
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Figure 2: Year-over-year change in the online retail sales share between 2019 and 2020 versus the
change in the year-over-year CPI inflation between 2019 and 2020 from between 2020 and 2021

ket in opposite ways, leading to adjustments in the wedge between consumer and producer prices.

Increased demand for online markets intensifies search efforts from online retailers, tightening this

market and prompting higher online search costs. Conversely, reduced demand for brick-and-mortar

loosens product market tightness in the brick-and-mortar stores retail sector. These channels oper-

ate simultaneously but can have opposing effects on inflation. The net effect on inflation depends

on the relative strengths of these channels.

After calibrating the steady-state and conducting Bayesian estimation of our model, our findings

indicate that shifts in consumer preferences towards online retailers contribute to reduced CPI

inflation. Results suggest that the two channels have reinforcing effects on CPI inflation. The

composition channel shows that consumer preference shifting towards online retail sales leads to

lower inflation, implying greater search efficiency and a lower wedge between consumer and producer

prices in online retail. Meanwhile, the arbitrage channel loosens good market tightness for brick-

and-mortar retailers, allowing them to exert lower search efforts and charge a smaller wedge between

consumer and producer prices.
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Literature Review

Our paper builds upon and extends the growing literature emphasizing the importance of product

market frictions and customer relationships in understanding firm dynamics and macroeconomic

outcomes. Two key contributions in this area are Gourio and Rudanko (2014) and Petrosky-Nadeau

et al. (2016). Gourio and Rudanko (2014) develop a search-theoretic model of firm dynamics with

frictional product markets, demonstrating how long-term customer relationships act as a form of

intangible capital that affects firm behaviour. The model shows that search and matching frictions,

along with convex acquisition costs, prevent firms from rapidly expanding their customer base after

a positive productivity shock. This delay in acquisition causes investment to rise gradually. As

the customer base expands, investment continues to increase, peaking when production capacity

constraints become binding. Eventually, as the firm reaches a new equilibrium, investment tapers

off. As a result, responses of investment and other macroeconomic variables to shocks become hump-

shaped. Petrosky-Nadeau et al. (2016) focus on consumer search behavior in the goods market,

using data from the American Time Use Survey to document procyclical patterns in shopping

time. They find that aggregate time spent shopping declined during the Great Recession, with the

largest drops observed among unemployed individuals. Their analysis reveals a positive correlation

between shopping time and state-level GDP changes, as well as a positive association between

personal and household income and time spent shopping. Our paper draws rationality from these

studies by incorporating their insights on the importance of product market frictions and consumer

search behavior.

Second, our work extends the research of Bilbiie et al. (2008, 2014) on firm dynamics in New

Keynesian models. Bilbiie et al. (2008) introduces endogenous firm entry into a New Keynesian

DSGE framework, creating a transmission mechanism where monetary policy influences business

cycles through firm dynamics and markups. A monetary expansion raises firm’s value, encouraging

entry and increasing competition. This lowers markups which contrasts with standard models

where markups rise in expansions. This resolves a key empirical challenge in the New-Keynesian

model. Thus, the paper draws a New Keynesian Phillips curve incorporating the number of firms

as a key variable affecting inflation dynamics and monetary policy transmission. Building on this,

Bilbiie et al. (2014) derived optimal monetary policy in this framework.

Our research is closely related to Dong et al. (2021), who developed a New Keynesian DSGE model

to explore the relationship between product life cycles and staggered pricing in the retail industry.

The paper incorporates endogenous product entry by integrating the entry new retailers into the

frictional goods markets. It demonstrates how demand shocks affect the entry new retailers, the

total number of retailers, and the tightness of the frictional goods markets. The level of market

tightness then influences the proportion of products undergoing price adjustments. In essence, the

model endogenises Calvo’s parameter, directly linking product dynamics to price inflation. While

our paper shares the same mechanism for adjusting to demand shocks, it diverges by focusing on

the shift in consumer preferences towards online retailers, who are more efficient in matching supply
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with demand than traditional brick-and-mortar retailers. Our primary contribution is to explore

how this shift impacts the pass-through from producer prices to consumer price inflation and the

monetary transmission.

The paper is structured as follows: Section 2 properly examine the effects of an increase in the

share of online retail sales. Section 3 introduces our NK-DSGE model with endogenous product

entry and frictional goods markets. Section 4 examines modifications to the New Keynesian Phillips

Curve due to these market frictions. Section 5 details our calibration and estimation strategies,

respectively, alongside simulation results. The paper concludes in Section 6, summarising our key

findings and implications.

2 The correlation between CPI and online sales growth

This section examines the impact of rising online retail sales on consumer price inflation using

local projection (LP) and instrumental variable local projection (LP-IV) methods. We examine the

impulse response of consumer price inflation to an increase in the share of online retail sales.

There are two primary considerations. First, the empirical results are relevant only if consumer

price measurement incorporates data from brick-and-mortar and online retailers. According to the

Consumer Prices Indices Technical Manual (2019), the Office for National Statistics (ONS) collects

online prices through mail-order catalogues from retailers with national pricing policies, including

online retailers. The second key consideration is that the Consumer Price Index (CPI) should

reflect shifts in consumer preferences toward online retailers. As noted by the ONS, outsourced

price collectors could not visit physical stores during the pandemic, prompting the office to place

greater emphasis on online price collection. Consequently, price collection during COVID-19 has

partially accounted for these preference shifts. Since this adjustment is unlikely to fully capture the

extent of consumers’ shift toward online retailers, our estimation can be considered conservative.

To conduct this analysis, we employ the local projection method (LP) introduced by (Jordà, 2005)3.

LP allows us to characterize the path of the cumulative response of CPI inflation (CPI) to a

percentage change in the share of online retail sales to total retail sales (ONLINE). The cumulative

response function can be expressed as:

CR(∆hCPIt+h, δ) =Et
(
∆hCPIt+h|ONLINEt = ONLINE + δ;Xt, Xt−1, ...

)
− Et

(
∆hCPIt+h|ONLINEt = ONLINE;Xt, Xt−1, ...

)
(1)

3The LP method directly estimates how a targeted variable responds to shocks over time. This approach uses
simple regressions for each time period, making it easier to estimate and understand than VAR models, which require
a lot of parameter estimation and matrix manipulation. Also, the LP method does not need a fully specified model
of the whole dynamic system, so it’s less likely to have errors from incorrect model specifications. This makes the LP
method’s estimates of impulse responses more reliable when studying complex relationships between variables.
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Here, CR(∆hCPIt+h, δ) represents the average cumulative response of CPI inflation given a size

δ change in the percentage change of the online retail sales share. The path of CPI inflation is

conditional on Xt, Xt−1, ..., which encompasses the history of CPI inflation, PPI inflation, and the

percent change in the share of online retail sales, accounting for the persistent effects of changes

in PPI inflation or the share of online retail sales. Our dataset consists of monthly observations

spanning from the first quarter of 2013 to the fourth quarter of 2022, comprising 144 data points4.

The top panel of Figure 3 reports results from OLS estimation, controlling for CPI inflation, PPI

inflation, and the share of online retail sales in the previous lags (1, 3, 6). The results suggest

that the cumulative response of the CPI inflation rate to a one percent increase in the share of

online retail sales is consistently negative for 12 consecutive months, attaining statistical significance

within the 90% confidence interval. Throughout a 12-month period, the cumulative response in

the UK peaks after 9 months at around -0.15%. The response is robust to the number of lags that

capture the history of CPI inflation, PPI inflation, and the share of online retail sales, as our results

remain significant at the 10% level in the first 12 months for all lag specifications.

Figure 3: Response of CPI inflation to an increase in the share of online retail sales

It is crucial to note that share of online retail sales is influenced by a myriad of factors that

could simultaneously affect CPI inflation, presenting identification problems. To identify the shock

to consumer preferences towards online retail sales, we conduct an instrumental variable local

projection (LP-IV) estimation, using the number of deaths due to the COVID-19 pandemic as an

instrument for the percentage change in the share of online retail sales. The number of COVID-19

4Please refer to Appendix A for the description of the dataset.
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deaths is considered exogenous, as it influences preferences towards online shopping while not being

directly subject to CPI inflation. The LP-IV results, reported in the bottom panel of Figure 3,

confirm the causal response of CPI inflation to an increase in the share of online retail sales. We find

similar point estimates of the impulse responses for every specification, and the results are more

significant, with the response being statistically significant at the 90% level for up to 18 months.

These findings confirm that shocks to consumer preferences for online retail markets have negative

and significant effects on CPI inflation, supporting the relevance of search frictions in retail markets

in determining price dynamics.

3 Model

In this section we develop a dynamic stochastic general equilibrium model (DSGE) that features

search and matching functions in good markets to capture the consequences of structural shifts in

demand from brick-and-mortar to online shopping. We build our model upon Bilbiie, Ghironi, and

Melitz (2008), the pioneer work that introduces endogenous linkages between the entry heteroge-

neous firms and monopolistic competition in a DSGE model with sticky prices. We develop good

market search and matching friction from Michaillat and Saez (2015).

3.1 Demand for retail goods

The novel feature of our model relative to Bilbiie, Ghironi, and Melitz (2008) is the introduction

of retailing and good market search and matching frictions. The model economy consists of a

continuum of atomistic households, each identical. We denominate all contracts and prices in

nominal terms. At time t, household consumes final goods offered by two types of retailers: online

retailers (O) and brick-and-mortar (indexed by B). The basket of goods is thus defined as

Ct =

(
CO,t
αt

)αt ( CB,t
1− αt

)1−αt
,

where αt is the expenditure share of retail goods from online retailers. We assume that αt = αeε
α
t

which we assume to be exogenous and follow an AR(1) process in percent deviation from its steady-

state level with an i.i.d. normal error term, η: εαt = ραε
α
t−1 + σαηt. Let Pj,t denote the price of

retail goods offered by a retailer of type j ∈ {O,B} at time t. The consumption-based price index

of the final goods is then

Pt = PαtO,tP
1−αt
B,t , (2)

and the household’s demand for retail goods from each retailer is

CO,t = αt
PtCt
PO,t

and CB,t = (1− αt)
PtCt
PB,t

.
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We can express the consumption-based price index of the final goods as and household’s demand

for retail goods in real terms relative to the consumer price index as

1 = ραtO,tρ
1−αt
B,t , (3)

where ρO,t = PO,t/Pt and ρB,t = PB,t/Pt, respectively. Furthermore, we derive the representative

household’s optimal demand for retail goods as a function of real retail price as

CO,t =
αtCt
ρO,t

and CB,t =
(1− αt)Ct

ρB,t
, (4)

respectively

3.2 Retailers and good market search and matching

A retailer of type j ∈ {O,B} purchases varieties indexed ω, yt (ω), from a continuum of varieties,

Ω, available in each period. They aggregate varieties into retail goods Yj,t using a CES aggregator

that takes the form

Yj,t = Vj,t

(∫
ωi

yj,t (ω)
σt−1
σt dω

) σt
σt−1

, (5)

where yj,t is the demand of retailer of type j for variety ω and Vj,t ≡ N
ψ− 1

σ−1

j,t in which Nj,t stands

for the number of varieties to which the retailer of type j has access. ψ stands for the marginal

utility resulting from a unit increase in the number of varieties as discussed in Benassy (1996).5

σt > 1 is the stochastic elasticity of substitution between varieties. Importantly, σt determines the

stochastic markup in the goods market. Following Smets and Wouters (2003), we interpret shock

to this parameter as a cost-push shock to the inflation equation: σt = σeε
p
t . Cost-push shock is

exogenous and follows an AR(1) process in percent deviation from its steady-state level with an i.i.d.

normal error term, ηt: ε
p
t = ρpε

p
t−1 + σpηt. We assume that brick-and-mortar and online retailers

have access to the same set of varieties and buy all varieties. It implies that NB,t = NO,t = Nt and

VB,t = VO,t = Vt, respectively. The number of varieties that the retailer purchases is determined by

a matching function. We borrow the matching function specification from den Haan et al. (2000)

which which takes the form

Yj,t =

((
ζjY

Search
j,t

)−λ
+N−λ

t

)−1/λ

(6)

where ζjY
Search
j,t is defined as efficiency-adjusted search efforts. Y Search

j,t is the retail goods that a

retailer of type j pays for matching efforts, where

5If we set ψ = 1
σ−1

, the consumption basket dissolved to the one discussed in Dixit and Stiglitz (1977).
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Y Search
j,t = Yj,t − Y Sales

j,t . (7)

Yj,t and Y
Sales
j,t denote the total output purchased from producers and the output sold to consumers

and the new entrants. Parameter λ governs the elasticity of substitution between matching efforts

and the number of firms. In each period, there are Ht entrant firms who purchase baskets of retail

goods to pay for the sunk entry cost fE . Assume that this basket has the same composition of

retail goods as consumption, demand for retail goods O and B from prospective entrants are

αtHtfE,t
ρO,t

and
(1− αt)HtfE,t

ρB,t

respectively, ζj is the product-market search efficiency. A higher value of ζj implies that a unit

increase in Y Search
j,t contributes more as input to the matching process. translating to a higher chance

of being matched with producers. The parameter λ > 0 governs the elasticity of substitution of

efficiency-adjusted matching efforts and the number of producers.

We define product market tightness Tj,t as the ratio of efficiency-adjusted matching efforts to the

number of producers, that is, Tj,t = ζjY
S
j,t/Nt. The tightness determines the ratio of the total

output firms sell to a retailer j over the number of firms, Pj,t = Yj,t/Nt, and the ratio of the total

output firms sell to a retailer j over an efficiency-adjusted matching effort, Qj,t = Yj,t/
(
ζjY

S
j,t

)
.

We can show that when the product market tightness increases, producers can sell variety more

easily, but it will be harder for retailers to find varieties. Note that we can write a total purchase

of final goods,

Yj,t = Qj,tζjY
S
j,t. (8)

We assume that retailers are identical within each type and operate in perfectly competitive mar-

kets. The retailer of type j maximises the following profit measured in real terms relative to the

consumer price index,

dj,t = ρj,tY
Sales
j,t −

∫
ω
ρt (ω) yj,t (ω) dω

subject to (5), (7), and (8). The first order condition with respect to total retail goods sold by

type-j retailers suggests that real retail prices set by the retailer of type j, are given by

ρj,t =

(
1− 1

Qj,tζj

)−1

︸ ︷︷ ︸
≡Mj,t

ρP,t (9)

where ρP,t is the real aggregate producer price and Mj,t is interpreted as the markup that retailers

j set to cover the cost of search activity, Y Search
j,t , paid in the unit of retail goods. Hereafter, we
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will refer to this markup as the search cost. search cost is positively related to the probability of

the retailer being able to acquire variety. brick-and-mortar and online retailers are different in the

search efficiency parameter. We assume that ζO > ζB online retailers are more efficient in searching

for varieties than brick-and-mortar retailers. Lastly, the first order condition states that the retailer

j’s demand for each variety ω is

yj,t (ω) = V
σt−1

t

(
ρt (ω)

ρP,t

)−σt
Yj,t . (10)

3.3 Firm entry and exit

In each period, there exists an unbounded number of potential entrants, who are forward-looking

and able to accurately forecast their future expected profits, dt (ω) , for every period t. We assume

a one-period time-to-build lag, that is, the entrants at time B commence production at time t+1.

Additionally, they are aware of the probability, δ, of encountering a death shock that necessitates

firm exit at the end of the period, after production and entrants. B calculate their anticipated post-

entry value, represented by the present discounted value of their expected profit stream, vt (ω)
6.

As mentioned above, prior to entry, firms face the sunk entry cost of fE,t units of consumption

goods.7 Entry continues until the anticipated post-entry value matches the cost of entry. It is

stated as the free entry condition,

vt (ω) = fE,t.

Measuring sunk entry cost in units of consumption goods instead of units of effective labour implies

a positive response of firm entry monetary expansion, assuming that a sunk entry cost is constant.8

This feature aligns the model with the empirical findings outlined in Bergin and Corsetti (2005)

and Lewis (2006). A monetary policy shock that reduces the ex ante real interest rate between B

and t + 1 brings about the expansion in consumption demand. Furthermore, since producers do

not pay sunk entry cost in units of effective labour, we rule out the sectoral reallocation of labour

between firm entryd the production of existing producers. As a result, the expansionary monetary

policy shock induces firm entry 9 Finally, the one-period time-to-build lag dictates that the number

of producers during period B follows Nt = (1− δ) (Nt−1 +Ht−1).

6vt (ω) also represents the average value of incumbent firms subsequent to production, as both new entrants and
incumbents face an identical survival probability of 1− δ.

7The change in fE,t can be interpreted as the changes in product market regulation that facilitate or hinder firm
entry.

8This assumption does not imply that the post-entry value of the firms in a data-consistent unit or that in nominal
term is constant.

9If we assume that fE,t = 1, investment in our model behaves closely to the standard RBC model without capital
adjustment cost. To avoid the problem such that the no-arbitrage condition between bonds and shares features only
forward variables, exposing the model to indeterminacy, we must restrict our interest rate rules to current inflation
rather than expected inflation.
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3.4 Producers and producing decision

The setup of the producers is similar to that of the firms in Bilbiie, Ghironi, and Melitz (2008).

The difference lies in that firms in Bilbiie, Ghironi, and Melitz (2008) sell varieties directly to

representative households, whereas our model assumes that producers sell varieties to brick-and-

mortar and online retailers. There is a continuum of monopolistically competitive producers. Each

producer manufactures a variety, ω ∈ Ω. producer ω produces requires labour, lt (ω), to produce the

output yt (ω) = Ztlt (ω) which Zt denotes the aggregate labour productivity which represents the

effectiveness of a unit of labour. Aggregate labour productivity is exogenous and follows Zt = Zeε
Z
t ,

where εZt follows an AR(1) process with an i.i.d. normal error term, η: εZt = ρZε
Z
t−1 + σZηt. The

unit cost of production is wt/Zt, measured in units of consumption goods, where wt = Wt/Pt is

the wage in real terms relative to the consumer price index. We assume no fixed production costs,

thus all firms produce.

A producer ω also faces nominal rigidity in the form of a quadratic price adjustment cost, pact (ω).

The price adjustment cost could be interpreted as the quantity of marketing materials a firm must

purchase when it changes its prices. Mathematically, we specify the price adjustment cost as the

real cost that is incurred when individual price inflation deviates from a steady-state level, which

is equal to 0, and assume the cost is proportional to real revenue from production relative to the

consumer price index:

pact (ω) =
κ

2

(
pt (ω)

pt−1 (ω)
− 1

)2

ρt (ω) yt (ω) , (11)

where pt (ω) is the individual nominal price of the producer ω. For simplicity, we assume that

the price adjustment cost is in units of the composite basket that has the same composition as the

basket of retail goods. Also, we define the aggregate price adjustment cost, PACt, and assume that

the price adjustment cost is symmetric across producers. Therefore, we can derive PACt ≡ Ntpact.

Total demand for outputs of producer ω thus comes from brick-and-mortar and online retailers,

from producers themselves as price adjustment cost, and from the firm entry cost:

yt (ω) =

(
ρt (ω)

ρP,t

)−σt
Yt =

(
ρt (ω)

ρP,t

)−σt
(YB,t + YO,t + PACt)

Producer firms choose lt and pt to maximise current profit plus their real value at time t. which is

the expected present discounted value of the future stream of profits. A one-period time-to-build lag

implies that we must start accumulating profits from t+1 on. We apply the household’s stochastic

discount factor on the future profits as the household owns producers:

vt (ω) = Et
∞∑

s=t+1

Λt,sds (ω) (12)

whereas

dt (ω) = ρt (ω) yt (ω)− wtlt (ω)−
κ

2

(
pt (ω)

pt−1 (ω)
− 1

)2

ρt (ω) yt (ω) .

12



and Λt,s ≡ [β(1− δ)]s−tUC(Cs, Ls)/UC(Ct, Lt), subject to total demand. The first-order condition

with respect to the individual firm producing price gives the individual producing price equation:

ρt (ω) = µt (ω)
wt
Zt

(13)

where

µt (ω) =
σtyt (ω)

(σt − 1) yt (ω)

(
1− κ

2

(
pt(ω)
pt−1(ω)

− 1
)2)

+ κΥt

(14)

and

Υt ≡ yt (ω)
pt (ω)

pt−1 (ω)

(
pt (ω)

pt−1 (ω)
− 1

)
−Et

[
Λt,t+1yt+1 (ω)

Pt
Pt+1

(
pt (ω)

pt−1 (ω)
− 1

)(
pt (ω)

pt−1 (ω)

)2
]

(15)

Equation (13) states that individual producer price of production is a markup over marginal costs.

In the absence of nominal rigidity, κ = 0, the markup reduces to σt/(σt − 1). producers earn

dt (ω) =

(
1− 1

µt (ω)
− κ

2

(
pt (ω)

pt−1 (ω)
− 1

)2
)
ρP,tYt
Nt

. (16)

3.5 Symmetric firm equilibrium

In equilibrium, we assume that all producers make identical decisions. Therefore, pt (ω) = pt,

µt (ω) = µt, ρt (ω) = ρt, yt (ω) = yt, pact (ω) = pact, dt (ω) = dt, and vt (ω) = vt, Under symmetric

equilibrium across producers,

ρt = µt
wt
Zt

(17)

where

µt =
σtyt

(σt − 1) yt
(
1− κ

2π
2
t

)
+ κΥt

and

Υt = πt (1 + πt)− EtΛt,t+1
yt+1

yt

1 + πt+1

1 + πCt+1

πt+1 (1 + πt+1) .

Since in symmetric equilibrium, ρP,tYt = Ntρtyt where Yt is the aggregate production, we substitute

yt with ρP,tYt/ (Ntρt) such that

Υt = πt (1 + πt)− EtΛt,t+1
ρt+1

ρt

Yt+1

Yt

Nt

Nt+1

ρt
ρP,t+1

1 + πt+1

1 + πCt+1

πt+1 (1 + πt+1) .

13



Put in the definition, ρt
ρP,t+1

1+πt+1

1+πCt+1
= 1, and expand the stochastic discount factor Λt,t+1 to obtain

Υt = πt (1 + πt)− β (1− δ)Et
(

Ct
Ct+1

)
ρP,t+1

ρP,t

Yt+1

Yt

Nt

Nt+1
πt+1 (1 + πt+1) .

Thus,

ρt =
σt

(σt − 1)
(
1− κ

2 (πt)
2
)
+ κ

(
πt (1 + πt)− β (1− δ)Et Ct

Ct+1

Nt
Nt+1

ρP,t+1

ρP,t

Yt+1

Yt
πt+1 (1 + πt+1)

) wt
Zt
.

(18)

The real individual producer price constitutes the aggregate producer price. Following Melitz

(2003), in an equilibrium characterised by a mass of firms, Nt, the aggregate producer price in real

terms is given by

ρP,t = N−ψ
t ρt, (19)

which is the variety effect equation. The term N−ψ
t captures variety effects on aggregate producer

price.

The setup of our model allows for the decomposition of consumer price into several key elements.

We start off by writing Equation (9) in nominal terms and put it in Equation (2):

Pt = Mαt
O,tM

1−αt
B,t PP,t

where PP,t denotes the aggregate producer price in nominal terms. Decomposing PP,t into the

individual producer price and variety effects following Equation (19) yields

Pt = Mαt
O,tM

1−αt
B,t N−ψ

t pt.

The individual producer price pt can be substituted by the pricing rule from Equation (17), written

in nominal terms:

Pt = Mt︸︷︷︸
Aggregate search cost

N−ψ
t︸ ︷︷ ︸

Variety effect

µt︸︷︷︸
Producer markup

Wt

Zt︸︷︷︸
Marginal cost

, (20)

where we define the aggregate search cost, Mt = Mαt
O,tM

1−αt
B,t , and

MO,t =

(
1− 1

QO,tζO

)−1

and MB,t =

(
1− 1

QB,tζB

)−1

. (21)

Equation (20) decomposes consumer price into marginal cost, producer’s monopolistic markup and

variety effects as in Bilbiie, Ghironi, and Melitz (2008). Importantly, we show that search cost,

which is the Cobb-Douglas aggregation of brick-and-mortar retailers and online retailers ’ search

cost, also contributes to consumer price dynamics. The decomposition of consumer price also

14



suggests that the change in consumer price is attributable to the relative expenditure share of the

brick-and-mortar retail sales to online retail sales, αt. The role of good market search friction in

determining CPI inflation will be discussed in detail in the following section where we illustrate

how good market search friction alters the New Keynesian Philip Curve equation.

3.6 Household

The model economy consists of a continuum of atomistic households, each identical. We denominate

all contracts and prices in nominal terms. Each household maximizes an intertemporal utility

function given by E0 =
∑∞

t=0 β
tUt, where β ∈ (0, 1) is the subjective discount factor. The period

utility function is separable in consumption, Ct, and labour, Lt, taking the form

Ut = εbt

lnCt − εLt χ
L
1+ 1

φ

t

1 + 1
φ

 . (22)

In equation (22), χ captures the disutility of labour supply and φ ≥ 0 is the Frisch elasticity of

labour supply to wages. The period utility function contains the labour supply shock, εLt , and the

shock to discount factor, εbt which is exogenous and follows an AR(1) process in percent deviation

from its steady-state level with an i.i.d. normal error term, ηt. That is, εLt = ρLε
L
t−1 + σLηt and

εbt = ρbε
b
t−1 + σbηt, respectively.

10

Household budget constraint written in real terms follows

Bt+1

Pt
+ Ct + xt+1 (Nt +Ht) vt = (1 + rt)

Bt
Pt

+ Ltwt + xtNt (vt + dt) + dB,t + dO,t. (23)

On the use of budget, the household consumes Ct, buying xt+1 shares of the mutual funds con-

structed from the shares of existing firms, Nt, and new firms, Ht, at the share price, vt, as well

as purchasing nominal government bonds Bt+1. On the source of budget, the household supplies

labour, Lt, to earn income at real wage, wt. Households hold producers’ shares through mutual

funds, thus will receive dividend income, dt, every period they hold the shares and could sell the

share at the real value vt. Households also receive profits from online retailers, dO,t, and brick-and-

mortar retailers, dB,t, and on a lump-sum basis. Lastly, the representative household receives the

principal and return of bond holdings where 1+ rt ≡ (1 + it−1) /
(
1 + πCt

)
designates the gross real

interest rate on bond holdings between t− 1 and t.

In each period t, the representative household chooses consumption, Ct, producer’s shareholding

for each active retailer, xt+1, and the labour supply, Lt, to maximize the expected utility function

subject to the budget constraint. The first-order condition with respect to consumption yields the

10We choose separable preferences and logarithmic utility from consumption following Bilbiie, Ghironi, and Melitz
(2008). Using separable preferences, the logarithmic utility of consumption ensures that the income and substitution
effects of the real wage on labour supply neutralise each other when the real wage varies from its steady state value.

15



labour supply equation

εLt χL
1
φ

t = εbt (1 + τL)
wt
Ct
, (24)

which suggests that the representative household will allocate labour efforts until the marginal

disutility of labour is equal to the marginal utility from consuming the real wage translated from

an additional unit of labour. The Euler equation for bond holding is

vt = β (1− δ)Et
εbtCt

εbt+1Ct+1
(vt+1 + dt+1) . (25)

Lastly, the Euler equation for shareholdings is

1 = βEt

[
1 + it

1 + πCt+1

εbtCt

εbt+1Ct+1

]
, (26)

where with 1 + πCt ≡ Pt/Pt−1.

3.7 Model equilibrium

We impose good market clearing to derive the aggregate equilibrium. Aggregate accounting identity

suggests that

Ct +Htvt = wtLt +Ntdt + dB,t + dO,t. (27)

The model consists of 31 endogenous variables and 31 equilibrium conditions, including the setting

of the labour subsidy to eliminate the inefficiency generated by monopolistic competition among

producers, in order to achieve the efficient equilibrium and the equation that governs the nominal

interest rate setting by the monetary authority. Define εmt = ρmε
m
t−1 + σmηt as monetary policy

shock. Endogenous variables are ρt, µt, Υt, ρP,t, ρB,t, ρO,t, wt, πt, π
C
t , Yt, YB,t, YO,t, Y

Search
B,t ,

Y Search
O,t , PB,t, PO,t, QB,t, QO,t, TB,t, TO,t, Mt, MO,t, MB,t, Ct, Nt, Ht, dt, vt, Lt, τL,t, and it. Nt

constitutes a state variable in the system. Table 1 and 2 summarise model equations.

4 The New Keynesian Phillips Curve

We log-linearise the model around the efficient steady state with zero inflation and derive the New

Keynesian Philips Curve. We denote log-linearised variables in San Serif fonts or in Serif fonts

capped with Tildes.

We start with log-linearizing Equation 2 around the steady state of µt which is equal to σ/ (σ − 1).

πt = β (1− δ)Etπt+1 −
σ − 1

κ
µ̃t (28)

where individual producer price inflation rate πt is also percent deviations of gross inflation from

zero steady-state while µ̃t denotes the percent deviations of marginal cost from the steady state.
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Description Equation

Producer pricing ρt = µt
wt
Zt

Producer markup µt =
σt

(σt−1)(1−κ
2
(πt)

2)+κΥt

Definition Υt = πt (1 + πt)

−β (1− δ)Et Ct
Ct+1

Nt
Nt+1

ρP,t+1

ρP,t

Yt+1

Yt
πt+1 (1 + πt+1) .

Variety effects ρt = Nψ
t ρP,t

Search cost (Online) MO,t =
(

1
1−ζO,tQO,t

)−1

Search cost (Brick-and-mortar) MB,t =
(

1
1−ζB,tQB,t

)−1

Aggregate search cost Mt = Mαt
O,tM

1−αt
B,t

Retail price (Online) ρO,t = MO,tρP,t

Retail price (Brick-and-mortar) ρB,t = MB,tρP,t

Real CPI 1 = ραtO,tρ
1−αt
B,t

Producer profits dt =
(
1− 1

µt
− κ

2 (πt)
2
)
ρP,tYt
Nt

Free entry condition for producers vt = fE,t

Motion of producers Nt+1 = (1− δ) (Nt +Ht)

Euler equation for producers vt = β (1− δ)Et
εbtCt

εbt+1Ct+1
(vt+1 + dt+1)

Optimal labour supply εLt χL
1
φ

t = εbt (1 + τL)
wt
Ct

Matching function (Online) YO,t =

((
ζOY

Search
O,t

)−λ
+N−λ

t

)−1/λ

Matching function (Brick-and-mortar) YB,t =

((
ζBY

Search
B,t

)−λ
+N−λ

t

)−1/λ

Tightness (Online) TO,t =
ζOY

Search
O,t

Nt

Tightness (Brick-and-mortar) TB,t =
ζBY

Search
B,t

Nt

Prob. of producer matching (Online) PO,t =
YO,t
Nt

Prob. of producer matching (Brick-and-mortar) PB,t =
YB,t
Nt

Table 1: Summary of equations
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Description Equation

Prob. of retailer matching (Online) QO,t =
YO,t

ζOY
Search
O,t

Prob. of retailer matching (Brick-and-mortar) QB,t =
YB,t

ζBY
Search
B,t

Use of retail goods (Online) YO,t = CO,t + αt
HtfE,t
ρO,t

+ Y Search
O,t

Use of retail goods (Brick-and-mortar) YB,t = CB,t + (1− αt)
HtfE,t
ρB,t

+ Y Search
B,t

Total production ρP,tYt = ρP,t (YO,t + YB,t) +
κ
2 (πt)

2 ρP,tYt

Good market clearing Ct +Htvt = wtLt +Ntdt

CPI inflation 1+πt
1+πCt

= ρt
ρt−1

Euler equation for bonds 1 = βEt
εbtCt

εbt+1Ct+1

(
1+it

1+πCt+1

)
Shock process

Shocks on the share of online retail sales logαt = (1− ρα) logα+ ρα logαt−1 + σαηt

Technology shock logZt = (1− ρZ) logZ + ρZ logZt−1 + σZηt

Cost-push shock log σt = (1− ρp) log σ + ρp log σt−1 + σpηt

Shock to discount factor εbt = ρbε
b
t−1 + σbηt

Labour supply shock εLt = ρLε
L
t−1 + σLηt

Monetary policy shock εmt = ρmε
m
t−1 + σmηt

Table 2: Summary of equations (Continued)
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From real CPI equation, and retail prices,

1 = ραtO,tρ
1−αt
B,t

1 = Mαt
O,tM

1−αt
B,t ρP,t.

Along with pricing rule and ρt = Nψ
t ρP,t and we get

Mαt
O,tM

1−αt
B,t µt

wt
Zt

= Nψ
t (29)

Log linearise Equation (29)11, we get

µ̂t = ψNt − α (lnMO − lnMB) α̃t + αM̃O,t + (1− α)M̃B,t − (wt − Zt) .

Put this expression in Equation (28),

πt =β (1− δ)Etπt+1 +
σ − 1

κ
(wt − Zt)−

σ − 1

κ
ψNt

+
σ − 1

κ

(
−α (lnMB − lnMO) α̃t + αM̃O,t + (1− α)M̃B.t

)
.

(30)

Equation 30 represents the New Keynesian Phillips Curve. Variables written in Serif fonts are

measured in terms of the deviation from the steady state. The term Et(πt+1) stands for expected

inflation in the next period, suggesting that current inflation depends on what households and

firms think inflation will be in the future. This highlights the forward-looking nature of economic

decisions. The expression wt−Zt represents the marginal costs of hiring additional units of labour.

When real wages increase, it raises the cost of labour, passing on to higher inflation. Conversely,

when productivity rises, companies can produce the same output with fewer workers, reducing

labour demand and inflationary pressures. As in Bilbiie, Ghironi, and Melitz (2008), our version

of the New Keynesian Phillips Curve engenders the marginal cost that captures the number of

producers.

We propose novel implications of goods market search frictions on inflation, specifically the effects

of temporary changes in the share of online retail sales to total expenditure on CPI inflation. These

effects are captured in the following terms:

σ − 1

κ

(
α (lnMO,t − lnMB,t) α̃t + αM̃O,t + (1− α)M̃B,t

)
(31)

The effects of temporary changes in the share of online retail sales to total expenditure on CPI

inflation can be decomposed into two channels. The first channel, which we call the composition

channel, arises from the term

11Please refer to C for detailed calculations
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σ − 1

κ
α (lnMO − lnMB) . (32)

This term suggests that an increase in the share of online retail sales (a positive deviation of αt

from the steady state) alters inflation. As online retailers are more efficient at matching than

brick-and-mortar retailers, lnMO − lnMB is negative. Given the restrictions on α− 1 and κ, this

term implies that price inflation decreases in response to a rise in the share of online retail sales.

Intuitively, as consumers shift their preferences towards online retail, they purchase from online

retailers who charge a lower wedge on top of producer prices, resulting in lower consumer prices and

a decline in aggregate consumer prices (or a negative inflation rate). The second channel, which

we refer to as the arbitrage channel, is captured by

σ − 1

κ

(
αM̃O,t + (1− α)M̃B,t

)
. (33)

As customers shift their preferences towards online retail markets, the marginal benefits of search

for online retailers increase, leading them to exert more effort in searching. This increased search

effort tightens the online frictional market, decreasing the probability of retailers finding firms and

raising search costs. Consequently, online retailers must increase the wedge between consumer and

producer prices to cover these costs. Conversely, as customer demand shifts away from brick-and-

mortar stores, the marginal benefits of search for these retailers decrease, causing them to exert less

effort in searching. This reduced search effort loosens the traditional frictional market, increasing

the probability of retailers finding firms and lowering search costs. As a result, brick-and-mortar

stores will charge a lower wedge.

Lastly, the New Keynesian Phillips curve for CPI inflation can be expressed as:

πCt =β (1− δ)Etπ
C
t+1 +

σ − 1

κ
(wt − Zt)−

σ − 1

κ
ψNt +

σ − 1

κ
M̃t

− ψ (Nt − Nt−1 − β (1− δ) (Nt+1 − Nt)) (34)

+
(
M̃t − M̃t−1 − β (1− δ)

(
M̃t+1 − M̃t

))
.

Here, πCt represents the percentage deviation of gross CPI inflation from steady state. M̃t stands

for the percentage deviation of aggregate search wedge from steady state. CPI inflation exhibits

greater endogenous persistence than firm-level inflation, as it’s directly influenced by the number

of firms producing in t− 1, which was set in t− 2.
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5 Estimation and Interpretation of the results

5.1 Calibration

Table 3 summarises the calibration of the benchmark model, which we calibrate using quarterly

data. The discount factor, β, is set to the standard value of 0.99, commonly used in the literature.

The Frisch elasticity of labour supply, φ, is set to 2, a value that falls within the range typically

used in the literature. The elasticity of substitution among varieties, σ, is calibrated to 11.5 based

on estimates of within-brand elasticity from Broda and Weinstein (2010). The exogenous product

destruction rate, δ, is set to 0.0588 to match the mean annual product creation rate of 0.25, also

from Broda and Weinstein (2010). We assign a value of 0.0952 to the parameter ψ, which governs

the marginal utility derived from an increase in product variety. This value aligns with the Dixit-

Stiglitz preference specification. Lastly, the disutility of labour supply, χ, is a scaling parameter on

the disutility from labour. The choice of this parameter is a normalization that does not affect the

model’s dynamics. It is calibrated to 1.0802 to deliver a steady-state labour supply equal to 1.

Table 3: Calibrated Parameters

Parameter Description Value

β Discount factor 0.99

φ Frisch elasticity of labour supply 2

σ Elasticity of substitution among varieties 11.5

ψ Marginal utility from increased product variety 0.0952

δ Exogenous product destruction rate 0.0588

χ Disutility of labour 1.0802

ζO Search efficiency of online stores 8.7

ζB Search efficiency of brick-and-mortar stores 4.3

To determine the search efficiency of online and brick-and-mortar stores, we use retail margins as a

proxy for the search wedge value in both channels. We measure these margins using industry-wide

data and specific company metrics to overcome data availability problems. Firstly, we analyze

the retail sector’s total gross value added and revenue for the overall retail margin, focusing on

firms under ISIC 4712. Between 2010 and 2021, the ratio of gross value added to total turnover

averaged 0.21, translating to a steady-state industry search wedge of 1.27. Secondly, to estimate

the search wedge for online retailers, we use Amazon’s balance sheet as a proxy for UK online

retailers13. Amazon’s gross profit margin averaged 0.11, translating to a search wedge of 1.13.

12We refer to ISIC, Rev. 4 - Code 47 Retail trade, except motor vehicles and motorcycles
13Amazon.com, Inc. was selected as the representative model for online retail platforms due to its significant

market presence and comprehensive data availability. Amazon is a primarily online retailer, capturing a considerable
share of the online retail markets. Its sales constitute 21% of the UK’s total online retail sales in 2022. We pick
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We assign this number to the steady-state search wedge of the online retailers, MO. Using the

average share of online retail sales during the designated period, we differentiate between online

and brick-and-mortar retail. Our calculations show search efficiency rates of 8.7 and 4.3 times the

amount spent on search activity for online and brick-and-mortar stores, respectively (ζO and ζB).

This data highlights that online retailers are more search-efficient than brick-and-mortar stores.

5.2 Estimation

We estimate the model using quarterly UK data. Our baseline spans the period between 2013:I

and 2022:IV. We are restricted to this period because we lack data. The data set consists of five

variables: CPI nominal inflation, PPI nominal inflation, the share of online retail sales, real GDP

growth, and nominal shadow monetary policy interest rate14. All the variables are measured in

terms of year-over-year growth rates, except for policy rate which is measured in terms of year-

over-year level change. 15

5.2.1 Priors

This study adopts prior distributions from two seminal works: Smets and Wouters (2007) and

Harrison and Oomen (2010). The former provides a widely recognized benchmark in Dynamic

Stochastic General Equilibrium (DSGE) modelling, offering a solid foundation for our analysis.

However, given its focus on the US economy, modifications are required for UK-specific applications.

Harrison and Oomen (2010) address this limitation by estimating an adapted version of the model

using UK data. By synthesizing priors from these two sources, we maintain comparability with

extant literature while ensuring relevance to the UK economic context.

Firstly, we set the prior mean of the producer price adjustment cost, denoted by κ, at 300. This

parameter significantly influences the response of real profits and the subsequent adjustment in the

number of producers to a monetary policy shock. To attenuate the positive reaction of consumer

prices to an expansionary monetary policy shock, allowing for an increase in real profits and encour-

aging firm entry κ must be sufficiently large. Our choice of prior closely follows the estimates for

producer price adjustment costs found in the study by Harrison and Oomen (2010) using UK data.

For the monetary policy rule parameters, we use a normal distribution to describe the long-term

responses to inflation, ϕπ, and the output gap, ϕc, with means of 1.870 and 0.110, and standard

deviations of 0.281 and 0.027, respectively. The rule’s persistence is captured by the coefficient on

the lagged interest rate, assumed to be normally distributed with a mean of 0.870 and a standard

Amazon as a result. Including smaller pure online retailers in our calculations does not materially alter the results
14I use the shadow policy rate from Wu and Xia (2016), Wu and Xia (2017), and Wu and Xia (2020), which is

constructed using a dynamic term structure model to infer the stance of monetary policy when nominal rates are at
the zero lower bound. The model extracts a notional interest rate that would prevail if there were no constraints on
nominal rates, allowing it to reflect the effects of unconventional monetary policy such as forward guidance and asset
purchases. The shadow rate series is available until 2021Q4. To extend it, I splice the shadow rate with the actual
policy rate from 2022Q1 onward, assuming a gradual convergence such that the shadow rate equals the policy rate
by 2023Q4. The data are sourced from Wu (n.d.).

15Please see the description and the data source in the Appendix
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deviation of 0.05. Consequently, an expansionary monetary policy shock results in an increase in

the number of firms. For the matching function parameter λ, we lack prior distributional informa-

tion beyond its non-negativity constraint. So, we experiment on prior specifications. Lastly, we

assume the persistence of stochastic processes to be a beta distribution, having an average of 0.5

and a standard deviation of 0.2. We assume the standard deviation of the processes to follow an

inverse-gamma distribution, with an average value of 0.10.
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Parameter Prior Distr. Prior Mean Prior St.Dev. Post. Mode Post. Mean Post. St.Dev. 5% HPD 95% HPD

λ Invgamma 30 3 27.098 28.484 2.728 23.062 33.637

ϕπ Normal 1.87 0.281 1.956 1.839 0.275 1.285 2.385

ϕc Normal 0.11 0.027 0.187 0.202 0.025 0.152 0.253

κ Normal 300 30 299.862 302.333 32.536 243.671 363.220

ρr Beta 0.87 0.05 0.579 0.565 0.055 0.469 0.657

ρα Beta 0.5 0.2 0.721 0.720 0.101 0.560 0.893

ρMONET Beta 0.5 0.2 0.687 0.665 0.062 0.556 0.776

ρZ Beta 0.5 0.2 0.183 0.240 0.102 0.055 0.416

ρelastic Beta 0.5 0.2 0.954 0.850 0.046 0.726 0.983

ρLshock Beta 0.5 0.2 0.500 0.503 0.277 0.181 0.836

ρBshock Beta 0.5 0.2 0.339 0.327 0.113 0.146 0.500

σα Invgamma 0.1 2 0.084 0.088 0.010 0.071 0.105

σMONET Invgamma 0.1 2 0.023 0.023 0.003 0.018 0.029

σZ Invgamma 0.1 2 0.090 0.081 0.020 0.037 0.120

σelastic Invgamma 0.1 2 0.673 1.140 0.186 0.507 1.790

σLshock Invgamma 0.1 2 0.046 0.075 0.019 0.026 0.131

σBshock Invgamma 0.1 2 0.179 0.188 0.022 0.148 0.226

Table 4: Parameter estimates with updated prior and posterior distributions
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5.2.2 Posterior estimation

Posterior estimates provide insights into key economic parameters and shocks. The producer price

adjustment cost parameter is estimated to be 302.333 (SD 32.536), which is close to Harrison and

Oomen (2010)’s estimates. The λ parameter (30.5407, SD 2.6960) indicates that retailers’ search

efforts respond strongly to changes in market conditions. Monetary policy parameters ϕπ (1.839,

SD 0.275) and ϕc (0.202, SD 0.025) show that the central bank adheres to the Taylor principle,

reacting more than proportionally to inflation while also considering economic growth.

The economic shocks analyzed exhibit distinct characteristics in terms of persistence and volatility.

Shocks to the share of online retail sales are moderately persistent in the medium term (ρα = 0.720,

SD 0.101), with moderately volatile innovations (σα = 0.088, SD 0.010) relative to other shocks.

Cost-push shocks, in contrast, are both the most persistent (ρelastic = 0.850, SD 0.046) and exhibit

the highest volatility (σelastic = 1.140, SD 0.186), indicating their long-lasting and significant effects

on the economy. In comparison, productivity shocks demonstrate lower persistence with an AR(1)

coefficient of 0.240 (SD 0.102) and relatively small innovations of 0.081 (SD 0.020). The persistence

of online retail sales shocks is similar to that of monetary policy shocks (ρMONET = 0.665, SD

0.062); however, their innovations are significantly smaller, being approximately one-third the size

(σMONET = 0.023, SD 0.003). These observations imply that monetary policy adheres closely to

the Taylor rule, with interest rate decisions exhibiting moderate persistence and modest economic

impacts.

5.3 Shock decomposition
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Figure 4: Historical shock decomposition of CPI inflation
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Figure 4 illustrates the historical contributions to CPI inflation from various shocks of interest.

These include shocks to the share of online retail sales relative to total retail sales (represented by

blue bars), monetary policy shocks (orange bars), and cost-push shocks (yellow bars). Contributions

from other shocks, including aggregate productivity and labour supply shocks, are aggregated and

illustrated by the purple bars. The analysis spans the period of the COVID-19 pandemic in 2020-

2021, providing insight into the predominant factors influencing CPI fluctuations during this time

frame.

Notably, the shifts towards online retail sales negatively impacted CPI inflation from the second

quarter of 2020 (2020:II) to the fourth quarter of 2021 (2021:IV), aligning with the onset of the

COVID-19 health and economic crisis. The magnitude of this shock’s contribution increased from

2020:II to 2020:IV, subsequently declining and transitioning to an inflationary impact by the first

quarter of 2022. Our finding underscores the role of search and matching friction in good markets

in determining CPI inflation.

5.4 Impulse responses

Figure 5 shows how key variables respond to a 1 percent increase in online retail sales share. The

figure displays changes in CPI inflation (πCt ), individual price inflation (πt), number of producers

(Nt), consumption (Ct), real wage (wt), and market tightness and search costs for both online

(TO,t, MO,t) and brick-and-mortar retailers (TB,t, MB,t). The increase in online retail sales mainly

lowers CPI inflation (πCt ), matching empirical evidence. It also boosts consumption (Ct). This

occurs because online retailers are estimated to have higher search efficiency than brick-and-mortar

stores. More online sales shift demand to these more efficient retailers. They charge lower search

costs (MB,t > MO,t) and offer lower retail prices (ρO,t < ρB,t). Lower prices increase consumer

demand, raising consumption (Ct). Higher demand increases producer profits and share prices.

This encourages new firms to enter the market, increasing product variety (Nt).

To better understand the mechanisms at work, we examine the channel through which the shocks

to online retail sales share affect the CPI inflation rate. For clarity, we focus our analysis on

the response of individual price inflation to a 1% increase in the share of online retail sales. We

decompose this response into three key elements within our newly derived New Keynesian Phillips

Curve (NKPC) model: the search wedge, variety, and real wage channels. We further subdivide the

search wedge channel into compositional and arbitrage channels. Our model expands the expected

individual price inflation at time t+1 into a function of future NKPC component values, which are

added to contemporaneous values in the NKPC. Figure 6 illustrates these results graphically.

The analysis shows that an increase in online retail sales share exerts deflationary pressure through

variety channels and search wedge channels. Within the search wedge channels, compositional

channels are more potent but shorter-lived, playing a significant deflationary role in the initial

periods. This likely reflects the medium persistence of online retail sales shocks. In contrast,

arbitrage channels persist longer and become more influential later than compositional channels,
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Figure 5: Response to 1% increase in the share of online retail sales

continuing as long as online retail sales shares deviate from their steady state. The variety channel

reflects increased product options available online, lowering prices. We also find that the variety

channel primarily drives the persistence of inflation’s response to shocks in online retail sales, which

is attributable to calibrated firm exit rates.

6 Conclusion

This study develops an economic framework to examine how short-term preference shocks to-

wards online versus brick-and-mortar retail impact pricing dynamics and inflation measures. We

construct and estimate a New Keynesian DSGE model incorporating frictional goods markets,

featuring product market search and matching frictions. The model distinguishes between online

and brick-and-mortar retailers, each with different search efficiencies, to capture shifts in consumer

preferences.

We identify two primary channels affecting inflation dynamics: the composition channel and the

arbitrage channel. The composition channel stems from differences in search efficiency between

retailer types, while the arbitrage channel reflects how preference changes affect search and match-

ing conditions in both markets. Using Bayesian estimation, our findings indicate that shifts in

consumer preferences towards online retailers contribute to reduced CPI inflation. Both channels

have reinforcing effects: the composition channel shows that preference shifts towards online retail

lead to lower inflation due to greater search efficiency, while the arbitrage channel loosens market

tightness for brick-and-mortar retailers, allowing them to charge a smaller wedge between consumer

and producer prices.
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A Data

Table 5 and 6 list the data series for local projection estimation and Bayesian estimation, respec-

tively.

Variable Description Source

Consumer Price Consumer Price Index excluding energy, food, al-
coholic beverages & tobacco

Office for National
Statistics

Producer Price Producer output prices - Domestic manufactured
products excluding Duty

Office for National
Statistics

Share of Online Re-
tail Sales

Internet sales as a percentage of total retail sales
(ratio)

Office for National
Statistics

Number of COVID-
19 death

Deaths with COVID-19 on the death certificate
in the UK

GOV.UK UKHSA
data dashboard

Table 5: Data series for local projections

B Empirical analysis

This section examines the relationship between the year-on-year change in the share of online retail

sales and price changes across UK retail categories. We plot the increase in online retail sales

1



Variable Description Source

Consumer Price Consumer Price Index excluding energy, food, al-
coholic beverages & tobacco

Office for National
Statistics

Producer Price Producer output prices - Domestic manufactured
products excluding Duty

Office for National
Statistics

Share of Online Re-
tail Sales

Internet sales as a percentage of total retail sales
(ratio)

Office for National
Statistics

Monetary policy
rate

Spliced shadow monetary policy rate and bank
Rate

Bank of England

Real GDP growth Gross Domestic Product: chained volume mea-
sures

Office for National
Statistics

Table 6: Data series for Bayesian estimation

against the price deflator for goods in food stores, non-food stores, non-specialized stores, textile,

clothing, footwear stores, and household goods stores. The results indicate a negative relationship

across all categories, highlighting the need for further analysis within a structural model to assess

its implications for inflation dynamics. Figure 7 documents results.

C Model

C.1 A first-order Taylor approximation of Mt

To perform a first-order Taylor approximation of the function Mt = Mαt
O,tM

1−αt
B,t around the steady

state MO, MB and αt, let f (MO,t,MB,t, αt) = αt logMO,t+(1− αt) logMB,t. Then we calculate

f (MO,t,MB,t, αt) ≈f (MO,MB,, α)

+
∂f

∂MO

∣∣∣∣
(MO,MB,,α)

(MO,t −MO)

+
∂f

∂MB

∣∣∣∣
(MO,MB,,α)

(MB,t −MB)

+
∂f

∂α

∣∣∣∣
(MO,MB,,α)

(αt − α) .

We get

2



Each coordinate represents the year-on-year change in the online retail sales share against the deflator index. The data is
monthly, covering the period from January 2009 to December 2024.

Figure 7: Relationship between online retail sales share and retail price deflators
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M̃t ≈ lnMO (αt − α) + lnMB (α− αt) + αM̃O,t + (1− α)M̃B,t

= −α (lnMB − lnMO) α̃t + αM̃O,t + (1− α)M̃B,t.

C.2 Derive Philip’s curve for CPI inflation

From the definition of CPI inflation,

1 + πt

1 + πCt
=

ρt
ρt−1

=
Nψ
t

Nψ
t−1

ρP,t
ρP,t−1

=
Nψ
t

Nψ
t−1

Mt−1

Mt

First-order approximation yields

πt =π
C
t + ψ (Nt − Nt−1)−

(
M̃t − M̃t−1

)
πt =π

C
t + ψ (Nt − Nt−1)

−
(
−α (lnMB − lnMO) α̃t + αM̃O,t + (1− α)M̃B,t

)
+
(
−α (lnMB − lnMO) α̃t−1 + αM̃O,t−1 + (1− α)M̃B,t−1

)
From the expression

πt =β (1− δ)Etπt+1 +
σ − 1

κ
(wt − Zt)−

σ − 1

κ
ψNt +

σ − 1

κ
M̃t

πCt + ψ (Nt − Nt−1)−
(
M̃t − M̃t−1

)
=β (1− δ)Et

(
πCt+1 + ψ (Nt+1 − Nt)−

(
M̃t+1 − M̃t

))
+
σ − 1

κ
(wt − Zt)−

σ − 1

κ
ψNt +

σ − 1

κ
M̃t,

which can be expressed as

4



πCt =β (1− δ)Etπ
C
t+1 +

σ − 1

κ
(wt − Zt)−

σ − 1

κ
ψNt +

σ − 1

κ
M̃t

− ψ (Nt − Nt−1 − β (1− δ) (Nt+1 − Nt))

+
(
M̃t − M̃t−1 − β (1− δ)

(
M̃t+1 − M̃t

))
,

where

M̃t ≈ lnMO (αt − α) + lnMB (α− αt) + αM̃O,t + (1− α)M̃B,t

= −α (lnMB − lnMO) α̃t + αM̃O,t + (1− α)M̃B,t.

C.3 Steady state calculations

In this section, we provide the detailed calculations of the steady state. Firstly, the free entry

condition provides the steady state of the post-entry firm value,

v = fE .

while the Euler equation for shares provides the steady-state value of the real profits of the pro-

ducers,

d =
1− β (1− δ)

β (1− δ)
v.

From the motion of firms, we can write the number of entrants at the steady state

H =
δ

1− δ
N

To simplify the steady-state calculation, χ is set to the value such that the steady-state labour

supply, L, is equal to one.1 It simplifies intratemporal optimality,

χ = (1 + τL)
w

C
.

Then, from labour market clearing condition,

1 = N

[
(σ − 1)

d

w

]
,

1chi that satisfies such condition is

χ = (1 + τL)
(σ − 1) d

σd− δ
1−δ v

5



and the aggregate accounting,

C +Hv = w +Nd+ dO + dB,

putting these three steady-state equations together yields

N =

(
Z

σMd

) 1
1−ψ

.

The steady-state value of other variables can be computed straightforwardly.

D Impulse responses to other shocks

Figure 8 documents impulse responses of key variables to other shocks.
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The figures display the impulse responses of the variables (columns) to different shocks (rows). The impulse responses are measured in percentage points, with the time horizon
expressed in quarters.

Figure 8: Impulse responses of key variables to other shocks
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