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Abstract

Reference price effect on consumer choices is an acknowledged phe-

nomenon in marketing literature. Several studies have explored this issue

using both observational studies and choice experiments. Furthermore,

evidence exists on different consumer behaviour when shopping in tra-

ditional stores and online. Hence, question arises on whether and how

consumers take into account reference price when shopping online. This

study aims to analyze and compare consumer behaviour in online stores

and traditional stores. A definition of reference price based on past prices

is adopted and a discrete choice model is proposed, which includes gain

and losses as additional product attributes, with individual-specific coeffi-

cients. The model is applied on observed cola purchases (home scan data)

in traditional supermarkets and in an online store. Results indicate that

loss aversion does play a role in online choices, but the effect is smaller if

compared to choices in traditional stores.

JEL classification: D11, D12, Q11

Keywords: Discrete Choice Model, Mixed Logit Model, Control
Function, Reference Price, Food Choice Behaviour.
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1 Introduction

The term reference price refers to the idea that consumers adopt or follow a

point of reference for price evaluation when choosing. More specifically, the

choice process is assumed to involve a comparison between the actual price of a

good and a price expectation, called reference price.

Reference-dependance in individual evaluations has been first theorized by Kah-

neman and Tversky in their Prospect Theory. The authors theorized and empir-

ically proved that losses have greater impact on preferences than gains (“losses

loom larger than correspondent gains”). This happens because individuals are

averse to loss, and therefore the pain provoked by a loss is greater than the

joy induced by a gain (Kahneman and Tversky, 1979; Tversky and Kahneman,

1991).

The existence of a reference price effect on consumer choices is well documented

in the economic and marketing literature (Kalwani et al., 1990; Kalyanaram

and Winer, 1995; Winer, 1986). In particular, some recent studies explored this

issue using choice experiment (Caputo et al., 2020, 2018; Hu, 2007), while other

studies used observed purchases to assess reference price effect (Bell and Lattin,

2000; Cornelsen et al., 2018).

Beyond the general interest on reference price effect, the rising consumer

adoption of online stores for groceries shopping poses new research questions.

Does consumer behaviour differ online and offline? Do consumers make different

choices when shopping online because of the different environment and shopping

process?

Some evidences of changing consumer behaviour online and in traditional stores

emerged in the literature. In particular, Degeratu et al. (2000) analyzed online
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and offline choices of three grocery products (one food: margarine) made by

different samples, and found that brand names are more valuable online to the

extent that lower information on other attributes is available. Accordingly, the

brand of margarine is less important online because of the easier access to and

comparison of nutritional information online than offline. Thus, factual infor-

mation such as sugar or fat content has higher impact on online choices.

One further study compared differences in brand loyalty, finding that online

consumers are more loyal to main brands but less loyal to small brands, com-

pared to consumers buying in traditional stores (Danaher et al., 2003). On the

other hand, Anesbury et al. (2016) found no differences in terms of time spent

or effort expended when shopping online and in traditional stores.

Some studies also analyzed possible differences in price sensitivity when shop-

ping online: when different samples for online and offline choices are cond̀ısidered,

lower price sensitivity for online shoppers is found (Andrews and Currim, 2004;

Degeratu et al., 2000, estimated on the same data on margarine and laundry de-

tergent purchases). At the same time, Chu et al. (2010; 2008) analyze how price

sensitivity on the same individuals varies when shifting between online and of-

fline purchases and found that consumers are in general less price sensitive when

shopping online; they found also differences in price sensitivity between heavy

and light online shoppers, the latter being less price sensitive.

Based on the evidence summarized above, we are interested in exploring whether

reference price has different effects on online and offline choices.

The aim of the present study is therefore to analyze reference price effect

on consumer choices when shopping for groceries online, compared to the effect

on consumers shopping in traditional stores. A definition of reference price

2



based on past prices is adopted and a discrete choice model is proposed, which

includes gain and losses as additional attributes, accounts for price endogeneity,

and estimates individual-specific coefficients. The model is applied on observed

cola purchases (home scan data) in traditional supermarkets and in the online

store of the same chain.

Section 2 presents the methodology used, i.e. discrete choice model, control

function approach to correct for endogeneity and the definition of reference

price adopted. Section 3 presents the data and the empirical model. Then,

results are outlined and discussed in Section 4.

2 Methodology

We analyze whether a reference price effect exists when shopping for food on-

line in a discrete choice framework. The discrete choice model used is a logit

model with individual specific parameters, also called mixed logit. In the words

of McFadden and Train (2000) “Mixed logit is a highly flexible model that

can approximate any random utility model”. Hence, this model estimates the

probability of choice based on utility maximization theory (Marschak, 1959;

McFadden et al., 1973); the utility function for the individual i and j-th al-

ternative is Uij = f(xj, βi) + εij where xj is a vector of M alternative-specific

attributes including price; βi is a vector of individual-specific coefficients for

each attribute and for price; εij is the random component. The utility function

can be expressed as a weighted sum of alternatives’ attributes, with weights

equal to the taste parameters β (Lancaster, 1966). The probability of choosing

the j-th alternative among J available alternatives, conditional on individual
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parameters βi is:

Pij |(βi) =
exp(βixj)∑J
l=1 exp(βixl)

(1)

The conditional probability of a sequence of K choices for an individual is the

product of (1) over the set of choices, called Si(β) (Hole, 2007). Finally, the

unconditional probability of the observed sequence of choices for each individual

is:

Pi(θ) =

∫
Si(β) f(β|θ) dβ (2)

This integral is approximated using maximum simulated likelihood.

Coefficients have a probability distribution given a priori and the error com-

ponent is assumed to be iid extreme value distributed. The model returns an

estimate of the average value of coefficients with an associated standard error

and a standard deviation coefficient (with an associated standard error as well)

for each random parameter.

Of paramount importance in discrete choice model specification is the in-

clusion of all product’s attributes that contribute to utility, and in turn final

choice. Ideally, all the relevant attributes should be included in the model and

the error should capture only the random component, under the assumption

that explanatory variables are independent of unobserved factors. In practice,

there are a number of reasons why this could fail, leading to endogeneity prob-

lem and consequent inconsistency of estimates.

The most general cause for endogeneity in choice models is that the researcher

cannot include all the factors that are related to price in the utility function,
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because sometimes they are not measurable (see Train 2009, Chapter 13 for an

overview of endogeneity in discrete choice models). In the case of drinks, exam-

ples include the status of the brand, the design of the bottle/can and label, their

tastiness, or the texture of bubbles. These attributes are not easily measurable

and products likely incorporate them in their prices.

Control function approach to correct for endogeneity in discrete choice mod-

els has been proposed by Petrin and Train (2010) and is widely used in consumer

research. This approach consists in adding a new variable to the model, which

captures the part of error that is correlated with the endogenous variable.

This means that the error in the choice model, εj , can be split into two parts:

one error correlated with the endogenous variable – captured by the control

function, CF – and one true error εj : εj = CFj + εj When price is endogenous,

we assume that it is linear in instruments, with an error separable from the

error term in the model. Therefore, the price of the alternative j (faced by a

consumer in a given period and geographical area) can be written as:

pj = γzsj + µj (3)

where zsj with s = 1, . . . , S are a set of instruments that do not enter the utility

function directly but affect price, and µj is the unobserved part.

The control function approach comprises two steps: first, equation 3 is estimated

with OLS, obtaining the residuals µ̂j ; these residuals are then added to the

choice model as a new variable, and a coefficient is estimated for this residual

price. The control function is: CFj = λ µj ; and the modified utility controlled
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for endogeneity of prices is therefore:

Uj = f(pj , xj , β) + λµj + εj (4)

As additional characteristics of each product, the choice model includes the

possible loss or gain to evaluate whether and how they affect choice probability.

Assuming the existence of a reference price in consumers’ mind, losses and gains

for each product are calculated as the difference between its current price and

the reference price (Putler, 1992).

The loss for alternative j at time t, Lossjt, is defined as:

Lossjt =


pjt −RPjt, if pjt > RPjt

0, Otherwise

(5)

The gain, Gainjt, is:

Gainjt =


RPjt − pjt, if pjt < RPjt

0, Otherwise

(6)

In the present study, the reference price is defined based on past prices1; it is the

price at time t− 1 of the product chosen at time t (Krishnamurthi et al., 1992),

that is RPj,t = pj,t−1. Accordingly, the consumer experiences a loss (gain) if the

price of the product he/she chooses has increased (decreased) with respect to

1Other specifications of reference price have been proposed; they differ based on time –
current vs past prices – and whether they are memory- or external-driven. See (Briesch et al.,
1997) for an overview of reference price definition used in the literature
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the previous purchase occasion. If the price is constant over time, the consumer

experience no loss nor gain.

3 Data and empirical model

Discrete choice models are estimated on revealed preferences (real market pur-

chases). We use Great Britain Kantar Fast Moving Consumer Good (FMCG)

panel. The GB Kantar FMCG panel is a representative consumer panel of food

and beverages purchased by households in GB (i.e. England, Wales and Scot-

land) and brought into their home. The data cover purchases of households in

different types of retailers (e.g. supermarkets, independent market, specialized

shops like butchers and greengrocers, online shops, etc.). Participants scan take-

home purchases using hand-held barcode scanners2; for each household shopping

trip, we have the detail of purchased products at the Universal Product Code

(UPC) level. Ethical approval was not required as the data were obtained in

anonymised format. Upon joining the panel, participants agree to the terms

and conditions of GB Kantar FMCG3.

The raw dataset consists in transaction-level data reported by more than

30 thousand households each year. The statistical unit is the UPC transaction:

for each product purchased, we have information on volume purchased, number

of item purchased, and amount spent. The price can be obtained by dividing

expenditure by volume (or number of items); the dataset contains information

about promotional status. Kantar provides also nutritional data on products

2That’s why this kind of data are called home scan or household scanner data, as opposed
to retail scanner data, which reports the purchases made at one point of sale with few infor-
mation about households and are used in marketing research since the eighties (Guadagni and
Little, 1983).

3see www.kantarworldpanel.com/en for contact details
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through direct measurement in outlets, or using product images supplied by

Brandbank, a third-party supplier. Furthermore, information on the day of

purchase and outlet are recorded.

Self-reported socio-demographic data are collected by Kantar and describe house-

hold size and composition, age, ethnicity and highest qualification of the main

shopper. It also includes information on the geographical location (postcode

district), income group, social class and tenure of the household.

For the present study, we use data in the period 2014-2016.

Choice Set

The choice model takes into account the choice of a cola bottle with volume

higher than 1 liter, among similar products (within-shelf choice). We consider

the most disaggregated product level, identified by the UPC code. To avoid price

and promotion differences between stores, which could obfuscate the reference

price effect, only purchases made in one supermarket chain were taken. We

consider one of the main retailers in GB and estimate models on purchases

made in traditional, brick and mortar stores and on purchases made in online

stores.

Modelling real market choices permits to avoid any potential bias due to the

experimental condition of choice experiments, such as hypothetical bias. On

the other hand, when estimating discrete choice models on actual choices, the

choice set is unobservable by the researcher and must be defined ex-post. We

restrict the choice set to several options of colas (following Carson and Louviere

2014), but do not include other beverages, under the assumption that consumers

maximize utility of cola among available colas. The choice set contains the
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market leader products, i.e. six products that together account for 57% of total

volume sales of cola in the retailer selected4. The choice set includes branded

products as well as private labelled colas; three products are diet colas; sizes

vary between 1.75L and 2L. Table 1 displays main characteristics of products

in the choice set.

Table 1. Choice set descriptives: Products attributes.

Brand Sugar (g/100ml)
Product1 Branded 0.0
Product2 Branded 10.6
Product3 Branded 0.0
Product4 Private label 0.0
Product5 Branded 11.0
Product6 Private label 10.7

Price of the product is also a relevant attribute in the choice of colas. The

price of the product chosen in each choice occasion can be obtained by dividing

amount spent by the number of items bought; however, the estimation of discrete

choice models requires prices and reference prices of non-chosen alternatives as

well. Ideally we would like to have the price of alternatives on the shelves of

the same store in the same day, but it is highly unlikely that every day at

least one sampled household purchased those specific products in that specific

outlet. Therefore, for each non-purchased product we define its price as the

most frequent price observed in a specific region and week; i.e. the weeekly

modal price in each of the 10 region.

Table 2 shows average prices separately for products purchased in traditional

stores and online store, along with the number of observed choices that enter the

model. The table displays that cola prices in the two types of store are similar,

meaning that the retailer maintains the same pricing strategy in traditional and

4Proportion based on total sales in the traditional and online stores, among 79 products
in total.
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online stores.

Table 2. Choice set descriptives: Average prices and number of choices.

Traditional purchases Online purchases

Price (SD) N Share (%) Price (SD) N Share (%)
Product1 1.26 (0.41) 1,254 19 1.24 (0.41) 837 31
Product2 1.12 (0.26) 1,215 19 1.10 (0.23) 379 14
Product3 1.11 (0.25) 1,151 18 1.10 (0.23) 679 25
Product4 0.48 (0.05) 1,331 21 0.46 (0.04) 342 13
Product5 1.23 (0.41) 724 11 1.21 (0.39) 259 10
Product6 0.48 (0.05) 785 12 0.50 (0.04) 175 7
Total 6,460 100 0.50 (0.04) 2,671 100

Notes: Prices are per bottle: prices are calculated as the average of modal unit
values by region and week.

Interestingly, market shares are different in the two stores, highlighting the

existence of different preferences when shopping online and in traditional stores.

For example, branded products together account for 70 percent of shares of cola

sales in brick-and-mortar stores, while accounting for 80 percent of shares in

the online market, meaning that brands provide more utility online than offline.

Moreover, diet products are more frequently purchased online than offline (69%

of share versus 58%). These descriptive findings are in line with Degeratu et al.

(2000) results on consumer choice behaviour online and offline.

Sample

The sample include purchases of one of the alternatives in the choice set made

by households in the period 2014-2016; in order to include an individual IRP, we

retain only households that purchased a cola for at least two consecutive weeks;

the choice in week t is included in the model, while the price of the choice in

week t− 1 is used for determination of the reference price5.

The final sample for traditional store purchases includes 1, 067 households, that

5Other data manipulations are: (1) households that purchase different products in the
choice set over a week are excluded from the sample, i.e. household are only included if they
buy only one of the six products in the choice set over a week; (2) if more than one pack of
the same cola is bought, this is considered as a single choice of the product in the choice set..
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make a total of 6, 460 cola purchases over 3 years. For purchases made on

internet, the sample is made of 397 households, that make a total of 2, 689

cola purchases. 80 households are included in both samples. Table 3 presents

descriptive statistics for the two samples.

Table 3. Samples Descriptive Statistics.

Traditional sample Online sample

Mean St. Dev. Mean St. Dev.

Household size 3.18 1.32 3.50 1.29
Number of children 0.87 1.08 1.17 1.16
Number of children if have children 1.75 0.88 1.90 0.89

Percent of Households Percent of Households

Households with children 49.8 61.5
Income

£70,000 + 6.2 5.8
£60,000 - £69,999 pa 4.4 8.1
£50,000 - £59,999 pa 9.1 9.3
£40,000 - £49,999 pa 13.3 12.6
£30,000 - £39,999 pa 20.7 19.9
£20,000 - £29,999 pa 21.0 20.9
£10,000 - £19,999 pa 19.9 18.6
£0 - £9,999 pa 5.4 4.8

ONS Social Grade
Class AB 20.6 21.2
Class C1 35.6 38.0
Class C2 20.3 18.4
Class D 15.7 17.4
Class E 7.7 5.0

Education of RP (highest qualification)
Degree or higher 26.9 29.2
Higher education 17.3 18.4
A Level 16.5 17.6
GCSE 25.7 25.4
Other 6.8 5.8
None 6.8 3.5

Number of households 1, 067 397
Number of observations 6, 460 2, 689

Reference price

The reference price is the one period lagged price, i.e. price in week t− 1 of the

product purchased in week t, as explained in Section 2.

Losses and gains are calculated as the difference between price and reference
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price and are region-specific. For the chosen alternative – for which price is

available – losses and gains are calculated with respect to the actual price paid.

Whereas, losses and gains of the other alternatives in the choice set are calcu-

lated based on the modal price for the same region in week t and week t − 1.

Losses and gains only occur when the distance between the actual price and

the reference price exceeds 0.05 £. Trimming observations within this range re-

duces their occurrence and increases the average magnitude of losses and gains,

to better discern their effect. Table 4 displays descriptive statistics of losses and

gains for each product in the choice set, in the three years estimation period.

Table 4. Proportion of Losses and Gains, and Average Distance from Reference
Price.

Prop. of losses Average loss Prop. of gains Average gain

Traditional stores

Product1 12.9% 0.83 (0.23) 13.2% 0.82 (0.25)
Product2 10.6% 0.52 (0.26) 11.8% 0.51 (0.25)
Product3 10.8% 0.50 (0.27) 11.2% 0.49 (0.25)
Product4 15.1% 0.10 (0.03) 15.3% 0.10 (0.03)
Product5 14.5% 0.85 (0.23) 15.3% 0.81 (0.25)
Product6 13.5% 0.10 (0.03) 14.0% 0.10 (0.03)

Online store

Product1 14.1% 0.80 (0.26) 14.3% 0.78 (0.28)
Product2 10.4% 0.50 (0.27) 11.0% 0.49 (0.25)
Product3 9.5% 0.47 (0.26) 10.6% 0.44 (0.22)
Product4 6.8% 0.10 (0.05) 7.4% 0.10 (0.05)
Product5 13.4% 0.87 (0.22) 14.9% 0.78 (0.27)
Product6 4.8% 0.11 (0.08) 5.0% 0.11 (0.07)

Notes: Average losses (gains) are the average distance between the actual price and the
reference price conditional on losses (gains). Standard deviations in parentheses.

Empirical model

The attributes included in the empirical model are price, gain, loss, size of the

bottle, whether the product has a private label or it is branded, and sugar con-

tent in g/100m; for all attributes, coefficients in the model are assumed to be

normally distributed. Interactions between alternative specific constants and
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demographic variables are included in the model. Demographics considered are

income, household size, number of children living in the house, social class (AB

class versus others) and highest level of education (whether degree or higher,

higher education or other types).

Control function approach is used to correct for price endogeneity in the em-

pirical model, as discussed in Section 2. A set of linear regressions on prices

are estimated using Hausman type instrumental variables Hausman (1996). For

each region, the instruments are the prices in the other GB regions. The resid-

uals are then used as a new variable in the discrete choice model.

The choice model estimates a parameter for the observed price and separate

paramenters for gain and loss (Kalwani et al., 1990). Therefore, the determin-

istic utility Vjit of alternative j with explicit attributes is:

Vjit = β1pjit + β2res pricejit + β3Gainjit + β4Lossjit + β5sugarjit

+β6sizejit +β7priv labjit +β8inci ∗Ak +β9hh sizei ∗Ak +β10childi ∗Ak

+ β11class ABi ∗ Ak + β12degreei ∗ Ak + β13high educi ∗ Ak (7)

where Ak is the alternative specific constant included for K − 1 alternatives,

and each interaction has K − 1 associated parameters. The final number of

parameters, with 6 alternatives in the choice set is therefore 7 + (5 ∗ 6) =

37. All parameters except for the interactions are assumed to follow a normal

distribution.

A mixed logit model is estimated with attributes and interactions specified in

(7). Maximum simulated likelihood is used for estimation.
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4 Results and discussion

Table 5 displays estimated parameters on traditional stores and online store

purchases. The standard deviations of some coefficients are significant, indicat-

ing that there is variation in the taste for attributes among individuals, which

is captured by the model. Table 6 displays model diagnostics. The complete

model, with added loss and gain parameters, fits the data significantly better

than the reduced one6, according to likelihood ratio test results, both for online

and offline models.

In general, higher prices, higher sugar content and private label (with respect

to main brands) decrease choice probability in both types of purchase, online

and offline. However, since coefficients are normally distributed, not all con-

sumers place negative value on those attributes, and we can retrieve the share

of consumers that places a positive value on each attribute (Train, 2009, Ch.

6). More specifically, our results highlight that in traditional stores almost all

consumers (98%) prefer lower prices, even if some consumers more than others.

In online stores, all consumer prefer lower prices and there is no variation (price

estimated standard deviation not significant). These results are in line with

our expectations. In the same fashion, despite on average consumers prefer low

sugar, for 26% of traditional consumers and 41% of online consumers higher

sugar content increases product utility; between 20% and 25% of consumers

prefer private labelled colas both online and offline.

We have seen that on average branded products cost almost three times as

private labelled products. Despite the fact that some consumers prefer pri-

vate label, willingness to pay results indicate that on average online consumers

6Estimated coefficients of the reduced model, without loss and gain parameters, are dis-
played in the Appendix.
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Table 5. Model results.

Traditional store Online store

Coefficients S.E. Coefficients S.E.
Income*Product1 0.12* 0.03 0.08 0.05
Hh size*Product1 -3.52* 0.42 2.17 1.17
Child*Product1 -0.61 0.84 -1.36 3.08
Class AB*Product1 7.54* 1.38 7.23* 2.92
Degree*Product1 2.95* 1.15 2.03 1.32
High educ.*Product1 -1.58 1.21 -3.18 1.77
Income*Product2 0.08* 0.02 0.12* 0.04
Hh size*Product2 -1.48* 0.24 1.31 1.14
Child*Product2 -1.17 0.72 -1.95 2.92
Class AB*Product2 7.50* 1.38 3.47 2.69
Degree*Product2 2.90* 1.02 -3.08* 1.39
High educ.*Product2 2.43* 0.91 -1.11 1.60
Income*Product3 0.12* 0.03 0.18* 0.05
Hh size*Product3 -4.24* 0.50 -0.39 1.21
Child*Product3 0.52 0.79 5.10 3.24
Class AB*Product3 7.86* 1.35 5.57 3.01
Degree*Product3 0.72 1.22 -1.03 1.56
High educ.*Product3 -0.71 1.30 -4.73* 1.95
Income*Product4 0.03 0.02 0.02 0.05
Hh size*Product4 -2.14* 0.37 0.04 0.78
Child*Product4 -1.61* 0.66 4.44 3.28
Class AB*Product4 4.15* 0.99 6.91 3.65
Degree*Product4 1.40 1.00 -0.77 1.93
High educ.*Product4 -2.60* 1.13 -5.17* 1.67
Income*Product5 0.08* 0.02 0.07 0.04
Hh size*Product5 -1.39* 0.30 1.43 1.19
Child*Product5 -1.01* 0.90 -4.02 3.02
Class AB*Product5 5.54* 1.34 2.37 2.85
Degree*Product5 2.06* 1.09 -2.59 1.39
High educ.*Product5 0.95 0.87 0.11 1.40
Price -5.14* 0.38 -3.37* 0.55
Loss -0.91* 0.37 -1.53* 0.77
Gain -1.59* 0.28 -0.25 0.46
Sugar -0.87* 0.13 -0.54* 0.10
Residual price 7.49* 0.54 6.70* 0.96
Private label -11.72* 1.13 -13.82* 2.19
Size 1.38 2.12 7.55 4.23
SD
Price 2.56* 0.34 -0.94 0.48
Loss 0.53 0.44 0.64 0.82
Gain 1.07* 0.38 -1.09 0.70
Sugar 1.34* 0.13 2.41* 0.26
Residual price 2.59* 0.50 2.46* 0.98
Private label 14.87* 1.16 20.96* 2.50
Size 26.38* 1.77 47.70* 4.36

Notes: Asterisk indicates the parameter is significant at the α=0.05
level
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Table 6. Models diagnostics.

k N LL LR test AIC BIC RMSE

Traditional stores
Reduced model 35 38,760 -4128.23

53.96***
8326.46 8626.24 3.22

Complete model 37 38,760 -4101.25 8276.50 8593.41 3.74

Online store
Reduced model 35 16,134 -1422.19

17.98***
2914.38 3183.48 3.69

Complete model 37 16,134 -1413.20 2900.40 3184.88 3.43

Notes: k=number of model parameters; N=number of observations; *** indicate the test
is significant at α=0.01 level, with two degrees of freedom; the Reduced model does not
include loss and gain parameters.

would be willing to pay £4 for the brand, ceteris paribus; consumers in tradi-

tional stores are willing to pay £2.3 for a cola with brand. Furthermore, results

indicate that on average consumers are willing to pay around 15 pence for each

1 gram per 100ml reduction of sugar, both online and offline.

Socio demographics significantly affect probabilities of choosing different colas.

For instance, in traditional stores the higher the income, the higher the prob-

ability of buying branded colas when shopping; on the other hand, the higher

the household size the higher the probability of buying product 6 (private label

with sugar), the opposite happens with being in class A or B, which decreases

the probability of buying product 6. However, this effect is lower when consid-

ering online choices. It is particularly interesting to note that household size

and number of children do not affect online choices. This may be due to the

limited influence that children have on online shopping (Ayadi and Muratore,

2020; Haselhoff et al., 2014).

Gain and loss parameters significantly affect choices in traditional stores,

while only losses seem to significantly affect online choices. Gain and loss are

always joined with price, therefore their coefficients have to be interpreted to-

gether with the price coefficient, since the higher the loss (gain), the higher

(lower) the price.
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An example could help to understand how loss and gain really affect choice

probabilities: suppose that in traditional stores there is an increase of price of

£1 for option j, while prices of other options remain constant. If we do not

consider the loss effect, price decreases total utility of alternative j of a certain

amount, because of the estimated coefficient −5.14. However, following our as-

sumption, we predict that the choice probability would decrease to a greater

extent as effect of loss aversion. In fact, if we jointly consider the effect of price

and loss, this is higher than price effect alone, −5.14+(−0.91) = −6.05. On the

opposite, if price decreases by £1, according to our model we must consider the

joint effect of price and gain, and thus −1 ∗ (−5.14) + (−1.59) = 3.55. There-

fore, the model rightly captures the loss aversion behaviour: when a loss occurs,

the negative contribution to utility of price and loss is higher than the positive

contribution given by price and gain. If we consider the online choice, the gain

effect is not significant, meaning that the contribution to utility in case of a

gain is prompt only by the price decrease effect and is not modified for effect of

a perceived gain. Still, the response in case of a loss is higher due to the loss

coefficient.

The change in choice probabilities when loss and gain occur can be simulated

by models prediction with different price, loss or gain. We derive elasticities for

price increase (and relative loss) and price decrease (and relative gain). Table

7 shows own-price elasticities7 in traditional and online sample and displays

results of the reduced model (without loss and gain parameters) and of the

complete model acounting for loss and gain effects. We can see in the table

that elasticities of the complete model account for loss aversion. This means

7Cross-price elasticities available upon request.
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that including loss and gain coefficients affects the change in choice probabili-

ties prompt by an increase or decrease in price. More specifically, compared to

the reduced model, the complete model predicts relatively higher decreases in

choice probabilities when price increases (i.e. loss aversion); on the other hand,

it predicts relatively lower increases in choice probability when price decreases.

This is true in general, except for a price increase in the online store, where loss

avesion effect seems to be mitigated.

Table 7. Price elasticities in choice probabilities.

Percentage change in choice probabilities when price increases by £1

Traditional sample Online sample

Reduced model Complete model Reduced model Complete model

Mean St. Err. Mean St. Err. Mean St. Err. Mean St. Err.

Product1 -13.65 0.05 -16.57 0.07 -11.66 0.03 -12.37 0.03
Product2 -10.34 0.04 -11.86 0.04 -7.29 0.02 -6.96 0.02
Product3 -11.00 0.04 -12.62 0.05 -8.12 0.04 -8.80 0.04
Product4 -6.79 0.02 -8.14 0.02 -4.22 0.02 -3.83 0.02
Product5 -8.10 0.04 -9.24 0.04 -5.63 0.03 -6.08 0.03
Product6 -6.02 0.03 -6.78 0.04 -2.71 0.02 -2.55 0.02

Percentage change in choice probabilities when price decreases by £1

Traditional sample Online sample

Reduced model Complete model Reduced model Complete model

Mean St. Err. Mean St. Err. Mean St. Err. Mean St. Err.

Product1 17.78 0.03 13.64 0.03 12.89 0.02 8.34 0.02
Product2 14.70 0.03 11.10 0.02 9.15 0.02 5.37 0.02
Product3 17.27 0.04 13.20 0.03 11.25 0.04 7.30 0.03
Product4 9.29 0.02 7.72 0.02 5.55 0.02 3.18 0.01
Product5 14.32 0.04 10.93 0.03 8.59 0.04 5.32 0.02
Product6 8.35 0.03 6.61 0.02 3.86 0.02 2.18 0.01

Notes: the Reduced model does not include loss and gain parameters.

5 Conclusion

We analyzed consumer choice behaviour in online versus traditional stores. In

particular, we explored whether and how reference price affects the choice of

cola on a large sample of observed purchases, based on results of mixed logit
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models with added coefficients for losses and gains relative to product price in

the previous purchase occasion.

Results confirm the existence of a reference price effect and loss aversion both on

online and offline choices. Furthermore, the asymmetry in consumer responses

due to price variations seems to be larger on choices made in traditional stores;

this is in line with previous results on lower price sensitivity of online consumers

(Andrews and Currim, 2004; Degeratu et al., 2000).

The existence of loss aversion has important practical implications for market-

ing activities such as price promotion and store layout, not only in traditional

stores, but also in online stores. Results of the present study confirm that con-

sumers behave differently when shopping online, meaning that in the online

store particular promotions can be proposed, which must be designed based on

the peculiar online consumer behaviour. Moreover, the online setting allows to

target specific consumers with ad-hoc promotions that can be based on each

individual purchase history.

Further research is needed on reference price effect on online consumer be-

haviour. In future studies, other definitions of reference effect can be explored

(Briesch et al., 1997); other products can be considered, to explore whether loss

aversion differes when purchasing e.g. more expensive products or perishable

products for which stockpiling under promotions is more difficult. Moreover,

studying heterogeneity among consumers is highly relevant.
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A Appendix

Table A1. Reduced Model results.

Traditional store Online store

Coefficients S.E. Coefficients S.E.
Income*Product1 0.12* 0.02 0.10* 0.05
Hh size*Product1 -4.29* 0.60 2.15* 0.72
Child*Product1 1.71* 0.76 -8.32* 2.18
Class AB*Product1 9.87* 1.29 7.19* 2.23
Degree*Product1 3.51* 1.05 0.49 1.40
High educ.*Product1 1.51 0.85 -2.52 1.66
Income*Product2 0.04 0.02 0.10* 0.04
Hh size*Product2 -0.48 0.26 2.25* 0.73
Child*Product2 -3.12* 0.81 -9.11* 1.98
Class AB*Product2 10.25* 1.25 3.49 2.02
Degree*Product2 0.98 0.99 -2.95 1.55
High educ.*Product2 4.23* 0.83 -2.45 1.59
Income*Product3 0.11* 0.02 0.19* 0.05
Hh size*Product3 -4.69* 0.52 -0.06 0.81
Child*Product3 1.45 0.75 -3.93 2.30
Class AB*Product3 10.10* 1.32 3.29 2.86
Degree*Product3 1.95 1.09 -0.47 1.83
High educ.*Product3 1.30 0.87 -2.67 1.90
Income*Product4 0.07* 0.02 0.07 0.04
Hh size*Product4 -3.89* 0.47 0.13 0.54
Child*Product4 1.98* 0.65 1.56 2.23
Class AB*Product4 6.57* 1.01 5.54* 2.26
Degree*Product4 1.09 0.89 -4.84* 1.73
High educ.*Product4 -1.32 0.75 -3.94* 1.77
Income*Product5 0.05* 0.02 0.10* 0.04
Hh size*Product5 -0.63* 0.30 1.90* 0.69
Child*Product5 -1.81* 0.76 -10.29* 2.10
Class AB*Product5 7.67* 1.25 3.59 2.11
Degree*Product5 -0.56 0.97 -2.45 1.60
High educ.*Product5 3.23* 0.83 -8.30* 1.52
Price -4.81* 0.32 -4.32* 0.55
Sugar -0.99* 0.15 -0.40* 0.09
Residual price 7.51* 0.56 7.77* 1.11
Private label -10.23* 1.22 -15.45* 2.10
Size 0.65 2.42 5.79 4.45
SD
Price -1.59* 0.26 -1.57* 0.49
Sugar 1.30* 0.11 1.67* 0.17
Residual price -2.93* 0.61 3.40* 0.94
Private label 17.74* 1.15 20.15* 1.93
Size 27.56* 1.67 45.22* 3.84

Notes: the Reduced model does not include loss and gain parameters.
Asterisk indicates the parameter is significant at the α=0.05 level
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