
APPENDIX 4.2 
 
 

Model of consumer demand for grocery stores 
 
 
Introduction 

1. This appendix presents the results of our empirical estimation of demand for grocery 
stores. Using data collected by TNS from 13,038 UK households, we apply an 
econometric model to explain households’ choice of local grocery store. We use the 
results of this econometric model to predict households’ reactions when faced with a 
small but significant change in those factors of the retail offer that can be changed 
easily, such as PQRS. The predictions about household substitution patterns gener-
ated by the model form a relevant piece of evidence and as such inform our findings 
regarding the product and geographic dimensions of the relevant markets. 

2. The results suggest that: (a) shoppers view stores operated by the four largest 
grocery retailers as substitutes, and that they also view Waitrose and Somerfield 
stores as substitutes to the stores of the four largest grocery retailers; (b) shoppers 
buying at larger grocery stores are far more likely to substitute towards other larger 
grocery stores than smaller stores, implying that larger grocery stores are the main 
competitive constraint for other larger grocery stores; and (c) consumer substitution 
is local, that is, where the PQRS of a grocery store deteriorates it will lose more to its 
nearest rivals than to those stores located more than a 10-minute drive-time away. 
This implies that the main competitive constraint is exercised by those stores located 
nearby. 

The data and the econometric model 

3. We used data from TNS that contains information on the shopping trips of 13,038 
households living in the UK for the four-week period from 9 October to 5 November 
2006.1 The dataset also provides information on some characteristics of each house-
hold, such as the social group it belongs to. Each household used a home scanner to 
collect details of each shopping trip, recording the date and the grocery store visited, 
total spend and an itemized list of grocery items purchased. The dataset provided to 
us included all shopping trips to outlets of six fascias: Asda, Morrisons, Sainsbury’s, 
Somerfield, Tesco and Waitrose. These retailers together account for over two-thirds 
of all UK grocery sales. 

4. The dataset covers all shopping trips for these households irrespective of the size of 
the purchases made on the trip: grocery expenditure totals less than £5 for some 
shopping trips, and more than £50 for many others. Depending on the amount they 
spend and the type of shopping trip, households may react differently to a change in 
PQRS. Therefore, we have constructed a sample that contains one ‘major’ shopping 
trip for each household. We defined major shopping trips as those whose expendi-
ture accounted for at least 60 per cent of a household’s weekly expenditure on 
groceries as reported in the sample. We also constructed another random sample 
based on ‘minor’ shopping trips whose expenditure represented less than 60 per cent 
of a household’s weekly expenditure on groceries. We estimated our model on both 
samples separately and compared the results. 

 
 
1The sample period did not include any major holidays or events that might affect consumers’ behaviour. 
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5. During this investigation, we have collected a comprehensive dataset for many UK 
grocery stores. This allowed us to determine the choice of local grocery stores for 
each household in the TNS dataset. We computed the drive-time between each 
household’s home and each local grocery store in the household’s choice set based 
on the existing road network, rather than using a more simplistic straight line as a 
measure of distance. For all these grocery stores, we also have information on 
characteristics, such as store size, which we consider to be important when 
evaluating the choices of households. We also collected detailed information on 
sales and prices for a selection of 189 grocery goods included in the ONS basket of 
goods during one week in 2006. This data allowed us to assess the prices and the 
range of available products at each individual store. 

6. We applied standard econometric methods that are commonly used to estimate 
consumer demand in differentiated product industries where household level data is 
available.2 We treated each household as an individual entity that selects one 
grocery store out of all stores that are within reasonable reach of their home.3 Based 
on the observed choices made by each household, the model estimates the 
probability that a household purchases its groceries from a specific local grocery 
store. This probability estimate is based on the characteristics of both the household 
and its nearby stores, as well as on the drive-time between each store and the 
household’s home. We checked the model’s predictions against households’ actual 
choices. We were then able to predict the extent of household switching following a 
change in PQRS.4 

7. We have continued to develop our econometric demand model after the publication 
of our provisional findings. In particular, we have conducted some robustness checks 
that have led us to modify our model’s specification. Our additional sensitivity 
analysis, based on different price measures, showed large variations in the price 
coefficient estimates, which introduced a level of uncertainty to our econometric 
results. Most grocery retailers included in our dataset have adopted a uniform 
national pricing policy which makes it difficult to identify a price effect from a fascia 
effect, even when using prices net of discounts and other promotional offers. We 
have therefore decided not to include a separate price variable in the model.  

8. Instead of using price, we rely on other aspects of PQRS to determine a household’s 
reaction to a small but significant change in PQRS. We rely on two aspects of PQRS, 
product availability and the level of retail service at each store. The lack of product 

 
 
2We estimate a mixed multinomial logit (MMNL) model which belongs to the family of discrete choice models. In the technical 
annex, we provide further technical information on this class of models. 
3In general, we consider all stores within 20 minutes’ drive-time of each household’s home. If the choice set contains less than 
30 stores, then we extend the choice set to up to 90 minutes’ drive-time. We consider that the probability of any household 
shopping at a grocery store outside the choice set is zero. 
4Tesco submitted the results of an econometric analysis using a simple conditional logit model based on 186,000 actual 
shopping trips from the TNS Superpanel data. Tesco used the estimation results of the model to translate average consumer 
preferences for some store characteristics into drive-time equivalents. It submitted that when looking at size alone, the results 
suggest that customers place extra weight on stores above 280 sq metres compared with stores smaller than this, but that 
there is no clear distinction between stores above 280 sq metres. Moreover, over and above the size differences captured by 
different fascias, Tesco said that the results showed that consumers do not place further value on store size (either in absolute 
terms or relative to the largest store in the area) for stores above 280 sq metres. Tesco considered that this result from its 
analysis was relevant to product market definition, since it did not support an absolute or relative store size cut-off (other than 
above 280 sq metres) but only a fascia distinction. The model submitted by Tesco also considered that this analysis showed 
that the LADs provided an equal or greater competitive constraint as other fascia included in our market definition; in particular, 
that customers were more likely to choose an LAD store than stores operated by Waitrose, M&S or Somerfield. However, the 
model submitted by Tesco suffers from a series of shortcomings. Unlike our model, the substitution pattern in the model 
submitted by Tesco is affected by the IIA assumption. Second, the model submitted by Tesco appears to assume that 
households’ decisions are not correlated over time, which does not seem realistic. Third, the model submitted by Tesco 
includes fascias for which store locations are not available in the TNS dataset. Further, the Tesco analysis does not include 
analysis on the willingness of customers of larger stores to switch to smaller stores following a small but significant change in 
the retail offer. Without such information, we consider that the model submitted by Tesco has little relevance to customer 
substitution patterns. 
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availability should indicate a deterioration of PQRS. We rely on the number of staff to 
serve as a proxy for the service quality at each store. In principle, a well-staffed store 
is more likely to offer a higher quality of service. The econometric results that are 
provided in the technical annex show that these two variables affect households’ 
choice of grocery stores.5 

9. The results of our demand estimation cannot be readily used in a formal SSNIP test 
for many reasons. First, the model explains households’ choice of grocery store, but 
it does not explain households’ expenditure on grocery products.6 Following a 
change in PQRS, households could either switch to other local stores, or change the 
composition of the basket of products that they purchase, which is likely to affect their 
total expenditure at the store. As a result, the number of households that switch to 
another local store does not directly translate into lost grocery volume for a given 
store. Without this information it is not possible to directly compute the change in 
store profit. Second, we do not have information on consumer shopping at grocery 
stores that do not belong to the six fascias included in the dataset.7 As a result, the 
model explains households’ choice of grocery stores conditional on selecting a store 
from one of six large grocery retailers in the UK. The absence of an ‘outside option’, 
that is the possibility of grocery shopping outside the six fascias included in our data-
set, affects the magnitude of households’ propensity to switch as predicted by the 
model, and therefore on the profitability of a deterioration in PQRS to a retailer. 
Finally, the demand model relies on variation in non-price elements of PQRS to 
identify substitution patterns. Even though a deterioration of PQRS at a store will 
affect its profitability, we do not have sufficient information to enable us to quantify 
directly the impact of non-price factors such as a change in product availability or the 
number of staff. As a result, formally modelling the hypothetical monopolist test using 
a change in non-price factors is even more difficult than using a small but significant 
change in price. 

10. In spite of not formally quantifying the hypothetical monopolist test, the results of the 
demand estimation provide some insight into household’s substitution patterns. In 
particular, the model provides evidence regarding the importance of store size, as 
well as the extent of demand substitution between grocery stores in local areas. This 
information is relevant for our consideration of market definition which we set out in 
Section 4 of the main report. 

The model’s predictions 

11. Using the econometric estimates of the demand model, we can predict households’ 
reaction to a small but significant change in PQRS.8 In particular, we assess the 

 
 
5We use proxies for staff and product availability which do not stem from exactly the same time period as the consumer choice 
data. However, we consider that the proxies are highly correlated with service level and product availability at the store level at 
the time when the consumer choices where made and we discuss this in more detail in the technical annex. 
6The model does not predict a particular choice for an individual household but instead it shows the probability of shopping at 
the different stores within its choice set (ie Asda, Morrisons, Sainsbury’s, Somerfield, Tesco and Waitrose). A change in choice 
thus reflects a change in the probability of shopping at the different stores. By summing these probabilities over all consumers, 
we generate market shares for each fascia. A change in these market shares (or probabilities) is the result of a household 
switching stores. 
7For its estimation of a conditional logit, Tesco uses data from TNS. In that analysis, it refers to a greater range of fascias than 
we included in this model. However, it is our understanding that TNS records the store location for only the six fascias included 
in our dataset. Because we could not obtain reliable information on store location, we are unable to extend our analysis to 
compute the drive-time between a consumer’s home and relevant grocery stores for these additional fascias. We note that the 
Tesco TNS dataset is from an earlier period than ours (April to June 2005) and we understand that there is some uncertainty 
when attempting to identify correctly the location of the store that the customer shopped at prior to the period of our dataset 
(although a greater range of fascias may have been available). 
8In a discrete choice model the coefficient estimates represent the impact of a certain variable on a consumer’s utility. To 
assess the impact on market outcomes, we therefore compute the extent of aggregate consumer switching following a small 
but significant change in the retail offer and present these derived results instead. The coefficient estimates are provided in the 
technical annex. 
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change in reaction to a decrease in the availability of a selection of grocery products 
and to a change in the service level. The model predicts the proportion of households 
who switch to competing fascias and different store sizes in response to such 
change. The model’s predictions also provide evidence on the geographic scope of 
household switching. 

Household switching across fascias 

12. We predict the percentage change in household choice of grocery store based on a 
small decrease in product availability and staff levels of one fascia; the resulting 
change in market share for this fascia; and how much competing fascias benefit from 
this change in PQRS. For each fascia, the results for major shopping trips are 
reproduced in Table 1. 

TABLE 1 Percentage change in the share of households buying from different fascias following a change in PQRS of 
a rival—major trips 

      per cent   
       
 Asda Morrisons Sainsbury's Somerfield Tesco Waitrose 
       

5% decrease in product availability 
Asda –8.95 3.44 2.97 1.53 2.65 1.76 
Morrisons 2.01 –8.64 1.53 1.24 1.45 1.29 
Sainsbury's 1.92 1.68 –9.23 1.25 2.09 3.30 
Somerfield 0.25 0.32 0.28 –6.13 0.30 0.31 
Tesco 4.15 3.69 4.92 3.32 –7.33 5.89 
Waitrose 0.12 0.15 0.31 0.15 0.25 –10.53 
       
5% decrease in staff level 
Asda –0.88 0.33 0.28 0.17 0.27 0.13 
Morrisons 0.35 –1.59 0.28 0.23 0.28 0.18 
Sainsbury's 0.33 0.31 –1.74 0.24 0.43 0.47 
Somerfield 0.01 0.01 0.01 –0.26 0.01 0.01 
Tesco 0.85 0.82 1.17 0.60 –1.59 1.08 
Waitrose 0.01 0.02 0.03 0.02 0.03 –1.18 
 
Source:  CC analysis. 
 
 
 
13. Our results show that shoppers appear more likely to change grocery store when 

they face a 5 per cent decrease in product availability than a 5 per cent decrease in 
staff level. This suggests that households are more reactive to product availability. 
For example, Asda’s share of customers declines by 9 per cent after a 5 per cent 
decrease in product availability, whereas a 5 per cent decrease in staff results in less 
than 1 per cent decline in its share of customers.  

14. Second, the results show some small differences in household sensitivity to these 
changes in PQRS across the various fascias. The loss in market share for a 5 per 
cent decrease in product availability ranges from 6.1 per cent (Somerfield) to around 
10.5 per cent (Waitrose). After a 5 per cent decline in staff level, Sainsbury’s share 
would decline by 1.7 per cent, while that of Somerfield would decline by only 1.3 per 
cent. 

15. Third, we analysed which rival fascia households switch to. The model predicts how 
each grocery chain is likely to benefit from a small change in a rival’s product 
availability and staff level. In general, all fascias gain from the deterioration in a rival’s 
product availability or staff level. The results do not indicate that one fascia would 
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substantially benefit in comparison with other rivals. This result is consistent both for 
a change in product availability and a change in staff level.9 

16. Nevertheless, we observe a few consistent small differences in how some fascias 
benefit from others’ change in PQRS. For example, when all Asda grocery stores 
reduce their product availability by 5 per cent, Morrisons, and to a lesser extent 
Sainsbury’s and Tesco, gain more than Waitrose and Somerfield, but in general the 
differences are small. We can also see that Somerfield and Waitrose benefit less 
than other fascias from a decline in product availability in all Morrisons stores, 
although, again, the differences are small. Similar observations apply for the 
predictions based on a 5 per cent decline in staff level. 

17. Also, when reading the results down a single column, we can see that Waitrose gains 
most from a reduction in product availability by Tesco (5.9 per cent for a 5 per cent 
decrease) and Sainsbury’s (3.3 per cent for a 5 per cent decrease), but less from a 
decrease in product availability by Asda, Morrisons or Somerfield. These obser-
vations are consistent for a change in staff level. 

18. Table 2 reproduces the model’s predictions using minor shopping trips. The pattern is 
similar to that of major trips. Households appear somewhat less sensitive to changes 
in product availability for minor shopping trips, but there is nearly no difference 
between major and minor shopping trips regarding staff level. 

TABLE 2 Percentage change in the share of households buying from different fascias following a change in PQRS of 
a rival—minor trips 

      per cent   
       

 Asda Morrisons Sainsbury's Somerfield Tesco Waitrose 
       

5% decrease in product availability 
Asda –6.04 1.84 1.62 1.06 1.42 0.97 
Morrisons 1.46 –5.95 1.13 0.90 1.12 0.89 
Sainsbury’s 1.47 1.29 –6.43 1.18 1.61 2.63 
Somerfield 0.55 0.56 0.62 –4.75 0.61 0.52 
Tesco 2.21 2.15 2.68 1.92 –5.37 2.99 
Waitrose 0.18 0.20 0.49 0.21 0.35 –7.59 
       
5% decrease in staff  
Asda –0.85 0.25 0.22 0.16 0.21 0.12 
Morrisons 0.33 –1.38 0.26 0.22 0.27 0.16 
Sainsbury’s 0.33 0.30 –1.46 0.27 0.38 0.48 
Somerfield 0.03 0.03 0.03 –0.23 0.03 0.02 
Tesco 0.62 0.59 0.78 0.49 –1.49 0.77 
Waitrose 0.02 0.03 0.06 0.02 0.05 –1.00 
 
Source:  CC analysis. 
 
 
 
19. We conclude that shoppers’ propensity to switch following a small but significant 

deterioration of PQRS is somewhat higher for major shopping trips than for minor 
ones. Finally, while there are small differences in the competitive constraints that the 
different fascias exert on each other, all fascias in our sample appear to compete 
closely.  

 
 
9Tesco put to us that we should repeat this analysis including the LADs in each household choice set to check whether they 
exert significant competitive constraints on the other fascias. As TNS does not have location information for the LAD stores, an 
important explanatory variable in our model of consumer choice is missing. Therefore, we were not able to do this. 

 A4(2)-5



Household switching and store size 

20. The estimation results allow us to determine how the share of households buying 
from larger grocery stores changes following a small but significant deterioration in 
PQRS. In particular, we analyse the proportion of those shoppers who switch to other 
larger competitor stores. 

21. Table 3 presents these ‘diversion ratios’ for major trips and minor trips for a 5 per 
cent reduction in product availability. Regardless of the type of shopping trip, the 
results show that the vast majority of shoppers lost from larger stores will be gained 
by other larger stores. That proportion is higher when the store is larger than 
1,400 sq metres. For example, for a major trip with a 5 per cent change in product 
availability, about 95 per cent of households lost by Asda stores larger than 1,400 sq 
metres would switch to competitor stores larger than 1,400 sq metres. This figure 
declines to around 88 per cent when the experiment is repeated with Asda grocery 
stores whose net sales area is greater than 2,000 sq metres. This differential in 
results indicates that a proportion of households substitute shopping at a store larger 
than 2,000 sq metres with stores shopping at stores between 1,400 and 2,000 sq 
metres. 

TABLE 3 Proportion of marginal shoppers buying at larger stores switching to other larger stores—5 per cent change 
in product availability 

  per cent  
 

 Major trips Minor trips 
   
 
 

Fascia 

Proportion to 
stores larger 

than 1,400 sq m 

Proportion to 
stores larger 

than 2,000 sq m 

Proportion to 
stores larger 

than 1,400 sq m 

Proportion to 
stores larger 

than 2,000 sq m 
     

Asda 94.84 87.74 86.55 76.27 
Morrisons 94.03 88.14 85.42 78.75 
Sainsbury’s 94.30 84.77 83.76 71.30 
Somerfield 83.33 N/A 77.78 N/A 
Tesco 91.67 82.07 82.47 70.00 
Waitrose 93.33 85.71 83.33 71.43 
 
Source:  CC analysis. 
 
 
Notes:   
1.  We are not reporting results for Somerfield stores above 2,000 sq metres as there are very few of them in the sample which 
may lead to computational inaccuracies. For the same reason, the results for Somerfield and Waitrose stores above 1,400 sq 
metres should be interpreted with caution.  
2.  N/A = not available. 
 
22. The results in Table 3 show that the proportion substituting to other similar-sized 

larger stores is not as significant for minor trips, yet more than 80 per cent of those 
customers switching after a decline in product availability would now shop at other 
larger stores larger than 1,400 sq metres. This shows that in general, customers of 
larger stores tend to switch to other larger stores, although this relationship is not as 
strong for households undertaking a minor shopping trip. 

23. Table 4 presents a similar set of results for a 5 per cent change in staff level. The 
results follow the same pattern. Following a reduction in the level of staff, customers 
shopping at larger stores tend to switch to other larger stores. 
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TABLE 4 Proportion of marginal shoppers buying at larger stores switching to other larger stores—5 per cent change 
in staff level 

  per cent  
 

 Major trips Minor trips 
   
 
 

Fascia   

Proportion to 
stores larger 

than 1,400 sq m 

Proportion to 
stores larger 

than 2,000 sq m 

Proportion to 
stores larger 

than 1,400 sq m 

Proportion to 
stores larger 

than 2,000 sq m 
     

Asda 93.76 85.99 84.19 73.54 
Morrisons 92.89 86.83 84.06 76.01 
Sainsbury’s 92.88 83.94 81.89 69.40 
Somerfield 91.51 92.45 85.53 85.49 
Tesco 91.18 80.73 80.55 67.48 
Waitrose 92.37 83.41 83.92 71.45 
 
Source:  CC analysis. 
 
 
Notes:   
1.  We are not reporting results for Somerfield stores above 2,000 sq metres as there are very few of them in the sample which 
may lead to computational inaccuracies. For the same reason, the results for Somerfield and Waitrose stores above 1,400 sq 
metres should be interpreted with caution. 
2.  N/A = not available. 
 
24. Overall, these results show that households consider that larger grocery stores are 

the next best alternative to other larger grocery stores. We conclude that the main 
competitive constraint faced by a store larger 1,400 sq metres is another store larger 
than 1,400 sq metres. 

Geographic dimension of demand substitution 

25. The econometric results can be used to assess empirically the extent to which 
grocery stores will lose customers to other local grocery stores following a small but 
significant deterioration in PQRS. The results show that the grocery stores geo-
graphically close to their rival are most likely to benefit from a deterioration of PQRS. 
This provides evidence that nearby grocery stores exert a greater degree of com-
petitive constraints than distant competitors. 

26. Table 5 presents results based on the model’s predictions. Following a small but 
significant change in product availability or staff level, few households are willing to 
incur higher travelling costs to buy from stores farther away. As a result, competitor 
stores located beyond a 10-minute drive-time will benefit much less than those 
located closer. For example, following a 5 per cent change in product availability, the 
share of competitor stores within 5 minutes’ drive-time increases by 2.1 per cent, 
while that of stores located within a 5- to 10-minute drive time increases by 1.4 per 
cent. As we increase the drive-time with competitor grocery stores, the change in 
share becomes much smaller. This indicates that shoppers will view stores located 
farther away as far less credible alternatives. 

27. The results for households undertaking minor shopping trips show a similar pattern, 
yet the propensity of households not to switch to stores located farther away is 
somewhat stronger. 
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TABLE 5 Change in market share of stores within various distance bands of a store that deteriorates its retail offer—
major trips 

     per cent   
      

Percentage change in predicted 
choice probabilities 

Store which 
changes retail 

offer 
Competitors 
within 5 mins 

Competitors 
within 5–
10 mins 

Competitors 
within 10–
15 mins 

Competitors 
within 15–
20 mins 

      
Major trips      
5% decrease in product availability –8.74 2.05 1.37 0.73 0.39 
5% decrease in staff  –1.21 0.33 0.25 0.13 0.07 
      
Minor trips           
5% decrease in product availability –6.43 1.98 1.15 0.52 0.25 
5% decrease in staff –1.16 0.30 0.21 0.11 0.06 
      
Source:  CC analysis. 
 
 
 
28. These results clearly show that competition between grocery stores is essentially 

local. Even though prices are set uniformly across local areas, a deterioration of 
other aspects of PQRS will benefit rival grocery stores that are geographically close. 
The effect on the market share of distant competitors becomes smaller as the 
distance to these competitors increases. 
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ANNEX 1 
 
 

Detailed results from the estimation of a discrete choice model 

1. This technical annex presents the demand model we estimated as well as a large set 
of results from the estimation of the discrete choice model using micro-level data. 

Discrete choice model 

2. We apply a discrete choice framework to estimate household choice of grocery 
stores. Using micro-data on observed households’ choices of grocery stores among 
a number of realistic local alternatives, we can estimate a model that explains house-
hold choice. When there is more than one alternative to choose from (in this context, 
two or more grocery outlets within the reach of a household), these models are called 
multinomial. More specifically we estimate a choice model that belongs to the class 
of MMNL models.10  

3. Discrete choice models make a number of assumptions about household 
behaviour.11 They assume that households will select a single alternative that pro-
vides the highest utility level. In addition, as we do not observe all attributes of each 
alternative, a portion of household utility derived from each alternative is assumed to 
be random and follows a specific probability distribution. By making this assumption, 
it is possible to derive theoretical ‘choice probabilities’ for each household and each 
available alternative. These probabilities will depend not only on household charac-
teristics and the attributes of alternatives, but also on some unknown parameters. 
The estimation algorithm selects a value for these unknown parameters so that the 
theoretical choice probabilities for all households and all alternatives predict the 
actual distribution of observed choices as closely as possible. The parameter esti-
mates allow us, in a second step, to assess households’ reaction to changes in the 
attributes of available grocery stores.  

4. In the standard multinomial logit model (MNL) the (indirect) utility of household i when 
shopping at store j, which is one of the alternative stores in its choice set Ji, is given 
by: 

ijijdistjstaffjprodavxjij diststaffprodavxu εθθθθ +−++= '  

where xj is a vector of store characteristics that affect the household’s choice of 
grocery store. Store characteristics include store fascia, store size, store amenities 
such as, for example, a petrol forecourt and the presence of a coffee place. PQRS—
specified by the price, the range and availability of products and the service quality—
also will play an important role in the household’s decision. In this model, PQRS is 
determined by prodavj which is a measure of product availability at store j and staffj is 
the number of staff. Other aspects of PQRS that do not vary on a store level basis, 
such as price and product quality, are captured by the fascia dummy variables. 
Finally, distij is the drive-time between store j and household i. The unobserved part 
of household i utility from shopping at store j is given by εij. In our case, this repre-
sents unobserved store and household taste characteristics.  

5. Unlike the previous model specification presented in Appendix 4.2 of the provisional 
findings, we have not included a separate price variable in the utility function. Of the 

 
 
10The mixed-logit model, as shown by McFadden and Train (2000), can approximate any random utility model under mild 
regularity conditions. 
11For a thorough introduction on discrete choice model see Train (2003). 
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six fascias included in our empirical analysis, five have adopted a national pricing 
policy, namely Asda, Morrisons, Sainsbury’s, Tesco and Waitrose. Somerfield is the 
only fascia that varies prices locally. Even though net prices, that is, prices including 
discounts and multi-buys, vary for all retailers in our dataset, this variation is too 
small to identify a price coefficient.  

6. We have conducted a sensitivity analysis of our estimation results using different 
price measures. This shows that the variation in net prices is insufficient for identify-
ing the price coefficient. Although the various price measures we have used are not 
very different,12 the price coefficient estimates and the derived elasticity estimates 
are too far apart to offer a sensible interpretation. This is because the variance of the 
price variable is not large enough to separately identify the price coefficient from the 
coefficients on the fascia dummy variables.13 The supplement to this annex presents 
this issue in more detail and sets out the outcome of the sensitivity analysis. 

7. Instead of the price variable, we include some proxy measures for other aspects of 
PQRS that vary locally, namely product availability and the level of retail service, in 
the household utility function. The product availability variable measures how many 
of 189 essential groceries products where available at each store during one week in 
February (see the supplement for more details). The number of staff serves as a 
proxy for the service quality at each store. 

8. Each household compares all available alternatives and chooses the grocery store 
that provides the highest level of utility: iikij Jjkjkuu ∈≠∀> ,; , where  represents 
the choice set of household i. Because some components of the utility function are 
unobserved, we can only predict the probability that each alternative will be selected. 
The mathematical expression for this probability depends in part on the specific 
distribution of the random component of utility. When this random component is 
assumed to be an independently and identically distributed type I extreme value, then 
the probability of each alternative has a closed-form solution that is given by the 
standard logit formula: 

iJ

Equation 1 

∑ ∈
+−++

−++
=

∈≠∀−−−+

−+−>−=
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9. MNL models have well-known shortcomings. Because choices between two alterna-
tives are not allowed to depend on the characteristics of other alternatives in the 
choice set (independence of irrelevant alternatives (IIA) property), this can result in 
implausible substitution patterns. Consider, for example, that a household has a 
choice between a Morrisons store and a Waitrose store and that our discrete choice 
model attributes a probability of ½ of choosing either of them. Now assume an Asda 
store is introduced in the household’s choice set. A standard logit model would 
assume that the household selects Morrisons, Waitrose or Asda each with a 

 
 
12The differences are in how many product prices are included in the measure, how the individual prices in the basket are 
aggregated and how missing price information at a store due to lacking product availability is accounted for. 
13The fact that a regression of fascia dummy variables on net price reveals that 99 per cent of net prices variation is explained 
by these dummy variables is compelling enough. 

 A4(2)-10



probability of ⅓, that is, keeping the odds of selecting Morrisons over Waitrose 
constant. However, if Morrisons and Asda tend to be viewed as closer substitutes, 
the probability will change. In this scenario it is more likely that the probability of 
choosing the Waitrose store would remain at about ½ while the household would 
choose either Tesco or Asda with a probability of ¼ (or something close to it).  

10. MMNL models do not impose the IIA assumption. Unlike the MNL model, households 
are allowed to have differing tastes for observed store characteristics. As a result, 
some households might put a higher value on being geographically close to their 
grocery outlets than others. In this case, these households may not substitute to 
stores located much farther away compared with other households who do not mind 
travelling for their grocery shopping. We adopt the same utility function as in the MNL 
model, except that we allow three of the parameters to be random, prodavθ , staffθ  and 

distθ . That is, these parameters can take different values across households. We let 
households differ in their propensity to prefer product availability and service level, as 
well as in their preference to travel. The computation of the choice probabilities 
follows the same procedure as above. Each household, knowing their value of prodavθ , 

staffθ  and distθ , chooses the grocery store that provides the highest level of utility.  

11. Because we do not know the values of prodavθ , staffθ  and distθ , we have to build an 
expectation over these parameters to predict the choice probabilities:  

Equation 2 
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The expectation is built over the specific probability distribution 

),;,,( βθθθ idiststaffprodav zG  that depends on the household’s characteristics  and a 
vector 

iz

β  of unknown parameters that will be estimated (instead of diststaffprodav θθθ ,, ). 
We assume that  is jointly log-normal. The vector (.)G β  includes parameters for the 
mean and standard deviations of product availability, number of staff, and distance, 
as well as the co-variances between these variables. The mean will be a linear 
function of the household specific characteristics, household size, a dummy variable 
for belonging to social group D or E, and a dummy variable for car ownership as well 
as an intercept.  

Estimation methodology 

12. The choice probabilities in Equation 2 depend on unknown parameters. In this 
section we describe how we estimate these parameters from the data. The main idea 
behind the estimation methodology is that the value of these parameters is selected 
so that the predicted choice probabilities match the observed choices as closely as 
possible. The probability of observing the combination of choices in our sample is 
equivalent to the probability that each of the households in our dataset chooses the 
observed alternative. As households’ decisions are independent from each other, this 
joint probability is given by the product of the individual choice probabilities as shown 
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respectively in Equation 3(a) and (b). Using the method of Maximum Likelihood we 
maximize this joint probability (or alternatively the logarithm of it) with respect to the 
unknown parameters:  

Equation 3 
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where  is an indicator representing whether the alternative was chosen (ijd 1=ijd ) or 
not ( ). 0=ijd

13. The computation of choice probability for the MMNL model involves solving for an 
integral that is not analytically tractable. We will therefore solve this integral by 
numerical simulation. The parameter estimates are obtained by maximizing the simu-
lated likelihood function. That is, in the likelihood function we replace the analytical 
choice probabilities with the simulated ones as given below.  

14. The simulation of the choice probability of household i can be carried out as follows: 
for a given parameter vector β  and household characteristic vector , we randomly 
draw 

iz

prodavθ , staffθ  and distθ  from the distribution ),;,,( βθθθ idiststaffprodav zG . For each 

of these random draws ,  and , s=1…S, we compute the 
corresponding choice probability for the selected alternative. Next we compute the 
mean probability over all S draws, and this gives the simulated choice probability for 
household i:  
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Data 

15. The demand model is estimated using data from a TNS panel comprising 13,038 UK 
households that regularly report on their grocery shopping trips. Each household in 
the panel records, using a home scanner, the date and the grocery store visited as 
well as the total amount spent and a list of grocery items purchased on each of its 
grocery trips. TNS additionally collects socio-demographic information for these 
households such as residential location, household size, social grade and car 
ownership. 

16. We used a random sample of shopping trips recorded during a four-week period in 
2006 (9 October to 5 November). For each household, the decision to shop at a 
certain grocery store and the amount spent on each trip is clearly correlated across 
shopping trips. For example, a household who spent a large amount on groceries 
one day is less likely to buy a large amount the following day. On the other hand, if 
they have not shopped for groceries for a while, they will likely do so within the next 
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few days. To abstract from such dynamic considerations in the household’s decision 
problem we will concentrate on one trip per household.14  

17. Not all shopping trips are equivalent. Many households undertake one major 
shopping trip a week; in contrast, others frequently visit one or more grocery stores 
during a week. Because household sensitivity with respect to PQRS and store 
characteristics may be different depending on the nature of the shopping trip, we split 
the data into major and minor shopping trips. Major shopping trips consist of trips 
whose expenditure represents at least 60 per cent of household average weekly 
spending. We find that 86 per cent of households (11,234) conduct at least one major 
weekly shopping trip over the observed four-week period. Minor trips are all others, 
and we find that they are conducted by 56 per cent of households (7,188) in the 
observed period. From the sample of ‘major’ shopping trips, we randomly draw one 
trip per household. We perform the same exercise for minor shopping trips. The 
following summary statistics provide information on the two samples.  

18. Table 1 reports summary statistics for the socio-demographic variables included in 
the two samples. A little more than 50 per cent of households in both samples have 
either one or two members, and about 65 per cent of them own at least one car. We 
also note that social groups D and E represent about 30 per cent in each sample 
while the rest belong to either the groups A and B or to C1 and C2.15 Overall the 
statistics are very similar across the two samples. The similarity in the distribution of 
demographic confirms that the samples have been randomly selected. 

TABLE 1   Summary statistics of random sample of major shopping trips in TNS sample data  
 

Major trips Minor trips 
  

HH size Cars Social grade HH size Cars Social grade 
 %  %  %  %  %  % 
            

1 19.52 0 13.77 A, B 10.49 1 19.44 0 14.66 A, B 10.02 
2 35.64 1 52.15 C1, C2 59.27 2 37.74 1 52.94 C1, C2 58.18 
3 17.08 2 29.38 D, E 30.24 3 17.07 2 27.85 D, E 31.80 
4 18.43 3 3.71   4 16.88 3 3.62   
5 6.82 4 0.75   5 6.33 4 0.71   

>=6 2.51 5 0.15   >=6 2.54 5 0.17   
  6 0.09     6 0.06   

 
Source:  Sample from the TNS Consumer Panel. 
 
 
 
19. Table 2 presents the distribution of shopping spend and the drive-time between 

household and grocery outlets. As expected, households spend on average con-
siderably less on their minor trips than on their major trips. Shopping spends vary 
greatly, with the top 25 per cent of households spending above £66.64 on major trips 
and £16.87 on minor trips. In contrast, 25 per cent of households spend less than 
£25.18 on major trips and less than £4.60 on minor trips. The median major shopping 
trip represents £43.13 while the median minor shopping trip represents £9.20.  

20. We have commissioned CACI, a provider of marketing and information systems, to 
compute the drive-time between a household and a store’s location (reported in 
minutes) that is included in this demand model to explain household selection of local 
stores (see Appendix 3.2). Our analysis shows that households tend to shop closer 

 
 
14To accommodate this dynamic aspect of consumer behaviour we would have to allow unobserved factors to be correlated 
over time. This presents some additional difficulties for the estimation of the econometric model. 
15The classification follows the National Statistics Socio-economic Classification provided by the ONS. It is an occupationally-
based classification but has rules to provide coverage of the whole adult population. For further information see: www.statistics. 
gov.uk/methods_quality/ns_sec. 
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to home on minor trips. The median household, for example, shops within 8 minutes 
from where they live for major trips and within 7 minutes for minor trips. Further, 
11 per cent of households shop within 1 minute and only 10 per cent shop further 
away than 17 to 18 minutes. 

TABLE 2   Distribution of shopping spend and drive-time 
 
Quantile Major trips Minor trips 

   

% 
Spend 

£ 
Drive-time 

mins 
Spend 

£ 
Drive-time 

Mins 
     

Min 0.49 1 0.10 1 
25 25.18 5  4.60 4 
50 43.13 8 9.20 7 
75 66.64 13 16.87 11 

Max 829.00 88 99.32 87 
 
Source:  Sample from the TNS Consumer Panel. 
 
 
 
21. The choice data provided to us contains only those stores for which TNS knows the 

location of the store.16 TNS told us that information on store location is only available 
for the six fascias: Asda, Morrisons, Sainsbury’s, Somerfield, Tesco and Waitrose. 
Our choice model is therefore restricted to these fascias. Where we know the 
location of the store, we commissioned CACI to compute the drive-time between a 
household and these stores.  

22. We assume that each household will choose a grocery store that is within reasonable 
reach. To start with, we assume that households have a zero probability of visiting 
grocery stores farther away than 20 minutes’ drive-time of their home (only 6 per cent 
of households actually visited outlets beyond this distance) as each household 
should have many alternatives within that range. Therefore, all grocery stores within 
20 minutes of a household form that household’s choice set. However, if a choice set 
contains fewer than 30 grocery stores, we include grocery stores that are up to 
90 minutes away from the household location. We did this for about 55 per cent of 
the households in our sample. Table 3 shows the fascias available to households 
and those that are actually selected. For example, while nearly 25 per cent of 
households have a Somerfield store in their choice set, only 4.25 per cent choose to 
undertake a major shopping trip at a Somerfield store. 

TABLE 3   Available fascias and household choice 

 

 

 

 
per cent  

 
 In household’s choice set Household’s choice 
   

Fascia Major trips Minor trips Major trips Minor trips 
     

Asda 12.42 12.31 23.85 19.71 
Morrisons 12.47 12.35 15.72 16.49 
Sainsbury’s 19.49 19.50 17.38 18.82 
Somerfield 24.01 24.09 4.25 10.95 
Tesco 25.30 25.33 36.91 30.22 
Waitrose 6.31 6.42 1.89 3.81 
 
Source:  Sample from the TNS Consumer Panel and data collected from main parties to the inquiry. 
 
 
 

 
 
16TNS told us that it did not have sufficiently reliable location information for the data which exactly matched the time period of 
our data on price and product availability. 
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23. The decision where to shop is also influenced by a store’s characteristics. During the 
inquiry we collected data on store’s characteristics from the main grocery retailers. In 
our model we account for, besides the fascia and the store size, the existence of a 
petrol station, an ATM, cafeteria/restaurant or toilets as these are likely to affect a 
household’s decision.  

24. Finally, we include variables that measure aspects of the retail offer that can be 
varied in the short run (PQRS). From the above dataset we derive information on the 
number of staff which provides a proxy for the service level at the store. A measure 
of product availability is constructed from price and sales information from the main 
parties for a week in February 2006. We consider that a product was available in 
store if it was sold during this week. We aggregate information on 189 essential 
groceries products, identified as those grocery products which are in the ONS retail 
price index, by building a revenue-weighted average (based on national revenue 
shares of this product). Further details on the constructions of this measure of 
availability are provided in the supplement to this annex.17 Table 4 reports summary 
statistics on the characteristics of the grocery outlets included in the analysis.  

TABLE 4   Store characteristics of the stores used in the analysis 

       Other attributes 

 Min 25% 50% 75% Max Mean 
(share of stores having 

these attributes) 
Major trips         
Net sales area ’000 sq m 0.28 1.45 2.50 3.74 9.57 2.75 Petrol 0.47 
Product availability measure 0.63 0.93 0.98 0.99 1 0.95 ATM 0.78 
  Staff  20.62 143.118 235.708 346.14 936.18 254.04 Coffee shop/rest 0.55 
       Toilets 0.77 
Minor trips         
Net sales area ’000 sq m 0.28 1.02 1.97 3.44 9.57 2.35 Petrol 0.37 
Product availability measure 0.57 0.91 0.96 0.99 1 0.94 ATM 0.67 
  Staff  16.38 83.23 190.88 313.58 936.18 215.71 Coffee shop/rest 0.44 
       Toilets 0.65 
         
Source:  CC analysis. 
 
 
 
25. Store net sales area ranges from 280 to 9,566 sq metres. The median of the 

measure of product availability amounts to 0.98 for major trips. It is slightly lower in 
those stores which are included in the minor trips sample. The number of staff varies 
between 21 and 936 with a mean of 254 for major trips.18 The majority of stores have 
an ATM and nearly 60 per cent have toilets. We find that 40 per cent of stores 
include a coffee shop or restaurant and around 30 per cent have a petrol forecourt. 

26. Because we did not have matching data for most of the stores during the period 
when the household choice was recorded in the TNS dataset, we decided to use the 
average number of staff at each store during a one-year period, from May 2005 to 
May 2006. While it is not ideal to match observations recorded at different points in 
time, we believe that the measure of staff numbers we use is a sufficient proxy for 
that which would have been recorded at the time households made their choice. 

27. We have analysed monthly data for store staff numbers that were collected during 
this investigation to show that the number of staff across stores is constant over time. 
For some stores we have observations going back to 2001, and for others we have 
data up to the start of 2007. Using this panel of store data, we separate the total 

 
 
17While this measure is constructed by counting availability of a certain fascia-specific basket of products, we expect it to be 
highly correlated with overall product availability at a store, for which it is used as a proxy. To account for fascia-specific 
differences, we include fascia dummies in the estimation. The same qualification applies for staff number as a proxy for service 
level. 
18We only have information on total number of staff and not on full-time equivalents or on total hours worked. 
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variance in the number of staff within a store (ie over time variation) from the 
variance of staff across stores. Using the entire dataset, we find that about 90 per 
cent of the total variance in the number of staff is made up by the variation in the 
number of staff across stores. When examining the data for the one-year period May 
2005 to May 2006, this figure is 85 per cent. If, instead of using monthly data, we 
compute the annual average store staff numbers, we find that in this case, 98 per 
cent of the total variance of this variable is made up by the variance across stores. 
Based on this analysis we concluded that the difference in the number of staff across 
stores is largely constant over time. As a result, using a number of staff recorded a 
few months before the household choice is observed should not materially affect our 
results. 

28. Because we have price and product availability data for only one week of February 
2006, we cannot repeat the same analysis that we present in paragraph 27 for these 
two additional variables. However, we do not expect that there would be major 
differences between our analysis of the number of staff and these two additional 
variables. We expect the variation of product availability across stores to remain fairly 
constant over time. 

29. Finally, we note that our estimation results, presented in the next section, show that 
staff numbers and product availability contribute to a household’s choice of grocery 
store. We conclude that the time inconsistency between our observations of the 
different variables does not materially affect our results. 

Estimation results 

30. This section presents, first, the estimation results of the choice probability models 
and, second, the model’s predictions of household switching behaviour. We report 
the MMNL estimates based on major and minor shopping trips. These estimates are 
compared with those from a simple MNL model. In a discrete choice model the co-
efficient estimates represent the impact of a certain variable on a household’s utility. 
To assess the impact on market outcome we therefore compute the extent of house-
hold switching following a small but significant price increase and present these 
derived results in the second part. 

Coefficient estimates 

31. Tables 5 and 6 present the coefficient estimates of the MMNL model together with 
standard errors and the value of the log-likelihood function for major and minor 
shopping trips, respectively. For comparison, the tables also report the results of a 
corresponding MNL model. While most of the coefficient estimates can be easily 
compared between the two models, those relating to distance, product avail-
ability and staff numbers in the MMNL model have to be first converted to their 
expected utility impact. For example, for a household with characteristics zj, the 
change in expected utility from a change in product availability is given by: 

. The tables therefore also present the utility 
impact that corresponds to a change in product availability, staff and distance for a 
household with median characteristics, that is, a household of size 2 that owns a car 
and belongs to social group C. Finally, the tables present the variance and co-
variance estimators of the random coefficients for the median household which are 
derived from the estimated sigma coefficients presented in the first column of the 
table.

[ ] )2/'(/ prodavziz
jij eprodavuE σβ +−−=∂∂

19 
 
 
19The sigma coefficients correspond to the Choleski factors—for more details, see Train (2003). 
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TABLE 5   Parameter estimates for the MNL and MMNL model, major shopping trips  

 MMNL MNL 
   

Variable Coef Derived estimates Std err Coef Std err 

  

for median 
household (hh-
size=2, sgde=0, 

car=1)    
Net sales area (in ’000 sq m)     
  NSA 1.9824***  0.2006 1.736*** 0.187 
  NSA2 –0.5004***  0.074 –0.4237*** 0.0684 
  NSA3 0.0519***  0.0112 0.0423*** 0.0104 
  NSA4 –0.0019***  0.0006 –0.0015*** 0.0005 
Presence of:      
  Petrol forecourt 0.0874***  0.0315 0.0698** 0.0296 
  ATM 0.1312**    0.0614 0.1465*** 0.0539 
  Restaurant/coffee shop –0.0117  0.037 –0.0069 0.0346 
  Toilet –0.0652  0.0656 –0.1072* 0.058 
Fascia dummies:      
  Asda 1.7969***  0.0934 1.5721*** 0.0867 
  Morrisons 0.977***  0.0919 0.8109*** 0.083 
  Sainsbury's 0.7128***  0.0895 0.5615*** 0.0804 
  Tesco 1.2799***  0.0879 1.1148*** 0.0795 
  Waitrose 0.0037  0.1117 –0.0613 0.0987 

 
Distance coefficients  Utility impact    
   Distance (intercept in MMNL) –0.9493*** –0.3427 0.0397 –0.241*** 0.0023 
   Distance hh-size interaction –0.0288*** Std dev of coefficient 0.0092   
   Distance sgde interaction 0.0074 0.1786 0.0269   

   Distance car interaction –0.3373*** 
Covariance 

distance-availability 0.0353   
   Distance sigma 0.5464*** 0.3148 0.0201   

 
Availability coefficients  Utility impact    
   Availability (intercept in MMNL) –10.074*** 2.6777 0.7466 2.0028*** 0.432 
   Availability hh-size interaction 0.2208*** Std dev of coefficient 0.0829   
   Availability sgde interaction –0.3816 14.3271 0.3677   

   Availability car interaction 9.8727*** 
Covariance 

availability-staff 0.7459   
   Availability sigma 1.4893*** –0.0034 0.2899   
   Availability-distance sigma –0.4982*  0.2654   

 
Staff coefficients  Utility impact    
   Staff (intercept in MMNL) –18.0402*** 0.0017 0.7134 0.0017*** 0.0002 
   Staff hh-size interaction –0.0126 Std dev of coefficient 0.0305   
   Staff sgde interaction –0.1761 0.0011 0.1075   

   Staff car interaction 11.6901*** 
Covariance  

staff-distance 0.7108   
   Staff sigma 0.0352 0.0001 0.2155   
   Staff-distance sigma –0.2961***  0.0971   
   Staff-product availability sigma –0.4361***  0.1682   
      
log-likelihood value –18536   –19071  
      
Number of simulation draws 1,000     
 
 *p <0.10; ** p <0.05; *** p <0.01. 
Source:  CC analysis. 
 
 
 
32. The coefficient estimates show that households positively value a petrol forecourt 

and an ATM for their major shopping trips while we observe no statistically significant 
effect for a restaurant/coffee shop and toilets. Apart from Waitrose, whose effect is 
not statistically significantly different, all fascias provide a higher stand-alone utility 
level than Somerfield. We also estimate significant higher order terms for the store 
size. When plotting the resulting utility function from store size, we find that 
households value grocery stores as they become larger up to a size of about 
3,800 sq metres. Stores larger than 3,800 sq metres are then valued slightly less 
than this ideal size.  
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33. The negative impact of distance and the positive impact of product availability on the 
median households’ utility are more pronounced in the MMNL than in the MNL 
model. The number of staff, on the other hand, has the same positive effect in both 
models. The MMNL model is superior to the MNL model in that it allows the effect of 
distance, product availability and staff numbers to vary with a household’s demo-
graphic attributes. Most of the demographic attributes for which we have obser-
vations appear to contribute to explaining household heterogeneous preferences for 
these three variables. We note that household size and car ownership significantly 
affect a household’s preference to travel. As we expect, a household with a car is 
more likely to travel farther for its grocery shopping than a household without one. 
Also a household of three is more likely to travel farther than a household of two. The 
sensitivity of a household to product availability is significantly higher for bigger 
households and those who own a car. We also note that households that own a car 
care more about the number of staff. All other demographics are not statistically 
significant. The minor importance of the social grade might be due to the high 
negative correlation between car ownership and social grade DE. It is likely that a car 
is a proxy for household income in the context that poor households are less likely to 
own a car.  

34. The derived standard deviation estimates for the random coefficients show that there 
is more variation in these coefficients across households than that can be explained 
by the demographic attributes we include in the model.20 Regarding the distance 
coefficient, this could be the result, for example, of households stopping by a store on 
their way home from work. For product availability, the derived estimate of the 
standard deviation of the coefficient (14.3) shows an especially high variation across 
the population. We also find a relatively high covariance between sensitivity for 
distance and product availability, while those for the other two combinations of 
random coefficients are less important.  

 
 
20Estimating a random coefficient model instead of a standard logit model with demographic interaction terms thus seems 
highly warranted. 
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TABLE 6   Parameter estimates for the MNL and MMNL model, minor shopping trips 

 MMNL MNL 
Variable Coef Derived estimates Std err Coef Std err 

  

for median household 
(hh-size=2, sgde=0, 

car=1)     
Net sales area (in ’000 sq m)     
  NSA 1.0579***  0.2192 0.911*** 0.1853 
  NSA2 –0.2925***  0.0856 –0.2381*** 0.0732 
  NSA3 0.0312**  0.0136 0.024** 0.0119 
  NSA4 –0.0012*  0.0007 –0.0008 0.0007 
Presence of:     
  Petrol forecourt –0.0017  0.0422 0.0156 0.0391 
  ATM 0.0051  0.0606 0.0193 0.0544 
  Restaurant/Coffee shop –0.0457  0.0498 –0.0276 0.0454 
  Toilet –0.2874***  0.0661 –0.2544*** 0.0593 
Fascia dummies:     
  Asda 1.3573***  0.0957 1.1272*** 0.0882 
  Morrisons 0.7333***  0.0928 0.6224*** 0.0817 
  Sainsbury’s 0.5398***  0.0873 0.4176*** 0.0767 
  Tesco 0.7252***  0.0863 0.6351*** 0.0766 
  Waitrose 0.0758  0.1011 0.025 0.09 

 
Distance coefficients  Utility impact    
  Distance (intercept in MMNL) –0.9724*** –0.4037 0.0518 –0.2685*** 0.003 
  Distance hh-size interaction –0.0049 Std dev of coefficient 0.012   
  Distance sgde interaction 0.0068 0.3733 0.0348   

  Distance car interaction –0.2337*** 
Covariance distance-

availability 0.0458   
  Distance sigma 0.6178*** –0.1787 0.0271   

 
Availability coefficients  Utility impact    
  Availability (intercept in MMNL) –9.1011*** 2.7794 0.9572 1.6145*** 0.4695 
  Availability hh-size interaction 0.1867 Std dev of coefficient 0.1889   
  Availability sgde interaction –1.7346 4.9065 1.1486   

  Availability car interaction 9.0555*** 
Covariance 

availability-staff 1.0637   
  Availability sigma 1.3889 –0.0008 0.9256   
  Availability-distance sigma 0.2035  0.3587   

 
Staff coefficients  Utility impact    
  Staff (intercept in MMNL) –20.5877*** 0.0017 0.7147 0.0012*** 0.0002 
  Staff hh-size interaction 0.0175 Std dev of coefficient 0.044   
  Staff sgde interaction –0.0174 0.0013 0.1454   

  Staff car interaction 14.1095*** 
Covariance  

staff-distance 0.7164   
  Staff sigma 0.0822 0.0001 0.2239   
  Staff-distance sigma –0.3487***  0.1119   
  Staff-product availability  
   covariance –0.0519  0.0635   
      
log-likelihood value –11994   –12318  
 
Number of simulation draws 1,000    
 
 *p <0.10; ** p <0.05; *** p <0.01. 
Source:  CC analysis. 
 
 
 
35. The estimation results for minor trips are very similar to those of major trips. 

However, for minor trips households seem to care slightly less about store amenities 
and size. The ideal store size is also reached at a smaller size of about 3,100 sq 
metres and distance from the grocery store matters more while product availability 
and staff have about the same importance as for major trips. 

The model’s predictions 

36. Table 7 presents a comparison between the actual market shares of the different 
fascias in the sample with those predicted by the MMNL model. We consider that the 
model predicts the actual shares in the sample exceptionally well. 
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TABLE 7   Comparison of actual and predicted market shares of fascias in the sample, MMNL model 
  
 per cent 
 Market shares 
  
 Major trips Minor trips 
   

Fascia Actual Predicted Actual Predicted 
     

Asda 23.85 23.79 19.71 19.69 
Morrisons 15.72 15.69 16.48 16.37 
Sainsbury’s 17.38 17.43 18.82 18.96 
Somerfield 4.25 4.50 10.96 10.99 
Tesco 36.91 36.65 30.22 30.15 
Waitrose 1.89 1.94 3.81 3.83 
  Total 100 100 100 100 
 
Source:  Sample from the TNS Consumer Panel and CC analysis. 
 

 
37. As Table 8 shows, the model also predicts the share of households which shop at 

stores of different sizes. More than 90 per cent of households go to stores above 
1,400 sq metres for their major shopping trips, and just above 80 per cent for minor 
shopping trips. We consider that the model also predicts these shares very well.  

 

TABLE 8   Actual and predicted share of households shopping at different store sizes 

 
 

per cent 
 Market shares 
  

 Major trips Minor trips 
   
 Actual Predicted Actual Predicted 
     

Over 1,400 sq m store 92.27 92.08 82.52 82.64 
Over 2,000 sq m store 82.95 82.92 70.42 70.54 
Smaller than 1,000 sq m store 3.41 3.83 9.19 9.45 
 
Source:  Sample from the TNS Consumer Panel and CC analysis. 
 
 
 
38. The model also replicates the share of households shopping within different drive-

time bands from their home. The model’s predictions, presented in Table 9, are very 
close to the actual sample distribution as the model predicts that most households 
shop within 15 minutes from their home. Only a few households travel more than 
20 minutes for their grocery shopping. For minor trips, households on average shop 
closer to home. 

TABLE 9 Comparison of actual and predicted shares of households’ shopping behaviour in terms of drive-time 
distance to their home 

  
per cent 

 
 Major trips Minor trips 
   

        Fascia Actual Predicted Actual Predicted 
     

<=5 mins 29.85 30.29 39.22 38.20 
5 to 10 minutes 35.57 33.76 33.20 33.03 
10 to 15 minutes 18.82 19.40 15.27 16.13 
15 to 20 minutes 9.66 11.37 7.75 9.02 
Beyond 20 minutes 6.11 5.17 4.56 3.63 
 
Source:  Sample from the TNS Consumer Panel and CC analysis. 
 
 
 
39. In addition, we assessed the predictive power of this econometric model for the entire 

UK. To that end, we have used data from the MPQ responses from each of the six 
fascias we model, which provided us with information on the number of transactions 
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per store. Based on the average number of monthly transactions during the last year 
for which we have data for all fascias (2005 to 2006), we computed for each fascia its 
share of total transactions in the UK. Next, we used information from CACI on demo-
graphics in UK output areas, combined with our data on store characteristics for all 
UK stores, to predict each retailer’s share of the number of transactions and 
compared it with the actual shares based on the MPQ responses. We find that the 
model’s out-of-sample predictions of transaction shares compare relatively well with 
the actual sales share (in terms of fascia and stores of different size groups). We 
consider that this accuracy is due to the quality of the dataset and also the 
performance of the econometric model. The only significant departure to note is that 
the model over-predicts the share of Morrisons and under-predicts the share of 
Tesco. This is likely to be due to the fact that Morrisons is over-represented in the 
TNS data set we used for the econometric estimation and Tesco is under-
represented. When comparing the estimates for the UK in terms of drive-time bands 
from stores, we see that our predictions for Tesco also compare well with actual 
shopper distributions, as given by Tesco’s Clubcard data, even though Tesco 
Clubcard data is based on drive-times generated by different software. 

40. We conclude from these results that the model more than adequately predicts house-
holds’ choice of grocery store as given in the two samples. 

Predicted reaction to a change in PQRS 

41. In this section we use the estimation results to predict households’ reaction to a 
change in a store retail offer, in particular to a decrease in product availability and 
staff numbers. For this purpose, we rely on the MMNL estimates as this model is not 
subject to the IIA assumption. Our model allows us to compute the predicted 
probability of shopping at each store in the household’s choice set given store and 
household characteristics. Based on this, we can compute how the probability of 
shopping at a certain group of stores (for example, all Asda stores) will change 
following a deterioration of PQRS for that group of grocery stores. We can also 
compute how rival grocery store will benefit from the same deterioration in PQRS.  

42. We compute changes in the predicted share of shopping trips based on a 2 and a 
5 per cent decrease in product availability or staff. The formulae for a change in 
product availability are outlined below: 
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j in this formula indexes one subgroup, eg all Asda stores, whereas k indexes the 
group of remaining stores.21 prodavj denotes the product availability of stores that 
belong to subgroup j and prodavk the product availability of the remaining stores. The 
change in product availability is measured by α. The expectation is based over all 
households included in the sample. 

 
 
21In order to reduce notational burden, we use the same indexing here as before. While before j referred to a specific store, now 
it indexes a subgroup of stores. 
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43. The results in the following tables report either the average difference in these 
probabilities across all households (equivalent to change in percentage point market 
share of this group) or the relative difference (proportion or fraction of original market 
share).  

44. The relative changes in choice probability by fascia are reproduced in Table 10. The 
first row of this table provides the results for a deterioration of Asda’s retail offer. If 
Asda reduces its product availability by 2 per cent, it is predicted to lose 4.2 per cent 
of its market shares. As a result, Morrisons will increase its market share by 1.6 per 
cent, Sainsbury’s and Tesco by 1.4 per cent and 1.2 per cent respectively, Waitrose 
by 0.9 per cent and Somerfield by 0.7 per cent. We see that the differences between 
these respective changes are small. While Morrisons is the primary beneficiary of an 
Asda decrease in product availability, the relative gains of Sainsbury’s and Tesco are 
only slightly lower. While the reaction to an equivalent change in staff is much 
smaller, the qualitative results are the same. 

45. Generally, there is no marked distinction between the different rivals. That is, every 
fascia seems to gain from a rival change in PQRS. However, when looking at the 
detail of the results, a few patterns of substitution emerge that are consistent with 
other evidence collected in this investigation. In particular, Waitrose and Somerfield 
do not benefit as much from deterioration in Asda or Morrisons retail offer. 

TABLE 10   Change in share of major shopping trips for a deterioration of PQRS 

      

 
per cent   

 
 Asda Morrisons Sainsbury's Somerfield Tesco Waitrose 
       

2% decrease in product availability 
Asda –4.17 1.60 1.39 0.65 1.23 0.86 
Morrisons 0.96 –4.04 0.72 0.52 0.67 0.61 
Sainsbury’s 0.93 0.79 –4.35 0.53 0.98 1.55 
Somerfield 0.11 0.14 0.12 –2.75 0.14 0.14 
Tesco 1.89 1.66 2.21 1.31 –3.29 2.67 
Waitrose 0.06 0.07 0.15 0.06 0.12 –5.15 
       
5% decrease in product availability 
Asda –8.95 3.44 2.97 1.53 2.65 1.76 
Morrisons 2.01 –8.64 1.53 1.24 1.45 1.29 
Sainsbury’s 1.92 1.68 –9.23 1.25 2.09 3.30 
Somerfield 0.25 0.32 0.28 –6.13 0.30 0.31 
Tesco 4.15 3.69 4.92 3.32 –7.33 5.89 
Waitrose 0.12 0.15 0.31 0.15 0.25 –10.53 
       
2% decrease in staff 
Asda –0.35 0.13 0.11 0.07 0.11 0.05 
Morrisons 0.14 –0.64 0.11 0.09 0.11 0.07 
Sainsbury’s 0.13 0.13 –0.70 0.10 0.17 0.19 
Somerfield 0.00 0.01 0.01 –0.10 0.01 0.01 
Tesco 0.34 0.33 0.47 0.24 –0.64 0.43 
Waitrose 0.00 0.01 0.01 0.01 0.01 –0.48 
       
5% decrease in staff 
Asda –0.88 0.33 0.28 0.17 0.27 0.13 
Morrisons 0.35 –1.59 0.28 0.23 0.28 0.18 
Sainsbury’s 0.33 0.31 –1.74 0.24 0.43 0.47 
Somerfield 0.01 0.01 0.01 –0.26 0.01 0.01 
Tesco 0.85 0.82 1.17 0.60 –1.59 1.08 
Waitrose 0.01 0.02 0.03 0.02 0.03 –1.18 
 
Source:  CC analysis. 
 
 
 
46. Table 11 presents the results for minor trips. In general, households show a slightly 

lower sensitivity to a change in PQRS. However, the pattern of results with respect to 
fascia substitution is not markedly different from that presented in Table 10. 
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TABLE 11   Change in share of minor trips for a deterioration of retail offer 
       
 Asda Morrisons Sainsbury's Somerfield Tesco Waitrose 
       

2% decrease in product availability 
Asda –2.66 0.81 0.72 0.45 0.63 0.44 
Morrisons 0.65 –2.61 0.50 0.37 0.49 0.40 
Sainsbury's 0.66 0.58 –2.84 0.49 0.71 1.16 
Somerfield 0.24 0.24 0.27 –2.04 0.26 0.22 
Tesco 0.96 0.93 1.16 0.79 –2.31 1.30 
Waitrose 0.08 0.09 0.22 0.09 0.16 –3.42 
       
5% decrease in product availability 
Asda –6.04 1.84 1.62 1.06 1.42 0.97 
Morrisons 1.46 –5.95 1.13 0.90 1.12 0.89 
Sainsbury’s 1.47 1.29 –6.43 1.18 1.61 2.63 
Somerfield 0.55 0.56 0.62 –4.75 0.61 0.52 
Tesco 2.21 2.15 2.68 1.92 –5.37 2.99 
Waitrose 0.18 0.20 0.49 0.21 0.35 –7.59 
       
2% decrease in staff 
Asda –0.34 0.10 0.09 0.07 0.08 0.05 
Morrisons 0.13 –0.55 0.10 0.09 0.11 0.06 
Sainsbury’s 0.13 0.12 –0.59 0.11 0.15 0.19 
Somerfield 0.01 0.01 0.01 –0.09 0.01 0.01 
Tesco 0.25 0.24 0.31 0.20 –0.60 0.31 
Waitrose 0.01 0.01 0.02 0.01 0.02 –0.40 
       
5% decrease in staff 
Asda –0.85 0.25 0.22 0.16 0.21 0.12 
Morrisons 0.33 –1.38 0.26 0.22 0.27 0.16 
Sainsbury’s 0.33 0.30 –1.46 0.27 0.38 0.48 
Somerfield 0.03 0.03 0.03 –0.23 0.03 0.02 
Tesco 0.62 0.59 0.78 0.49 –1.49 0.77 
Waitrose 0.02 0.03 0.06 0.02 0.05 –1.00 
 
Source:  CC analysis. 
 
 
 
47. Tables 12 and 13 present our prediction results based on store sizes for major trips. 

Generally, the results show that the vast majority of switching following a change in 
PQRS by one fascia benefits other larger stores. It also shows that households 
shopping at larger stores generally switch to other larger stores.  

48. For example, in Table 12 the first row presents the results for Asda. When Asda 
reduces its product availability by 2 per cent it loses 0.99 percentage points of its 
market share. When focusing on Asda stores that are larger than 2,000 sq metres, 
the change in market share is 0.98 percentage points. Table 13 reproduces the 
results for stores larger than 1,400 sq metres. 

49. In general, nearly 85 per cent of those switching away will shop at larger stores. 
When considering a change in PQRS by larger stores of a single fascia, the majority 
of customers switching will shop at other larger stores. For Asda and Morrisons that 
mainly own larger stores, the resulting diversion ratio is about the same (around 
85 per cent). For fascias that also have smaller stores, such as Sainsbury’s and 
Tesco, the diversion ratio is slightly smaller. This is intuitive if one considers that 
households have a preference for a certain retailer and some households will go to a 
smaller store in order to shop at this retailer.  

50. When we repeat the experiment using a cut-off point at 1,400 sq metres, the 
diversion ratios are extremely large at around 90 to 95 per cent. This suggests that 
very few customers shopping at stores greater than 1,400 sq metres will consider 
switching to smaller-sized stores. 
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TABLE 12 Change in predicted choice probabilities by store size, larger stores: >= 2,000 sq metres net sales area—
major trips 

 per cent  
 Percentage point change in predicted choice probabilities 

 
 In reaction to deterioration of retail offer of stores of all 

sizes of fascia 
In reaction deterioration of retail offer of 

larger stores of fascia 

Fascia For fascia 

For larger 
stores same 

fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

For larger 
stores same 

fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

        
2% decrease in 
product availability        
Asda –0.99 –0.98 0.88 88.41 –0.99 0.87 88.36 
Morrisons –0.63 –0.55 0.56 88.43 –0.56 0.49 88.78 
Sainsbury’s –0.76 –0.71 0.66 87.07 –0.72 0.62 85.95 
Somerfield –0.12 0.00 0.10 N/A 0.00 0.00 N/A 
Tesco –1.21 –1.09 1.04 86.50 –1.14 0.95 83.08 
Waitrose –0.10 –0.03 0.09 86.20 –0.03 0.03 87.19 
        
5% decrease in 
product availability        
Asda –2.13 –2.12 1.87 87.79 –2.12 1.86 87.74 
Morrisons –1.36 –1.17 1.18 86.76 –1.18 1.04 88.14 
Sainsbury’s –1.61 –1.49 1.39 86.34 –1.51 1.28 84.77 
Somerfield –0.28 –0.01 0.23 N/A –0.01 0.01 N/A 
Tesco –2.69 –2.41 2.30 85.50 –2.51 2.06 82.07 
Waitrose –0.20 –0.07 0.17 85.00 –0.07 0.06 85.71 
        
2% staff decrease        
Asda –0.08 –0.08 0.07 87.50 –0.08 0.07 87.50 
Morrisons –0.10 –0.09 0.09 90.00 –0.09 0.08 88.89 
Sainsbury’s –0.12 –0.12 0.11 91.67 –0.12 0.10 83.33 
Somerfield 0.00 0.00 0.00 N/A 0.00 0.00 N/A 
Tesco –0.23 –0.23 0.20 86.96 –0.24 0.19 79.17 
Waitrose –0.01 0.00 0.01 N/A 0.00 0.00 N/A 
        
5% staff decrease        
Asda –0.21 –0.21 0.18 86.08 –0.21 0.18 85.99 
Morrisons –0.25 –0.23 0.22 86.69 –0.23 0.20 86.83 
Sainsbury’s –0.30 –0.29 0.26 85.91 –0.30 0.25 83.94 
Somerfield –0.01 0.00 0.01 N/A 0.00 0.00 N/A 
Tesco –0.58 –0.57 0.50 85.92 –0.59 0.48 80.73 
Waitrose –0.02 –0.01 0.02 82.76 –0.01 0.01 83.41 
 
Source:  CC analysis. 
 
 
Notes:   
1.  We omit the results for Somerfield, as there are very few Somerfield stores of more than 1,400 sq metres in our sample and 
thus the resulting estimates are likely not very accurate. Equally, the results for Waitrose should be interpreted with caution 
when available (we omit it when the change is too small to be computed and thus results in either 100% of 0% diversion ratio). 
2.  N/A = not available. 
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TABLE 13 Change in predicted choice probabilities by fascia and size groups, larger stores: >= 1,400 sq metres net 
sales area—major trips 

 per cent  

 
Percentage point change in predicted choice probabilities 

 

 
In reaction to deterioration of retail offer of stores of 

all sizes of fascia 
In reaction to deterioration of retail offer of 

larger stores of fascia 

Fascia For fascia 

For larger 
stores same 

fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

For larger 
stores same 

fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

        
2% decrease in 
product availability        
Asda –0.99 –0.99 0.95 95.44 –0.99 0.95 95.43 
Morrisons –0.63 –0.63 0.60 94.42 –0.63 0.59 94.34 
Sainsbury’s –0.76 –0.74 0.72 94.99 –0.75 0.71 94.55 
Somerfield –0.12 –0.03 0.12 N/A –0.03 0.02 N/A 
Tesco –1.21 –1.17 1.14 94.11 –1.19 1.10 92.43 
Waitrose –0.10 –0.07 0.10 94.99 –0.08 0.07 93.92 
        
5% decrease in 
product availability        
Asda –2.13 –2.13 2.02 94.84 –2.13 2.02 94.84 
Morrisons –1.36 –1.34 1.27 93.38 –1.34 1.26 94.03 
Sainsbury’s –1.61 –1.57 1.52 94.41 –1.58 1.49 94.30 
Somerfield –0.28 –0.06 0.26 N/A –0.06 0.05 N/A 
Tesco –2.69 –2.60 2.51 93.31 –2.64 2.42 91.67 
Waitrose –0.20 –0.15 0.19 95.00 –0.15 0.14 93.33 
        
2% staff decrease        
Asda –0.08 –0.08 0.08 100.00 –0.08 0.08 100.00 
Morrisons –0.10 –0.10 0.09 90.00 –0.10 0.09 90.00 
Sainsbury’s –0.12 –0.12 0.11 91.67 –0.12 0.11 91.67 
Somerfield 0.00 0.00 0.00 N/A 0.00 0.00 N/A 
Tesco –0.23 –0.24 0.22 95.65 –0.24 0.22 91.67 
Waitrose –0.01 –0.01 0.01 N/A –0.01 0.01 N/A 
        
5% staff decrease        
Asda –0.21 –0.21 0.20 93.78 –0.21 0.20 93.76 
Morrisons –0.25 –0.25 0.23 93.04 –0.25 0.23 92.89 
Sainsbury’s –0.30 –0.30 0.28 93.78 –0.30 0.28 92.88 
Somerfield –0.01 0.00 0.01 N/A 0.00 0.00 N/A 
Tesco –0.58 –0.59 0.55 93.82 –0.59 0.54 91.18 
Waitrose –0.02 –0.02 0.02 93.04 –0.02 0.02 92.37 
 
Source:  CC analysis. 
 
 
Notes: 
1.  We omit the results for Somerfield, as there are very few Somerfield stores of more than 1,400 sq metres in our sample and 
thus the resulting estimates are likely not very accurate. Equally, the results for Waitrose should be interpreted with caution. 
when available (we omit it when the change is too small to be computed and thus results in either 100% of 0% diversion ratio). 
2.  N/A = not available. 
 
51. The corresponding results for minor trips are presented in Tables 14 and 15. The 

results show the same pattern as for major trips. Again the majority of shoppers 
switch to larger stores, both when all stores of a fascia change their retail offer and 
when only larger stores change their retail offer. In general, the diversion ratios are 
smaller indicating that size matters slightly less for minor shopping trips. 
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TABLE 14 Change in predicted choice probabilities by store size, larger stores: >= 2,000 sq metres net sales area—
minor trips 

 
per cent  

 
Percentage point change in predicted choice probabilities 

 

 
In reaction to deterioration of retail offer of stores of all 

sizes of fascia 
In reaction to deterioration of retail offer of 

larger stores of fascia 

Fascia For fascia 

For larger 
stores same 

fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

For larger 
stores same 

fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

        
2% decrease in 
product availability        
Asda –0.52 –0.52 0.40 77.23 –0.52 0.40 77.14 
Morrisons –0.43 –0.35 0.33 77.50 –0.35 0.28 79.00 
Sainsbury’s –0.54 –0.47 0.40 73.53 –0.48 0.35 72.15 
Somerfield –0.22 0.00 0.18 N/A 0.00 0.00 N/A 
Tesco –0.70 –0.58 0.51 73.00 –0.61 0.43 70.61 
Waitrose –0.13 –0.03 0.10 77.07 –0.03 0.02 76.09 
        
5% decrease in 
product availability        
Asda –1.19 –1.18 0.91 76.47 –1.18 0.90 76.27 
Morrisons –0.97 –0.79 0.75 77.32 –0.80 0.63 78.75 
Sainsbury’s –1.22 –1.05 0.88 72.13 –1.08 0.77 71.30 
Somerfield –0.52 –0.01 0.41 N/A –0.01 0.01 N/A 
Tesco –1.62 –1.34 1.17 72.22 –1.40 0.98 70.00 
Waitrose –0.29 –0.06 0.22 75.86 –0.07 0.05 71.43 
        
2% staff decrease        
Asda –0.07 –0.07 0.05 73.68 –0.07 0.05 73.54 
Morrisons –0.09 –0.08 0.07 75.70 –0.08 0.06 76.02 
Sainsbury’s –0.11 –0.10 0.08 72.47 –0.11 0.07 69.42 
Somerfield –0.01 0.00 0.01 N/A 0.00 0.00 N/A 
Tesco –0.18 –0.17 0.13 72.49 –0.18 0.12 67.48 
Waitrose –0.02 –0.01 0.01 73.58 –0.01 0.00 71.48 
        
5% staff decrease        
Asda –0.17 –0.17 0.12 73.68 –0.17 0.12 73.54 
Morrisons –0.23 –0.20 0.17 75.68 –0.20 0.15 76.01 
Sainsbury’s –0.28 –0.26 0.20 72.44 –0.27 0.18 69.40 
Somerfield –0.03 0.00 0.02 N/A 0.00 0.00 N/A 
Tesco –0.45 –0.43 0.33 72.47 –0.44 0.30 67.48 
Waitrose –0.04 –0.01 0.03 73.56 –0.01 0.01 71.45 
 
Source:  CC analysis. 
 
 
Notes:   
1.  We omit the results for Somerfield, as there are very few Somerfield stores of more than 1,400 sq metres in our sample and 
thus the resulting estimates are likely not very accurate. Equally, the results for Waitrose should be interpreted with caution 
when available (we omit it when the change is too small to be computed and thus results in either 100% of 0% diversion ratio). 
2.  N/A = not available. 
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TABLE 15 Change in predicted choice probabilities by fascia and size groups, larger stores: >= 1,400 sq metres net 
sales area—minor trips 

 
per cent 

 
Percentage point change in predicted choice probabilities 

 

 
In reaction to deterioration of retail offer of stores of 

all sizes of fascia 
In reaction to deterioration of retail offer of 

larger stores of fascia 

Fascia For fascia 

For larger 
stores 

same fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

For larger 
stores 
same 
fascia 

For larger 
stores 

competitor 
fascia 

Diversion 
ratio 

        
2% decrease in 
product availability        
Asda –0.52 –0.52 0.46 87.17 –0.52 0.46 87.14 
Morrisons –0.43 –0.42 0.37 86.48 –0.42 0.37 86.42 
Sainsbury’s –0.54 –0.51 0.46 85.47 –0.52 0.44 84.54 
Somerfield –0.22 –0.04 0.21 92.39 –0.04 0.03 86.42 
Tesco –0.70 –0.65 0.59 84.75 –0.67 0.55 82.69 
Waitrose –0.13 –0.08 0.12 88.48 –0.08 0.07 85.16 
        
5% decrease in 
product availability        
Asda –1.19 –1.19 1.03 86.55 –1.19 1.03 86.55 
Morrisons –0.97 –0.96 0.84 86.60 –0.96 0.82 85.42 
Sainsbury’s –1.22 –1.16 1.03 84.43 –1.17 0.98 83.76 
Somerfield –0.52 –0.08 0.48 N/A –0.09 0.07 N/A 
Tesco –1.62 –1.51 1.36 83.95 –1.54 1.27 82.47 
Waitrose –0.29 –0.18 0.25 86.21 –0.18 0.15 83.33 
        
2% staff decrease        
Asda –0.07 –0.07 0.06 84.25 –0.07 0.06 84.19 
Morrisons –0.09 –0.09 0.08 84.32 –0.09 0.08 84.08 
Sainsbury’s –0.11 –0.11 0.09 83.84 –0.11 0.09 81.91 
Somerfield –0.01 0.00 0.01 N/A 0.00 0.00 N/A 
Tesco –0.18 –0.18 0.15 84.15 –0.18 0.15 80.56 
Waitrose –0.02 –0.01 0.01 86.28 –0.01 0.01 83.94 
        
5% staff decrease        
Asda –0.17 –0.17 0.14 84.25 –0.17 0.14 84.19 
Morrisons –0.23 –0.22 0.19 84.30 –0.22 0.19 84.06 
Sainsbury’s –0.28 –0.27 0.23 83.82 –0.27 0.22 81.89 
Somerfield –0.03 –0.01 0.02 N/A –0.01 0.01 N/A 
Tesco –0.45 –0.45 0.38 84.14 –0.46 0.37 80.55 
Waitrose –0.04 –0.03 0.03 86.27 –0.03 0.02 83.92 
 
Source:  CC analysis. 
 
 
Notes: 
1.  We omit the results for Somerfield, as there are very few Somerfield stores of more than 1,400 sq metres in our sample and 
thus the resulting estimates are likely not very accurate. Equally, the results for Waitrose should be interpreted with caution 
when available (we omit it when the change is too small to be computed and thus results in either 100% of 0% diversion ratio). 
2.  N/A = not available. 
 
52. Up to this point we have focused on the substitution patterns of households with 

respect to fascia and store size. Tables 16 and 17 focus instead on the geographic 
scope of household substitution. For this purpose we predict the change in house-
hold choice for stores within various distance bands of the store that alters its retail 
offer.22 These results provide some insight to the geographic dimension of 
competition. 

53. Table 16 presents the results for major shopping trips. For a 2 per cent decline in 
product availability, a grocery store on average will lose about 4.1 per cent of its 
market share. Rival stores that are within a 5-minute drive-time will see their market 
share increase by 0.9 per cent, while those with a rival located within 5 to 10 minutes 

 
 
22We compute the predicted change for all stores in the sample and then average across stores. 
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will experience an increase of 0.6 per cent of their market share. The impact on com-
petitors within 10 to 15 minutes is even smaller, and it becomes negligible for those 
competitors beyond 15 minutes. In summary, the impact on competitors located 
beyond a 10-minute drive-time is always smaller, and it is often negligible for those 
beyond 15 minutes. 

TABLE 16 Change market share of stores within various distance bands of a store which deteriorates its retail offer—
major trips 

     
per cent  

 
 

Percentage change in predicted 
choice probabilities 

Store which 
changes 

retail offer 
Competitors 
within 5 mins 

Competitors 
within 5–
10 mins 

Competitors 
within 10–
15 mins 

Competitors 
within 15–
20 mins 

      
2% decrease in product availability –4.11 0.88 0.61 0.34 0.19 
5% decrease in product availability –8.74 2.05 1.37 0.73 0.39 
2% decrease in staff –0.49 0.13 0.10 0.05 0.03 
5% decrease in staff –1.21 0.33 0.25 0.13 0.07 
      
Source:  CC analysis. 
 
 
 
54. Table 17 reproduces our prediction results for minor shopping trips. The pattern of 

substitution is similar to that of major shopping trips. Competitors beyond 15 minutes 
are now even less affected by a deterioration of PQRS in a store.  

TABLE 17 Change market share of stores within various distance bands of a store which deteriorates its retail offer—
minor trips 

     
per cent   

 
Percentage change in predicted 

choice probabilities 
 

Store which 
changes retail 

offer 
Competitors 
within 5 mins 

Competitors 
within 5–
10 mins 

Competitors 
within 10–
15 mins 

Competitors 
within 15–
20 mins 

           
2% decrease in product availability –2.87 0.83 0.50 0.23 0.11 
5% decrease in product availability –6.43 1.98 1.15 0.52 0.25 
2% decrease in staff –0.47 0.12 0.09 0.04 0.02 
5% decrease in staff –1.16 0.30 0.21 0.11 0.06 
      
Source:  CC analysis. 
 
 
 

55. Based on our econometric results, we observe that competitor stores which are 
geographically close benefit the most from a deterioration of PQRS. 

The impact of omitting the outside option  

56. Because we only include grocery stores from six large grocery retailers in the esti-
mation, all our probability estimates are conditional on choosing a store from one of 
these fascias. For example, instead of estimating the probability of a household 
choosing Asda (denote this by )(⋅AsdaP ) we actually estimate the conditional 
probability of selecting Asda given that the household will choose one of the six 
fascia included in our dataset. If we denote by F={Asda, Morrisons, Sainsbury’s, 
Somerfield, Tesco, Waitrose}, we estimate the conditional probability, .  )(| ⋅FAsdaP

57. From Bayes Theorem we have the following: 
)(
)(

)(
)()(

)( |
| ⋅

⋅
=

⋅

⋅⋅
=⋅

F

Asda

F

AsdaAsdaF
FAsda P

P
P

PP
P . 

This shows that the conditional probability is always no less than the unconditional 
probability. This implies that our probability estimate overestimates the unconditional 
probability of selecting each fascia. The size of the bias depends on that of the 
probability of choosing the outside option, )(1 ⋅− FP . 

 A4(2)-28



58. Using the conditional probabilities has some implications about the model predictions 
regarding a small but significant change in PQRS. As the elasticity estimates rely on 
the probability estimates these are potentially biased as well. We can show that by 
using conditional probabilities the model’s predictions underestimate the ‘true’ impact 
of a change in PQRS by a grocery retailer on its own market share. For example, we 
predict the change in the probability of selecting Asda when Asda changes its 
product availability by α % is given by: 

1
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59. From the above expression, it is clear that using conditional probabilities under-
estimates the ‘true’ impact on the change in the probability of choosing Asda. In other 
words, as we restrict the possibility of customers switching to other grocery retailers, 
our estimates understate a consumer’s sensitivity to a change in PQRS of a particu-
lar fascia. 

60. Alternatively, using conditional probabilities overestimates the impact of a change in 
Asda’s retail offer on its rivals’ market shares. For example, when Tesco changes its 
product availability by α  per cent, using conditional probabilities we estimate the 
change in probability of Asda being selected as: 
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61. If Asda and Tesco are substitutes, the probability of choosing Asda will be higher 
after Tesco decreases its product availability. On the other hand, the probability of 
selecting a grocery store that belongs to F will decrease where the PQRS of a Tesco 
store deteriorates, as more households will consider choosing a grocery store out-
side F. The ‘true’ change in probability will therefore be smaller than the one we 
estimate for the cross-elasticities.  
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SUPPLEMENT 
 
 

Construction of the price and product availability measure 
 
 
1. The price and product availability measures are based on the responses to question 

58 of the main party questionnaire, in which we defined 218 product categories and 
asked parties to provide store-level prices, revenues and quantities for their top-
selling product (SKU) in the particular category (top-selling across all stores of the 
retailer—for example, for Tesco’s top-selling SKUs across all Tesco fascias). 

2. We adjusted prices and sales information so that they would correspond to equiva-
lent unit sizes. No attempt was made to correct for different qualities or product 
brands as there appeared to be no objective way to do this. However, any fascia-
specific differences in quality will be captured by the fascia dummy variable included 
in our demand model. 

3. Based on the revenue information, we determined whether a product was available in 
the relevant store for the week for which the data was collected. Because all products 
included in our information request are essential grocery products, it is unlikely that 
zero revenues are an indication that customers were not willing to purchase the prod-
uct in question. Rather, it is more likely that zero revenues indicate that that the 
product was simply not available on the shelves during this week. 

4. After excluding a few non-grocery products and products for which we could not find 
a common unit (that is, the reported number of packages by fascia differed consider-
ably in size) we ended up with a selection of 189 products. For the price measure, we 
also constructed another grocery basket based on 37 products which were nearly all 
the same across fascias, and which we had used in our demand estimation pre-
sented in Appendix 4.2 of the provisional findings. While the first price measure 
based on 189 products includes more products and quality heterogeneity across 
fascias, it also covers a much wider and more balanced range of products. As a 
result, it is a better representation of the overall price level than the price based on 
37 products. 

5. We aggregated the individual price using two different methods: 

(a) a revenue-weighted average of the price of all products in the respective basket 
(37 or 189) where the weights are the product shares of national revenue; and 

(b) a price measure based on volume weights, which effectively amounts to comput-
ing the price for a representative grocery basket. We computed the representa-
tive basket of products based on the information on total quantity sold of the 37 
and 189 products, respectively, across all stores for which we received this infor-
mation and then determined the price of this basket for each grocery store in our 
sample. 

In addition to posted prices, we also computed net prices from the available revenue 
and quantity information. In total, we came up with eight price measures: 

• PriceRevenueWeighted37Post (used in provisional findings report);  

• PriceRevenueWeighted37Net; 

• PriceVolumeWeighted37Post; 
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• PriceVolumeWeighted37Net; 

• PriceRevenueWeighted189Post; 

• PriceRevenueWeighted189Net; 

• PriceVolumeWeighted189Post; and 

• PriceVolumeWeighted189Net. 

For each of these measures, we compared the ranking of fascia and the price 
distributions. We found that PriceVolumeWeighted189Net was most consistent with 
previous information on price levels and would best represent actual price dispersion 
across fascias. 

6. For our product availability measure, we counted 1 if the product was available 
during this week (positive sales) and zero otherwise. We then compute a revenue-
weighted average over the 189 products which we selected. If all 189 products are 
available at the store the measure is 1, if none are available it is zero. As weights we 
use the national revenue share of this product in total national revenues for all com-
ponent products as in the revenue-weighted price measure. We first calculate the 
total revenue generated by sales of the component goods across all stores (national 
GBP sales of the component goods). Each product availability weight in the basket is 
then the product’s share of total basket revenues (national GBP sales of this product 
divided by national GBP sales of all products in the basket). Thus the availability of 
bananas, for example, tends to have a larger weight in the product availability 
measure, while the availability of cabbage, for example, tends to have a small weight. 

Sensitivity analysis with respect to the price measure 

7. The results in the provisional findings relied on a price measure which was a 
weighted average of 37 similar products. After going through the price information 
again, we decided to widen our measure by including all products for which we 
received price information and use different aggregation methods as described in 
paragraphs 1 to 6 of this supplement. 

8. When aggregating the price data, we had to take a decision on how to account for 
missing price information at a store. We either attached a punishment given by the 
highest price of this product across all stores of the fascia, or tried to impute the 
missing prices by multiplying a base price (minimum, mode, median, maximum price 
across stores of this fascia) with a store correction factor (average price of products 
at this store relative to average base price for all products). We applied further 
punishment of 5 or 10 per cent on top of the imputed prices to check for sensitivity. 

9. Table 1 shows the change in the coefficient for the price measure depending on 
which price measure is used in the MNL estimation. It can be seen that the co-
efficient changes dramatically depending on which method is used for imputing the 
missing values, although the extra punishment factor matters less. Price coefficients 
when a measure of product availability is included and excluded also differ 
dramatically, as can be seen from Table 2. This analysis indicates that the coefficient 
for the price measure also accounts in large part for the previously excluded measure 
of product availability due to the high correlation between the two measures. Finally, 
we regressed the price measures on fascia dummies and found that even when 
using net prices and a wide range of products, more than 99 per cent of the variation 
in price is explained by the fascia dummies. We conclude from here that the price 
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variable is not identified in the estimation and that the reason why we still get 
significant estimates in some cases is due to the way we impute missing values 
which adds variation. We consider that this is because of variation in product avail-
ability and not in price. 

10. In contrast, coefficients for product availability, distance and the number of staff 
(indicator for service level) are very stable across the different specifications as is 
shown for product availability in Table 2. 



 
TABLE 1 Price and product availability coefficients from MNL estimation (major trips) for different methods of correcting 
 for missing price information 
 

 Imputed (on a per fascia basis using base price multiplied by store factor) Punishment Extra 
punishment 

factor 
 

Based on 
minimum prices 

Based on mode 
prices % 

Based on median 
prices 

Based on 
maximum prices 

Maximum price 
per fascia 

  coeff std coeff std coeff std Coeff std coeff std 
            

0 PriceVolume
Weighted189
Net 

0.07 0.03 –0.03 0.03 –0.02 0.04 –0.06 0.03 –0.25 0.04 

 ProdAvail189
Weighted 

5.53 0.39 5.22 0.46 5.45 0.40 5.52 0.39 5.14 0.40 

5 PriceVolume
Weighted189
Net 

  –0.03 0.03 –0.01 0.04 –0.06 0.03   

 ProdAvail189
Weighted 

  5.18 0.49 5.43 0.42 5.40 0.39   

10 PriceVolume
Weighted189
Net 

  –0.02 0.03 –0.01 0.04     

 ProdAvail189
Weighted 

  5.15 0.52 5.42 0.45     

 
Source:  CC analysis. 
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TABLE 2   Price elasticity estimates from MNL model (major trips) using different basket sizes and including or excluding a measure of product availability 
 

Price 
measure 

Revenue 
weighted 
average 

posted price 
of 37 products 

Revenue weighted average 
posted price of 37 products 

Volume weighted net 
price of 189 products 

Revenue weighted 
average posted price of 

37 products Volume weighted net price of 189 products 
      

Measure of 
product 

availability None None None None None None 
Availability of 37 products, 

revenue weighted Availability of 189 products, Revenue weighted 
         

Correction 
for missing 
price data 

Imputation 
based on 
minimum 

price  Imputation based on median prices 
Extra 

punishment 0% 0% 0% 5% 0% 5% 0% 5% 0%  5% 
 own cross own cross own cross own cross own cross own cross own cross own cross own cross
    

Asda –9.3 4.2 –7.4 3.6 –10.2 5.0 –9.0 4.3 –10.3 5.0 –1.1 0.6 –0.6 0.3 –3.4 1.7 –2.9 1.4
Morrisons –11.4 2.7 –8.9 2.3 –12.5 3.2 –10.9 2.8 –12.6 3.3 –1.4 0.4 –0.7 0.2 –4.1 1.1 –3.6 0.9
Sainsbury’s –12.4 3.4 –9.7 3.0 –13.5 4.2 –11.4 3.5 –13.2 4.1 –1.5 0.5 –0.8 0.2 –4.3 1.3 –3.7 1.2
Somerfield –19.6 1.0 –15.4 0.9 –21.6 1.3 –16.5 0.9 –19.1 1.1 –2.4 0.1 –1.2 0.1 –6.2 0.4 –5.4 0.3
Tesco –8.4 5.7 –6.5 4.5 –9.1 6.3 –8.0 5.5 –9.3 6.4 –1.0 0.7 –0.5 0.4 –3.0 2.1 –2.6 1.8
Waitrose –18.6 0.7 –14.9 0.7 –20.6 1.0 –17.6 0.9 –20.3 1.0 –2.3 0.1 –1.2 0.1 –6.6 0.4 –5.8 0.3
 
Source:  CC analysis. 
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