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Abstract

The use of reference prices when making purchase decisions has been extensively researched within the existing literature. However, we still know little about how consumers form and update their reference prices, given a sequence of information. This thesis attempts to fill this gap within the literature by studying how consumers cope with a large number of temporal reference points by applying it to scanner data of two product categories: toilet paper and chocolate bars. 
First of all, our results show that consumers incorporate a reference price comparison when it comes to making a brand choice decision in a regular supermarket. They appear to do this by comparing one single reference point to the actual price rather than by integrating all the available information into one overall unitized point of reference. The evidence shows that consumers use only those prices encountered on the last purchase occasion in forming a comparison with the actual price. Moreover, there appears to be no difference in the reference price formation of the two product categories considered by this paper. Another interesting result is that consumers seem to not make use of a reference price comparison when making a brand choice decision in a hard discounter.
1. Introduction
Pricing decisions and pricing strategies are the most important factors when deciding a companies’ strategy, as it is price which eventually generates income (Monroe, 1973). In addition, pricing decisions have a direct impact on store traffic and sales revenue (Pavesic, 1989). The use of a reference price when making purchasing decisions has been extensively researched in the existing literature. Reference prices have a large influence on price perceptions: “not only do consumers derive utility from their current state of wealth, but also from changes in wealth relative to their reference price” (Camerer, 2000). However, the existing literature has tended to focus on the formation of reference prices for only a limited number of reference points. But how are these reference prices formed, given a sequence of information?  What happens when there are more than two reference points? And in what way do people actually process these reference points? The answers to these questions could provide new insights for the modelling of reference prices, and could give managers clues for deciding their optimal pricing strategies. The incorporation of reference price effects has been shown to be important when deciding how to develop optimal promotional strategies within a retail environment (e.g., Greenleaf, 1995; Kopalle, Rao and Assunção, 1996).
“Approximately 90% of the consumers make use of a reference price when making purchase decisions” (Moon and Russell, 2002), however, “we still know little about how decision makers form and update their reference point given a sequence of information” (Baucells, 2010); this is despite the fact that there is considerable evidence supporting the notion that “price is multidimensional in nature” (Winer, 1986). The main implications advanced by the paper of Baucells et al. are that reference prices are mostly determined by the first and the last prices of a time series. A new reference point is not a combination of the previous reference point and any new information – rather, it is the most recent information which consistently receives more weight, “which dramatically decreases upon the arrival of the next piece of information.” Baucells et al. claim that subjects form their reference point by “anchoring on the time line, giving more weight to information near the ends of the sequence, and less weight to the information in the middle.” 
However, the study of Baucells at al. has some limitations. First, the results were obtained from an experiment in a controlled environment, which could lead to consumers responding differently from how they would act in a real-life situation. Second, the experiment conducted by Baucells et al. takes place in a stock-exchange situation, yet it may be that the results would be different in a different setting. This research, therefore, extrapolates the findings of the study of Baucells et al. to a retail setting by considering the actual brand choices observed in two Dutch supermarket chains. Another advantage of applying this study to a retail setting is that the results obtained from the study of Baucells et al. might be subject to change if a consumer buys in various periods and with changeable amounts. The aim of this study is to explore the formation of reference prices when confronted with multiple reference points given a sequence of temporal information. As such, we formulate the following problem statement:
“How do decision makers form and update their internal reference price,
given a sequence of temporal information?”
In order to answer this problem statement, information is needed from the existing literature concerning multiple reference points and the influence of reference prices on consumer perceptions. First, we need to gain an insight as to which factors in a sequence might influence reference prices. Second, we need to consider which of these factors are most important for updating a reference price. Finally, we need to investigate how these reference points are processed. We shall do this by comparing a couple of models that include different reference price constructs, and which have been proposed by the existing literature, to a certain baseline model without a reference price construct. These models will be put to the test by applying them to 105 weeks of supermarket data from two types of supermarket chains, in order to see which of the models makes the best predictions and is most likely to be used by consumers in practice.
The sub questions that are formulated in order to answer the problem statement are:

· Which factors in a sequence of information influence the reference price the most?
· How are multiple reference points processed in consumers’ minds?
· In what way do multiple reference points compete and combine?
The contribution of this research is twofold. First, it has academic relevance. One pressing gap in the literature concerns the extent to which consumers form reference prices for multiple products in a market situation. There is limited evidence on whether consumers form as many reference prices as products or whether they form an overall reference price instead. An understanding of how reference points evolve may help to predict “the happiness or satisfaction experienced while a sequence of outcomes unfolds” (Baucells et al, 2010). 
Second, this research also has managerial relevance. The timing of sales promotions and firms’ pricing strategies can be affected by the way consumers form reference prices. Regular price promotions can lower reference prices and could have two consequences: (1) later promotions may not seem to be such good deals as earlier ones, and (2) a return to a normal price level could be perceived as a price increase. Another implication would be that reference prices can influence the timing of purchases: “the expectations of future prices and promotions can influence the purchase timing of goods” (Kalyanaram and Winer, 1995). 
The outline of this paper is as follows. First of all, in Chapter 2 an overview will be given of the existing literature which will give an insight in how multiple reference points are formed and possibilities as to how they are processed. Also, we will briefly elaborate the concept of reference prices and its use. In Chapter 3 we provide a theoretical framework and discuss the definitions used in our research. This is followed by Chapter 4, in which our hypotheses are stated. In Chapter 5, we propose our models and discuss how the parameters in the models will be estimated. In Chapter 6, we will discuss the dataset used and compare the results. Finally, we conclude our research by providing an overview and discussion of the conclusions drawn by this research and by making a number of recommendations for future research.
2. Literature background
Before examining the effect of multiple reference points on a single reference price in a retail setting, we first need to examine how multiple reference points are processed by consumers and what the antecedents are that influence the formation of reference prices. These questions can be answered by looking at the existing literature. The literature background is, therefore, divided into two sections. The first section contains a discussion of the definitions and use of reference points and prices, the effects of reference pricing on consumer behaviour, the distinction between internal and external reference prices, and the antecedents of the reference price formation process. In the second part, it will be discussed as to what extent consumers are able to process multiple reference points and prices, and to what extent they use this knowledge when making purchasing decisions.
2.1 Reference points and reference prices
“Reference points are important because other outcomes are compared to them, and are coded and evaluated in terms of this comparison” (Kahneman, 1992). In economic behaviour, decision-makers seem to derive utility not from their current state of wealth, but “from changes in wealth relative to some reference point” (Camerer, 2000). Within empirical research, it is often presumed that a decision-maker uses one single reference point. However, most decisions – and almost all negotiations – involve multiple reference levels (Kahneman, 1992). This implies that an individual uses multiple reference points when evaluating choice options. This phenomenon is also recognised in the existing literature. March and Saphira (1992) have stated that a decision-maker may have more than one focal value. Moreover, both Kahneman and Tversky (1979) and Sullivan and Kida (1995) have concluded that a decision-maker has a number of potential reference points from which to choose. The same is applicable with regard to prices, which appear to be multidimensional in nature as well (Winer, 1986).
As with the definition of the reference point, the reference price can be defined as “the standard against which the actual price of a product is judged” (Monroe 1973). Consumers use the reference price to judge “if an offer is perceived as ‘fair’ or ‘unfair’.” The underlying premise is that “consumers do not respond to prices absolutely, but also relative to a reference price” (Rajendran and Tellis, 1994). The formation of reference prices mostly occurs in product categories where prices are unstable over time (Gijsbrechts, 1993).

Previous studies concerning the topic of reference pricing can be divided into three categories. First of all, there are those that have accumulated information on the importance and effects of reference prices on consumer behaviour and purchase decisions. Secondly, there are those that have examined the relative use of internal reference prices against externally available information. This external information is better known as external reference prices (Mazumdar et al., 2005). Finally, there are those studies that have identified the determinants of the reference price itself. These three different categories of reference price research will be discussed in more detail over the course of this paper.
2.1.1 Effects of reference pricing on consumer behaviour
The reference price is an important factor when making purchase decisions. “Marketing researchers generally agree that consumers’ evaluations of price offerings are based on the deviations of retail prices form some internal standards” (Chandrashekaran, 2001). According to Moon and Russell (2002), “90% of the customers make use of it during a purchase decision”. Previous research has also highlighted the importance of “including the consumers’ reference price in price response models” (Rajendran and Tellis, 1994; Kalwani et al., 1990; Winer, 1986). Consumers’ judgments not only depend on the actual price, but also on how it compares to some point of reference (Thaler, 1985; Winer, 1985) and, therefore, affects purchase intentions and buying behaviour (Gijsbrechts, 1993). “The effects of reference prices on consumer choices have been accepted as an empirical generalisation in marketing” (Kalyanaram and Winer, 1995). Putler (1992) has reported that, “either explicitly or implicitly, these empirical models assume that deviations between the actual price and the reference price of a product convey utility and thus influence consumer purchasing behaviour”. Because reference prices are unobserved, their effects can be measured by comparing the fit of a brand choice model containing reference prices with that of a baseline model that does not incorporate a construct of reference prices (Mazumdar et al., 2005). Several researches have used this methodology, and all of them have outperformed the baseline model (Mazumdar et al., 2005).
Evidence has been found that suggests that consumers react differently to price increases and price decreases. “The location of the reference point affects the coding of outcomes as gains and losses” (Kahneman, 1992). In line with prospect theory (Kahneman and Tversky, 1979; Kalwani et al., 1990) and mental accounting (Thaler, 1985), this asymmetry suggests a role for reference prices. Prices above the reference price are perceived as losses, while prices below the reference price are perceived as gains (Kalyanaram and Winer, 1995). Kopalle et al. (1996) have confirmed this by finding that “the effect of a loss on demand is greater than or equal to that of a corresponding gain”. For managers, this implies that it is would be better to have constant price and product quality levels. Another empirical finding which emerges from prospect theory is that “the value function is S-shaped, concave in the domain of gains and convex in the domain of losses; this shape favours risk aversion for gains and risk seeking for losses” (Kahneman, 1992). By loss aversion is meant that consumers prefer avoiding losses over making gains (Kahneman and Tversky, 1979). “The two characteristics of the value function suggest different psychological processes” (Kahneman, 1992). Evidence has also been found supporting the idea that there is an indifference region around the reference price: only price changes outside of this region are noticed and have a significant impact upon purchase decisions (Kalwani et al., 1992). 
However, the empirical evidence supporting the loss aversion theory is mixed (Mazumdar et al., 2005): asymmetric price responses might be explained by heterogeneity between different individuals and households. A number of resources support this statement, and it has been reported that “when consumers are segmented on the basis of their brand preferences (or loyalties) or their price sensitivities, either the loss aversion effect is reduced or it disappears” (Mazumdar et al., 2005; Bell and Lattin, 2000).
In opposition to the asymmetric reference price model, Winer (1986) introduced the symmetric ‘sticker shock’ effect by including a term into the model, which captured “the difference between the brands reference price and its purchase price”. As such, no distinction has been made between consumers processing gains and losses differently. The basic idea underlying the model is that “a positive difference between the reference price and the purchase price increases the utility of the item, and a negative difference lowers it.” Thus, the responsiveness to a positive difference is the same as that to an equal negative difference. 
2.1.2 Internal and external reference prices
A distinction between types of reference prices can be made between internal and external reference prices (Mazumdar et al., 2005). The internal reference price (IRP) is the “customers’ internal standard for price evaluations” (Gijsbrechts, 1993) and is applicable when consumers use information stored in their memory (Moon and Russell, 2002). An IRP utilises past prices as part of the consumers’ consideration set (Kalyanaram and Winer, 1995). The external reference price (ERP) is the information available externally.

The IRP is usually modelled at the brand level, but it can also be represented in memory at more aggregate levels (Mazumdar et al., 2005). It may also be encoded at a product level, or else could be an average of the prices of different brands (Monroe, 1973). Another alternative is that the IRP is modelled as the price most frequently charged within a category (Urbany and Dickson, 1991). Consumers may retain product specific IRPs in product classes with low variability in brand quality and price, because “the small differences between the products do not justify the cognitive burden of retaining price information for several brands in memory” (Mazumdar et al., 2005). Briesch et al. (1997) have reported that an IRP-model at the brand level “has the best fit for data in several product categories.” The ERP makes use of current prices in the environment when making product judgments (e.g. the prices of other brands) (Moon and Russell, 2002). These prices are “externally provided standards of comparison” (Gijsbrechts, 1993).  
Consumers use both IRPs and ERPs, but they assign weights to each that depend on both their own characteristics and those of products (Mazumdar et al., 2005). There are differences in the use of IRPs and ERPs with regard to the purchase frequency of products. In frequent purchase product categories, the IRP has a greater impact on purchase behaviour than the ERP. Consumers have better price knowledge of the products and they rely, therefore, on memory and past price experiences (Kalwani et al., 1990).  In addition to this, consumers “assign more weight to the IRP when the product categories price level increases” (Mazumdar et al., 2005). Another situation in which the weight assigned to IRPs increases is that where a consumer has only a few products in their consideration set (Rajendran and Tellis, 1994). 
By way of contrast, there are also situations in which the IRP becomes less important and where consumers assign more weight to their ERPs. This is the case when inter-purchase time increases (e.g. as with durables), when the product quality is difficult to observe (e.g. as with services), and when there is a high frequency of promotions in the product category (Mazumdar et al., 2005). However, according to the existing literature, it seems that the IRP is more important than the ERP, as consumers tend to use the reference price that is based on prior purchase experiences (Briesch et al., 1997).
2.1.3 Antecedents of reference prices
Reference prices have many antecedents which are well-documented in the existing literature. Mazumdar et al. (2005) has categorised these antecedents into four different classes: the prior purchase experience and three so-called ‘context moderators': purchase occasion moderators, store environment moderators, and product category moderators. Each of them will be discussed in the sections below.
Prior purchase experience
Much of the research on the topic of reference prices has been done with prior purchase experiences as an antecedent. The prior purchase experiences that have been found to have an effect on reference prices can be divided into the following three categories: price history, promotion history and store visit history. The categories themselves are influenced by consumer characteristics as price sensitivity, brand loyalty and demographics (Mazumdar et al., 2005). Building on these empirical findings, the research of Baucells et al. (2010) has identified five factors in a time sequence which may influence the reference price: the purchase price, the current price, the average price, the highest price, and the lowest price. 

An important antecedent of reference pricing is the last price paid (Monroe, 1973) and the prior purchase history. “When the last price paid and the actual price diverge, a judgment can be made of what is cheap or expensive” (Monroe, 1973). Winer (1986) has confirmed this statement in finding that consumers tend to look to the past when deciding whether a price is perceived as ‘fair’ or ‘unfair’. Mazumdar et al. (2005) has concluded that “the strongest determinant of a consumer’s IRP is the prior prices he or she observes, where prices encountered on recent occasions have a greater effect than distant ones.” “Prices encountered beyond two to three prior purchase occasions even have negligible direct influences on reference prices” (Dickson and Sawyer, 1990). This is also backed up by a study of Baucells et al. (2010), which states that consumers tend to rely on the first and the last prices paid when making a judgment. The reference price is also influenced by prior promotions: “consumers use previously encountered promotions to create expectations for a product’s price” (Lattin and Bucklin, 1989). The greater the share of prior promotional purchases, the lower the consumer’s reference price (Kalwani et al., 1990). 
Purchase occasion
The reference price for an identical product can differ simply because of differences in purchase context and purchase occasion (Thaler, 1985). The underlying premise is that consumers usually purchase from “more than one product category on a purchase occasion and are therefore suspect to influences from other product categories” (Simonson, 1999). The theory of mental accounting suggests that consumers will code products and services mentally into budget categories (Pavesic, 1989). The budget category of the product or service “is controlled to some degree of budget constraint” (Pavesic, 1989). As such, consumers may use different types of reference prices on multiple occasions (Briesch et al., 1997). Dhar and Simonson (1999) have underlined these findings in showing that in tradeoffs between goals (e.g. maximising utility) and resources (e.g. money) “consumers prefer ‘highlighting’, whereby they consistently emphasise the goal despite high resource requirement on one occasion, and they minimise resource allocation on another occasion.” This implies that consumers might form reference prices according to the context of the purchase.
Store environment
In acknowledging that “in making store choice decisions consumers retrieve store-specific reference prices as a basis for price comparisons” (Mazumdar et al., 2005), and that “store information positively influences perceptions of quality and value, and consumers’ willingness to buy” (Dodds et al., 1991), it is suggested that consumers form different reference prices for different stores, due to the different levels of services provided, the assortment offered and the type of store (e.g. a hard discounter, factory outlet, specialty store, or mass merchandiser) (Berkowitz and Walton, 1980; Biswas and Blair, 1991; Mazumdar et al., 2005). This may be caused by the difficulties that consumers have when assessing a product’s quality and – as a consequence – rely on store (and brand) image when making judgments. A product can be judged to be more favourable depending on the store where it is sold, due to positive spill-over effects from the store’s image onto the product. 
Product category
The type of product category can also influence the way reference prices are formed. Mazumdar et al. (2005) have reported that IRPs are less influential on the reference price “when products’ standards are subject to change over time and when it is difficult to observe the quality of a product.” Consumers are then likely to use the expected price instead of the reference price, as it assumes that consumer will not only use the price information provided by their history, but that they will also form expectations as to future prices (Kalwani et al., 1990). In this case, the prices and attributes of competitive products, and economic and technological trends, act as better predictors for the reference price (Mazumdar et al., 2005). Consumers tend to use these factors to judge the actual price instead of the prior purchase history. In the case of products for which their quality is difficult to observe, the consumer will tend to rely – relatively speaking – more on other informational cues, such as extrinsic signals (e.g. the reputation of the brand or word of mouth) and tangible signals (e.g. the time spent on performing a service) when making purchasing decisions (Bolton and Lemon, 1999). These signals are likely to influence consumers’ expectations about quality and therefore influence the expected price of the product (Mazumdar et al., 2005).
Another distinction can be made between hedonic and utilitarian product categories. Utilitarian products “are primarily instrumental and their purchase is motivated by functional product aspects” (Khan et al., 2004).  Hedonic products are “those that are primarily consumed for the positive affective experience and pleasure they provide” (Ariely et al., 2005). They are “multisensory and provide fun, pleasure, and excitement for experiential consumption” (Khan et al., 2004). The quality of hedonic products is often more difficult to observe than for utilitarian products. This can lead to consumers accepting higher prices for hedonic goods. Monroe (1973) has underlined this in finding that “the perceived quality is positively related to price” (Monroe, 1973); in this case, consumers tend to use a high price as an indicator for product quality. 
2.2 Processing multiple reference points and prices
In many situations, individuals are fully aware of the fact that multiple reference points are relevant (Kahneman, 1992). This raises the question of how individuals process multiple informational sources and how they use them in practice. The decision-maker can either combine the various reference points into one overall reference point when evaluating choices, or else they can compare the outcomes to each reference point separately (Folger, 1984; Kahneman, 1992). Ordonez et al. (2000) have applied this to salary negotiations and concluded that individuals appear to do the latter when confronted with a limited number of information sources: that is, they separate reference points when evaluating choice options.
However, it seems unlikely that individuals have the cognitive capacity to separate reference points when confronted with a larger amount of reference points. Individuals use a larger number of reference points when the subject becomes more relevant and increases in availability, and is open to modification (Kulik and Ambrose, 1992; Connolly, 1988; Goodman, 1974). In this case, individuals appear to use one or the other of the following two strategies: they select either one or a small subset of reference points (a segregated reference point model), or else they shift from a single point comparison to distributional information (an integrated reference point model) (Ordonez et al., 2000).
The research done on prices and with respect to multiple reference points is limited. Winer (1986) has concluded “that internal reference prices should be treated as a multidimensional construct”. Chandrashekeran and Jagpal (1995) supported this finding by “comparing the two processes by which internal reference prices affect overall evaluations.” The two processes included in this research were the integrated approach and segregated approach. As with the findings of research into reference points, it is suggested that the processes of reference price formation differ when consumers are confronted with multiple information sources. Baucells et al. (2010) have explored this gap in the literature by studying reference point formation where consumers are confronted with multiple information sources over time. The main thrust of this research is that reference prices are mostly determined by the first and the last prices of a time series. It is also implied that a new reference point is not a combination of the previous reference point and any new information. Rather, “the most recent information consistently receives a larger weight, which dramatically decreases upon the arrival of the next piece of information.” They claim that subjects “form their reference point by anchoring on the time line, giving more weight to information near the ends of the sequence, and less weight to the information in the middle.”  
3. Conceptual framework and definitions 
Based on the previous chapter, we can conclude that it is likely that consumers use multiple reference levels in the evaluation of choice options rather than one single reference point. Consumers tend to separate their reference points when confronted with a small number of reference points. However, when confronted with a larger number of reference points, consumers either use one reference point or a small subset of reference points (the segregated approach), or else use distributional information, where all the available reference points are included (the integrated approach). Furthermore, we can conclude that consumers make use of both IRPs and ERPs when making purchase decisions, and that these reference prices are influenced not only by their prior purchase experiences but also by the store environment, the purchase occasion and product category moderators. This chapter builds on the previous chapter by narrowing the available definitions down to more useful definitions for this research. Afterwards, we will discuss modelling the various reference price constructs.
3.1 Reference price dimensions and definitions
“Pricing researchers agree that the reference price plays a crucial role in consumer decision making” (Chandrashekaran, 2001) since “90% of the customers make use of it when making purchase decisions” (Moon and Russell, 2002). The notion of a reference price has multiple conceptualisations (Mazumdar et al., 2005). These include “expectation, normative and aspirational standards” (Klein and Oglethorpe, 1987). An expectation-based reference price is “the adaptation level against which other price stimuli are judged” (Monroe 1973). A normative reference price is “one that is deemed ‘fair’ for the seller to charge” (Bolton and Lemon, 1999).  The aspiration-based reference price is based on “what other people in a social group pay for similar products” (Mezias, Chen and Murphy, 2002). This study makes use of the expectation-based reference price, since the goal of this study is to identify the expected price level against which the actual price is judged. The definition of the reference price is, therefore, that given by Monroe (1973), namely “the standard against which the purchase price (or actual price) of a product is judged.” Since the aim of this research is to identify how consumers process multiple informational cues in the mind, the ‘standard’ of which Monroe speaks of can be seen to be the IRP. The antecedents of the IRP can be summarised into the following conceptual framework (see Figure 1). The focus of this research centres primarily on the effects of the observed past prices upon the IRP and consumers’ purchase decisions. This aspect is marked in red in Figure 1.  
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3.2 Processing multiple reference prices
This research builds on the conclusions of the previous chapter by contemplating the two possible mechanisms influencing reference prices: a segregated and integrated approach to reference pricing. Recognizing that both constructs are possible we construct a research in which models capturing these phenomena are put to the test by applying it to two years of supermarket data, to see which model predicts best in a retail setting and comes closest to what consumers use in practice. This study includes data of two types of supermarkets: one ‘regular’ supermarket and one hard discounter. The models including the different reference price constructs will be compared to a baseline model without a reference price variable.
3.2.1 Segregated reference price 
By the segregation of reference points it is meant that individuals form a range of reference points against which different choice options are evaluated separately. Segregation is more likely when “referents are not readily comparable and computation is difficult” (Ordonez et al., 2000).  This implies that someone can be both satisfied and unsatisfied when evaluating a choice option. Ordonez et al. (2000) has noted that “individuals seem to be able to simultaneously feel good about receiving a higher offer than one comparison offer and to feel disappointed knowing that another received an even higher offer.” In light of this, we can consider three different reference price constructs: the last price paid, the historical minimum, and the maximum price. The segregated approach is represented in the following utility-model based on the model proposed by Baucells et al. (2010), where 
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This model assumes that decision-makers form multiple comparisons between the current observed price
[image: image4.wmf]t

P

 and a certain price observed in the past
[image: image5.wmf]1

t

P

-

. This comparison has a relative prevalence of 
[image: image6.wmf],

ti

p

 in an individual i's mind. Since we do not account for heterogeneity, this value is fixed at 
[image: image7.wmf],

1

ti

p

=

 in this research. The value 
[image: image8.wmf]b

 denotes the importance of the reference price comparison in the consumer’s purchase decision.
3.2.2 Integrated reference price
Individuals can combine different reference points into one overall reference point (the unitized reference point) against which they evaluate the choice options. In this case would a change in one reference price influence the unitized reference price and therefore would influence the entire purchase decision. “Reference points are more likely to be integrated when they are comparable” (Ordonez et al., 2000). 

The different information sources can be integrated in two ways. One mechanism uses theories from social psychology (Parducci, 1965; Sherif and Hovland, 1964) whilst the other relies on economic theories on the formation of price expectations (Muth, 1961; Nerlove, 1958). The psychological perspective uses assimilation-contrast theory (Sherif and Hovland, 1964) in order to investigate how consumers integrate external information into their reference price. This theory suggests that, for a given quality level, a consumer has a distribution of prices that are considered to be acceptable. This approach was later supported by range theory (Volkmann, 1951) and range-frequency theory (Parducci, 1965). The economists’ perspective is “based on economic interactions between the buyer and the seller” (Mazumdar et al., 2005). The adaptive expectation model (Nerlove, 1958) introduces a mechanism by which consumers can adjust their prior expectation on the basis of the discrepancy between observed and expected prices. In this case, the consumer’s reference price is a weighted average of the last period’s reference price and the observed prices (Mazumdar et al., 2005). To cover this category, two reference price constructs will be considered by this paper: a model in which the prior purchase prices are exponentially smoothed and the average price in which all prior encountered prices receive the same weight. This is summarised the utility model below (2), based on the model employed by Baucells et al. (2010). Again, 
[image: image9.wmf]t

U

 represents the experienced utility in period t:


The current observed price 
[image: image10.wmf]t

P

 is compared with a single reference point 
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 denotes the importance of the reference price comparison in the consumer’s purchase decision. 
4. Hypotheses
From the previous chapters, it becomes clear that it is likely that consumers either use a segregated or an integrated approach when updating their IRP. The conclusions drawn from the previous sections can be summarised by a set of six hypotheses. 
4.1 Integrated approach 
There are empirical indications that the process of reference price formation differs when consumers are confronted with a large amount of reference points. In this case, it is unlikely that consumers have the cognitive capacity to separate reference points when making purchase decisions and, therefore, that they make use of an integrated approach based the reference price (Ordonez, 2000). As such, we have enough reasons to expect that integrated approach models have a better predictive validity than segregated approach models, and that consumers are therefore more likely to integrate multiple information sources when making a purchase decision. This leads to the following hypothesis:
 H1: Consumers integrate multiple reference points when updating their IRP.
4.2 Prior purchase history 
In the early days of reference price studies, researchers had already found that the last price paid is an important determinant of the reference price. According to the “adaptive expectation” model introduced by Nerlove (1958), the reference price is a weighted average of the last period’s reference price and an observed price. The conclusions stemming from the research of Baucells et al. (2010) on how “subjects form their reference points in a reaction to a time series of prices” confirm the validity of Nerlove’s model. A key conclusion is that the reference price is mostly determined by the purchase price of the stock and the last (current) price of the time series. Baucells et al. found that “recent information receives a large weight, which dramatically decreases upon the arrival of the next piece of information.” Another conclusion stemming from this study is that the historical peaks seem to have a minor impact on the reference price. Following Baucells et al., we might suspect that, out of the five reference price constructs, the two models incorporating constructs based on prices encountered during prior purchase occasions will outperform the models incorporating the other three reference price constructs: 
H2a: The reference price constructs based on prior purchase experiences are the strongest predictors of reference prices.
Recent studies have not only identified the effect of the last price paid on the purchase decision, but also the effect of the prices encountered during prior purchase occasions beyond the last one. Briesch et al. (1997) have found that a model based on the last price paid and an exponentially smoothed function of the prices encountered during previous purchase occasions serves as the best model of reference prices. In line with the conclusions of Briesch et al. (1997), Baucells et al. (2010) have found that consumers appear to form their reference point by “anchoring on the time line, giving more weight to information near the ends of the sequence.” We might therefore expect that a model including a reference price construct which also includes the price paid on purchase occasions beyond the last one will outperform any model that incorporates a construct that only includes the last prices encountered:
H2b: Consumers do not only consider the last price encountered, but also the prices encountered on purchase occasions beyond the last purchase occasion.
4.3 Historical minimum price
The highest and the lowest market prices have been identified as important reference points (Rajendran and Tellis, 1994). It is plausible to assume that these prices are used as reference points because of the fact that these prices are easily accessible and available. Consumers do not need to calculate these prices as, for instance, the average price. We expect the lowest price to be a better predictor than the highest price because the lowest price is often not only encountered during the shopping occasion, but also when being advertised by the retailer. The existence of the lowest price as a reference price has already been established by the study of Lattin and Bucklin (1989), where it was found that “previously encountered promotion prices create expectations for product prices.” Consequently, consumers encounter the lowest price more often than the highest price, and they are therefore more likely to use the lowest price as a reference price when making a brand choice decision on a next purchase occasion. This leads to the following hypothesis: 
H3: The historical minimum price is a better predictor of reference prices than the historical maximum price.

4.4 Hedonic goods
The nature of hedonic products differs from the nature of utilitarian products. Hedonic products contain many unobservable characteristics, and “consumers may have difficulty to place value on it” (Edwards and Spawton, 1990). Because hedonic products are bought for “the positive affective experience and the pleasure provided” (Ariely et al., 2005), it is plausible to assume that consumers are more involved with buying from a hedonic product category. This would lead to better price knowledge and, therefore, consumers will be less sensitive to using a certain reference price comparison. While it is likely that consumers’ involvement with a product influences the number and type of the reference prices, it is not likely that consumers use a different formation process when making purchase decisions for different types of products. Chandrashekaran (1999) has found that “consumers’ process of reference price utilisation is not affected by involvement.” Thus, high- and low-involved consumers process IRPs in the same way. In line with the findings of Chandrashekaran (1999), we might expect that there is no difference between the way by which reference prices of hedonic products are processed and the way by which reference prices of utilitarian products are processed. Our hypothesis will be, therefore, as follows: 
H4: The IRPs of hedonic products are processed in the same way as the IRPs of utilitarian products.
4.5 Store context
Different types of stores provide different levels and assortments of services. The store context might not only have an influence on the level of the reference price when making a purchase decisions, but also on the reference price formation process itself. In contrast with regular supermarkets, hard discounters hardly ever change their prices. Consumers would not, therefore, have any incentive for remembering and incorporating prices encountered beyond the last purchase occasion when making a purchase decision. We might therefore expect that consumers in a hard discounter are more likely to segregate their reference prices instead of integrating them. This leads to the following hypothesis:
H5: Consumers in a hard discounter segregate their multiple reference prices instead of integrating them.
5. Methodology 
This chapter contains a description of the methodology used by this research. First, a brief overview of the research design will be given. Second, information will be provided with regard to the two models and the explanatory variables, including the five reference price constructs. Since the ERP will not be included in this research, we will refer to the IRP in the next sections simply as ‘the reference price’.
5.1 Research design and procedure
The main goals of this research are to determine which factors in a time sequence influence the reference price the most, and also to determine how consumers process multiple reference points. In Chapter 2, we established that there are a number of approaches which consumers tend to use in forming and updating their IRPs. To find out which approach consumers tend to use within a retail setting, we compare a model including five different reference price constructs with a baseline model so as to see which of these constructs performs the best in predicting purchase decisions within a retail environment. The reference price is a latent construct, and few consumers will be aware of using one. As such, we will measure the reference prices indirectly over the course of this analysis by observing actual brand choice behaviour. As with the existing literature on reference prices, we will do this by applying reference price constructs to scanner data in two types of supermarket chains. Reference may be made to Mazumdar et al. (2005) for an overview of the studies conducted on the topic of reference pricing. Another reason for applying reference price constructs to scanner data is that it allows us to validate the conclusions drawn by Baucells et al. (2010) from their experimental research on the same topic over a controlled environment. 
Three of the reference price constructs included in this analysis belong to the category of segregated approach constructs (the last price paid, the historical minimum price and the historical maximum price) and two belong to that of integrated approach constructs (prior purchase history and the average price). As with the study of Lattin and Bucklin (1989), this research focuses on ‘conditional brand choice behaviour’. The assumption underlying this definition is that the consumer has already made the decision to buy from the product category. To investigate this, we will make use of a multinomial logit model (MNL) for evaluating the impact of the five reference price constructs on purchase decisions. In this model, the consumer forms an evaluation for each of the available choice options against a reference option, and then chooses the option which has the highest overall evaluation. This means that it is necessary to first estimate a utility model and then use the MNL model to relate the estimated utility to a certain purchase decision.
5.2 Models and variable descriptions
In previous chapters, we identified two approaches that consumers tend to use when forming reference prices: the segregated approach and the integrated approach. For each of these, we identified five reference price constructs which we will include in a model with a symmetric reference price variable (4). We will compare these models to a certain baseline model without a reference price variable (3). 
Reference price models
BASMO. In the baseline model (3), the reference price variable will not be included. The predicted utility is therefore to be based on the price and a brand loyalty variable. Because inertia usually has a significant impact on consumer behaviour, we have also included a last choice variable to capture this phenomenon. 

The following model represents the experienced utility U for brand b, household i, and purchase occasion t:
(3)
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= 
the intercept for brand b;
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is the actual price household i encounters for a certain brand b during purchase occasion t;
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household i’s loyalty towards brand b, measured by the proportion of purchase occasions in which household i, selected brand b in the initialization period; 
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=
the impact of inertia on purchase decisions – this is a dummy variable indicating whether household i purchased brand b on purchase occasion t – 1.
Next, we can extend the baseline model with a symmetric reference price variable (4). The earlier literature has found that consumers tend to incorporate a certain trade-off between the reference price and the actual purchase price when making purchase decisions. In line with the findings of Winer (1986), the symmetric sticker shock model assumes that, unlike the asymmetric reference price model, consumers do not perceive a loss in utility differently from their perception of equivalent gains. The reason for including a symmetric reference price instead of an asymmetric one is that the existing literature has met with mixed results with regard to the existence of an asymmetric response to the reference price comparison (Mazumdar et al., 2005).
(4)
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Where: 
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is household i’s reference price for brand b on purchase occasion t.  
The next few sections contain a brief elaboration of the different reference price constructs, as well as the other three explanatory variables incorporated into the models.
Reference price constructs
We have identified five factors in a time sequence that might influence the reference price formation in a time series: the last price paid, the historical minimum price, the historical maximum price, the prior purchase history, and the average price. The first three constructs are categorised as segregated approach constructs, whilst the latter two are categorised as integrated based constructs. The main difference between them is that the segregated constructs compare one certain price encountered over the purchase history to the actual price, whilst in the integrated constructs multiple past prices are integrated and compared.
· Last price paid (LPP). The last price encountered by a consumer in a product category can be represented as follows:
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. Encountered past prices are the strongest determinants of reference prices (Mazumdar et al., 2005), where the price encountered on the most recent occasion constantly receives the largest weight. 
· Historical minimum price (HMI). The historical minimum price (
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) is determined by the minimum price encountered in a time sequence for a certain product category. This builds on the premises that a “previously encountered promotion price creates expectations for a product’s prices” (Lattin and Bucklin, 1989).
· Historical maximum price (HMA). Alternatively, the the historical maximum price (
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) is determined by the maximum price encountered in a time sequence.
· Prior purchase history (PPH). The prior purchase history is a commonly used reference price construct, and it can be represented by the formula: 
[image: image23.wmf](1)(1)

(1)

ibtibt

PIRP

ll

--

+-

. This construct captures the effect of prices encountered during the purchase history upon the reference price. According to Mazumdar et al. (2005), the parameter 
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“usually ranges from approximately 0.60 to 0.85 in different product categories.” Since the purpose of this research is not to identify the exact value of the parameter, we set 
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= 0.7. The effect of the price encountered decreases by a half upon the arrival of the next piece of information. This value is similar to that used by Lattin and Bucklin (1989). 

· Average price (AVP). The average price (
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) is an average of all the purchase prices encountered for a brand. It builds on the premise that consumers take the entire purchase history into consideration and assign equal weight to all prices encountered. 

Explanatory variables
Besides the five reference price constructs, previous studies have indentified other variables explaining consumer brand choice, namely: price, features, displays, coupons, brand loyalty and previous choices (Gupta, 1988; Tellis, 1988). Because we do have any promotional data, the explanatory variables will be restricted to price, brand loyalty and previous choice. 
· Price. The price proves to be one of the most important variables having a significant effect on brand choice decisions. We do not have daily data on prices for every single brand included in this research. As such, the prices incorporated in this research are calculated as the average week price per brand. Because we have also incorporated products of different sizes and with different volumes, we have computed the average week price in price per unit in order to be able to compare these prices.
· Brand loyalty and previous choice. The previous literature (Gupta, 1988; Tellis, 1988) has shown that both inertia and consumers’ loyalty toward certain brands directly influences brand choice decisions. Mazumdar and Papatla (1995) have found that consumers with low brand loyalty are likely to attach more weight to the reference price comparison, while consumers with high brand loyalty attach more weight to external factors. 
6. Results
To reveal which reference price construct consumers tend to use in a retail setting, a MNL model is used to compare the different reference price constructs with a baseline model containing no reference price construct. The first section will cover the product categories included in this analysis and the available data. The second, third and fourth sections will contain a discussion of the estimated results and an overview of the tested hypotheses. 

6.1 Data
This research makes use of data obtained when observing actual consumer behaviour in Dutch supermarkets, and it is not, therefore, subject to the disadvantages that would follow were it to be observed within a controlled environment. The dataset consists of panel record data from two chains of supermarkets in the Netherlands over a period of roughly two years: 105 weeks, from the 29th of December 2003 until the 1st of January 2006. One of the supermarket chains is categorised as a regular supermarket chain whilst the other one is considered to be a hard discounter. The data has been collected by the ‘GFK Group Nederland’ and kindly made available for this research. For the regular supermarket chain, two product categories are included in this study, of which one is considered to be hedonic and one is considered to be utilitarian, namely: chocolate bars and toilet paper. We consider toilet paper to be a utilitarian product category and chocolate bars to be a hedonic one. Because a hard discounter usually runs it assortment with a limited amount of products within the product category, we had to restrict the dataset for the hard discounter to just the product category of chocolate bars. Both product categories will be thoroughly discussed in the sections below. We use the brand with the highest market share as the reference brand in our analysis. As with Briesch et al. (1997), we use two criteria to select the panellists for the study. First, we include only those panellists who have purchase records for the entire sample period (i.e. exclude both early leavers and late joiners). Second, we exclude respondents that do not make at least 2 purchases during the initialisation and the estimation periods; this criterion is used to exclude consumers from the dataset that do not make regular purchases within the product category and so have only a limited amount of reference prices. Next, we split the 105 weeks of data into an initialisation period of 26 weeks (one quarter of the dataset), an estimation sample of 53 weeks, and finally a 26 week prediction sample. The data from the initialisation period will be used to obtain a measure of loyalty.
Toilet Paper
In order to perform a MNL, we had to restrict the dataset to only the top brands. In this case, the top five brands are included, namely: Albert Heijn, Page, Lotus, Edet and Euroshopper. These five brands account for 90.1% of the total sales for toilet paper within the regular supermarket chain, of which Albert Heijn is the market leader.
 In order to make the data manageable, a random sample of 175 households was drawn. These households account for 1459 observations within the estimation sample and for 515 observations within the prediction sample. The average inter-purchase time for the sample is 6.68 weeks.
 

Chocolate bars
As with the toilet paper, the top five brands are included, namely: Albert Heijn, Cote d’Or, Milka, Verkade and Swiss. These brands represent 84.6% of the total sales for chocolate bars within the regular supermarket chain. Again, Albert Heijn is the market leader. A random sample of 191 households was drawn, representing 1715 observations within the estimation sample and 561 within the prediction sample. The average inter-purchase time is 6.53 weeks. 
In order to test the fifth hypothesis, we have included a sample of hard discounter chocolate bars into the analyses. Because of the companies’ policy of having a limited variety of brands per product category, only the top two brands are included: Lidl and Ritter.  These two brands account for 99.9% of the total sales within the hard discounter, of which Lidl is the market leader. The same criteria were applied to this dataset as were applied to the previous two datasets, except for the fact that no random sample was drawn. After applying these criteria, a total of 91 households remain in the sample, representing 679 observations within the estimation sample and 238 observations within the prediction sample. The average inter-purchase time in this instance is 7.03 weeks. Because the hard discounters’ chocolate bar product category includes only two brands – Lidl and Ritter – we make use of a binary logit model rather than a MNL model for evaluating the purchase decisions. The binary logit model builds on the same premises as the MNL model in that it compares the experienced utility of a brand to a certain reference brand based on the characteristics of both brands. The difference is that the binary choice model only allows for a choice between two options. Again, it is assumed that the consumer will choose the option which offers the highest experienced utility. 
6.2 Model comparison
As has already been explained, six utility constructs are considered, namely: one baseline model (BASMO) without a reference price construct and five others including various operationalizations of reference prices (LPP, HMI, HMA, PPH, AVP). We will select the best model based on the performances within the estimation sample and the predictive validity of the model within the prediction sample. Within the estimation sample we compare the models based on the log-likelihood, the Bayesian Information Criterion (BIC) – or the Schwarz criterion – and the Akaike Information Criterion (AIC). All three criteria are recognised concepts for the comparison of the goodness of fit of statistical models, whereby the BIC and AIC are prevailed when comparing models with varying numbers of parameters. The log-likelihood expresses how well the data is explained by the models. However, adding extra parameters to the model could lead to an improvement in log-likelihood. This by itself could lead to overfitting the model, which means that the model describes the standard error or noise instead of the relationship between the variables. We have, therefore, included the BIC and AIC in this study so as to determine whether those models containing more parameters prove to be an improvement over the standard baseline model. By adding the BIC and AIC, penalties are provided for including more parameters and this enables the comparison of models with different amounts of parameters. The difference between the two is that the BIC penalises the number of parameters more strongly than the AIC does. In the prediction sample, the predictive validity of the estimated models is tested. The models are compared with each other and the one having the highest model fit is selected as being the best model. When the best models of the estimation sample and of the prediction sample differ, we select the model with the least parameters as the best model. Table 1-3
 shows the number of choices, coefficients, log-likelihoods, BIC's and AIC's of both the estimation and the prediction sample for the regular supermarket chains’ chocolate bar and toilet paper product categories and for the hard discounters’ chocolate bar product category. 


Toilet Paper. Table 1 contains the results of the toilet paper category in a regular supermarket chain. Based on the BIC and AIC comparison within the estimation sample, we can conclude that the LPP construct performs the best among the segregated approach constructs and that the PPH performs the best among the integrated approach constructs. We find that consumers make use of a reference price: when we compare the different models with a baseline model, we can see that four out of the five models containing reference price constructs (LPP, HMI, PPH, AVP) outperform the baseline model. Of these models, the model with the LPP construct performs the best, followed by that which includes the PPH construct. Comparing the log- likelihood criteria of the different models would lead to the same winning model.
When we apply these models to the prediction sample, a different pattern emerges. Again, all of the models containing reference price constructs outperform the baseline model based on the model fit. However, it is not just the model which includes the LPP construct which predicts the best, but also the model including the HMI construct. Next to the baseline model, the model which includes the HMA construct performs the worst. Overall, we can conclude that reference price effects exist within the toilet paper product category. Based on the estimation and prediction sample, the model including the LPP construct performs best. 


Chocolate bar. The upper section of Table 2 contains the estimation sample results of the chocolate bar category for a regular supermarket chain. Among the segregated approach models, the LPP construct clearly outperforms the other two, based on both the BIC and the AIC criteria. Between the two integrated approach models, the PPH construct performs the best. When we compare these two constructs with the baseline model – based on the BIC and the AIC criteria – we can see that there is clearly an improvement in the performance of these constructs over that of the baseline model. This finding suggests that consumers make use of a reference price when making a purchase decision within this product category. Out of these two constructs, the LPP construct performs best, with the PPH construct as a close second. Comparing the log-likelihood criteria of the models leads to the same winning model.
The results coming out of the prediction sample model comparison confirm the results found in the estimation sample. If we compare the model fit of the five models, four out of five of the models (LPP, HMI, HMA, PPH) including a reference price construct outperform the baseline model. Again, the LPP construct performs best from amongst the segregated approach models, whilst the PPH construct performs best from amongst the integrated approach models. Overall, we can conclude that a reference price is used in this product category, and that the LPP construct performs best in both the estimation and the prediction sample. The model including the AVP construct appears to be the worst performing model. 


Table 3 reports the results of the hard discounters’ chocolate bar category. In this category, including the reference price constructs does not lead to a model improvement in either the estimation or the prediction sample. Although the log-likelihood comparison suggests that the model including the LPP reference price construct is the best performing one in the estimation sample analysis, both the BIC and AIC criteria show that the baseline model is not outperformed by any of the models which include a certain reference price construct. Because the use of the BIC and AIC is most appropriate when comparing models with different amounts of parameters – as has been explained – we are able to conclude that the best performing model is the BASMO. The model fits obtained in the prediction sample show the same pattern: none of the models including a reference price construct show to have a better fit than the BASMO. Therefore we can draw the conclusion that consumers do not use a trade off between the reference price and the actual price when making a brand choice decision in the hard discounters’ chocolate bar product category.
6.3 Parameter estimates

In this section, we will discuss the parameter estimates of the various models so as to determine the impact of the different reference price constructs and the explanatory variables on brand choice decisions. Parameter estimates for both product categories and the types of supermarket can be found in Tables 4 – 6.
 The parameter tests for significance are performed at a .01, .05 and .1 level (one tail) of the null hypothesis that the coefficients differ from zero.
Toilet Paper. Table 4 contains the parameters of the reference price constructs in the toilet paper category. The only variable that is not significant is the HMA construct. All the parameters are significant and show face validity: they have the correct signs. Consumers in this product category appear to attach relatively high weights to inertia and brand loyalty, and attach lower weights to price and the reference price comparison.  
Chocolate Bars. Table 5 shows the parameter estimates of the models included in the chocolate bar category of a regular supermarket chain. Again, all the parameters included within the model appear to have a significant effect on the brand choice decision, except for the HMA construct. The parameters for the chocolate bar category show the correct sign and display face validity. The price variable is shown to be negative and significant, which implies that consumers display high price sensitivity when it comes to brand choice decisions. Both the loyalty and previous choice variables are shown to have a statistically significant and positive sign over all the models. 
The models’ parameter estimates for the hard discounters chocolate bar category are displayed by Table 6. Again, most of the parameters have the good sign which displays face validity. The first thing that stands out is that neither the price variable nor the reference price constructs appear to have a significant effect on the brand choice between the two brands included in the analysis. Consumers in this product category appear to attach no significant weight to price and the reference price comparison, and base their brand choice within this product category primarily on inertia and brand loyalty instead, where brand loyalty constantly receives the highest weights.
 



6.4 Hypothesis tests
First of all, the reference price comparison has a significant effect on consumers’ purchase decisions in each product category for the regular supermarket chain. This holds for all the reference price constructs except for the HMA construct. The reference price has no effect on brand choice behaviour in the hard discounter. Based on the results obtained in the analysis of the regular supermarket chain, we find that the significant reference price constructs based on the segregated approach seem to have better predictive validity than those based on the integrated approach to reference price constructs. The LPP construct (model fit of 0.711 in the toilet paper category and 0.619 in the chocolate bar category) and the HMI construct (0.711 and 0.617) have the best predictive validity in both product categories, followed by the PPH construct based on the integrated approach (0.709 and 0.613). The average of those price constructs based on the integrated approach is the worst predictive model in the chocolate bar category (0.610). These findings are in contrast with our initial expectation that consumers are not able to process a large number of reference points individually in a segregated way (H1).

The model which includes the prices encountered on the last shopping occasion as a reference price (LPP) performs the best in both the estimation sample and the prediction sample for both product categories. We are therefore able to immediately reject our hypothesis that the reference price constructs incorporating the prices encountered during the purchase occasions beyond the last purchase occasion would be the best performing model (H2b). The results found with regard to the PPH construct are mixed. In both product categories, it outperformed the HMI construct in the estimation period based on the BIC and AIC (BIC’s of 1.644615 and 1.961538 against 1.647497 and 1.961544; AIC’s of 1.615633 and 1.936128 against 1.618516 and 1.936135). In turn, the HMI construct outperforms the PPH construct in the prediction samples for both product categories (model fits of 0.711 and 0.617 against 0.709 and 0.613). Although the PPH construct does not outperform the HMI construct in the prediction samples, we feel confident that we have found sufficient evidence for the plausibility of H2a: the reference price constructs based on the purchase history are the best predictors of consumer behaviour.

We have found full support for the view that the reference price constructs which incorporate the historical minimum price outperform those constructs based on the historical maximum price in both product categories in both the estimation sample and the prediction sample. Consumers appear to attach no weight to the historical maximum price comparison. In both product categories, the HMA construct was not found to have a significant effect on the brand choice. Consequently, the model including the HMA reference price construct is the worst predicting model in the toilet paper category (model fit of 0.703). The only model predicting worse than the HMA construct in that product category is the baseline model (model fit of 0.701). We therefore find full support for accepting H3. 

When analysing the results for both the chocolate bar category – as a hedonic product category – and the toilet paper category – as the utilitarian product category – we see that consumers attach relatively more weight to price, brand loyalty, previous choice and the reference price comparison in the hedonic product category. Since the LPP construct performs best in both product categories, closely followed by the PPH and the HMI constructs, we have found sufficient evidence to support the hypothesis that consumers update their reference prices in the same way in both product categories. We therefore accept H4. 

Because the reference price comparison and the price variable do not have a significant effect on the brand choice decision in a hard discounter, we cannot make a statement about how consumers process their reference prices (H5). It seems that consumers do not make use of a reference price comparison when making a brand choice in a hard discounter. Instead, consumers’ brand choice can primarily be explained by brand loyalty and the chosen brand on the last purchase occasion, where brand loyalty receives highest weights. 
7. Conclusions and discussion
As was mentioned earlier, a pressing gap within the literature is to what extent consumers form reference prices for multiple products in a marketing situation. In this chapter, we will attempt to fill this gap by pointing out how the results obtained reflect existing findings from previous literature, as discussed in Chapter 2. Finally, these results will enable us to give an answer to the problem statement and the research questions. 
Even though a number of analyses have verified the use of a reference point when evaluating choice options, the manner in which multiple reference points are evaluated has not received attention until recently. There is limited evidence as to whether consumers do indeed form as many reference prices as products, or whether they form an overall reference price instead. The importance of studying this phenomenon has been stretched by Kahneman (1992), who noted that “an important problem is the study of how multiple reference points compete and combine.” In addition to this, Ordonez et al. (2000) have stated that “the formation of reference prices might be different when consumers are confronted with a large number of reference points.”
Whereas consumers who are confronted with a limited number of reference prices tend to separate their reference prices when comparing them to the actual price, consumers who are confronted with a larger amount of reference points are more likely to integrate these points into one overall reference point. Baucells et al. (2010) have explored this field of research by studying the reference price formation over time. In this study, we extrapolate the research of Baucells et al. from a stock exchange setting to a retail situation, whereby we consider the reference price formation process, given a sequence of information over time, by applying it to actual store data. We have included four out of the five reference price constructs used by Baucells et al. in this research: the last price paid, the historical minimum price, the historical maximum price, and the average price. In addition to these four reference price constructs, we have also included a construct that captures the prior purchase history by exponentially smoothing the prior prices encountered beyond the last purchase occasion. We have excluded the purchase price construct from the research because this construct is not likely to have an impact within a retail situation. The purchase price construct stems from the idea that consumers in a stock exchange situation compare the actual price of the stock to the price at which they first purchased the stock. Since it seems implausible to assume that consumers will remember the first ever time they encountered a given brand price – possibly encountered years ago – this construct is not likely to have any significant impact on purchase decisions within a retail situation.
The findings that have come out of this analysis are broadly similar to the conclusion Baucells et al. derived from their analysis. Our findings confirm the statement of Baucells et al. that “the reference point is not a combination of a previous reference point and the new information” and that “the most recent information receives large weight, which dramatically decreases upon the arrival of new information.” Our results show that the model including the last price paid constantly outperforms models including those reference price constructs which incorporate various combinations of previous reference points. This implies that consumers only consider the last prices encountered when making a brand choice; moreover, this means that consumers are most likely to positively evaluate a choice option when the last period’s price exceeds the actual price and regardless of the purchase history.
One distinction between the results obtained in the study of Baucells et al. and our own may be seen as follows: where they conclude that historical peaks receive little weights within consumers’ minds, our results show that the historical minimum price is also a good predictor for reference prices. This might be explained by the fact that in a retail situation, and contrary to a stock exchange situation, the historical minimum prices or promotional prices are usually heavily advertised by the retailer. This leads to consumers encountering these prices more often and, therefore, having increased price awareness. The impact of promotional prices on purchase decisions has previously been researched by Lattin and Bucklin (1989), among others, who have found that previously encountered promotion prices have an influence on future price expectations. Consumers assign the least weight or else no weight to the average price and the historical maximum price construct. The historical maximum price had no significant impact on the brand choice decision for both the hedonic as the utilitarian product category, meaning that consumers attach little or no weight to the highest price encountered. The average price construct failed to outperform the baseline model in the chocolate bar category, meaning that it is unlikely that consumers assign similar weights to all encountered prices over time when comparing them to actual prices. 

The second finding of the existing literature that we are able to confirm is that consumers use some sort of reference price when confronted with a brand choice decision. The inclusion of a reference price comparison into the model improves the model fit in both the estimation and the prediction samples for both product categories of the regular supermarket. When we compare the results from the regular supermarket with the results coming out of the analysis as applied to the data for the hard discounter, one obvious distinction is noticeable: consumers who make a brand choice decision in a hard discounter do not appear to make use of a reference price comparison. In this case consumers tend to rely on other variables instead, such as inertia and brand loyalty. A possible explanation for not using a reference price comparison and assigning no significant weight to the price variable could lie in the fact that consumers in a hard discounter are confronted with a limited number of choice options and therefore do not need to make use of a reference price comparison. Another explanation might be that prices in hard discounters are low and hardly ever change.
Where the reference point does have an impact on the brand choice behaviour, we find that consumers rely on one single reference point given a sequence of temporal information, rather than incorporating all the available information into one unitized reference point. We are therefore able to conclude that consumers segregate their reference points even when confronted with a large number of reference points. The best performing segregated approach reference price construct – the last price paid – constantly outperformed the best performing integrated approach construct – the prior purchase history – and the baseline model without a reference price construct. This discrepancy between our findings and the expectation of Ordonez et al. can be explained by the findings of Goodman (1974), and Kulik and Ambrose (1992). They find that “the number of reference points judged by the subject as both relevant and available is open to modification.” A consumer searches for more reference point comparisons when the relative importance of the purchase decision increases. Thus, an explanation for segregating multiple reference points might be the limited relative importance consumers attach to the brand choice decisions included in this research. 
The last finding stemming from this research is that there does not appear to be a difference in reference price formation between hedonic goods and utilitarian goods. In both types of product category, consumers appear to segregate their reference prices. The main difference in the brand choice decision process is that consumers buying from a utilitarian product category rely on purchase habits, assigning relatively high weights to inertia and brand loyalty. Utilitarian purchases are bound to be more automatic, due to more stable quality variations, and also due to the fact that they serve functional needs that are stable over time. In the hedonic product category, consumers assign relatively high weights to price and the reference price comparison. This adds support to the findings of Pavesic (1989), who has stated that consumers who buy hedonic goods have difficulty in assessing a products’ quality and, therefore, rely more on price cues instead.  
8. Managerial implications
Not only does this study have academic relevance – as has been discussed in the previous chapter – but it also has implications for managers. An understanding of how reference prices are formed and processed by consumers can significantly increase profits on promotions, as has been demonstrated by the work of Greenleaf (1995) and Kopalle, Rao and Assunção (1996). They show that profits on promotions increase when the effects of reference prices
 are taken into account in promotional strategies. Price promotions can lower the reference price, which could have two negative consequences: (1) latter promotions will not seem to be such good deals as earlier ones, and (2) a return to a normal price level could be perceived as a price increase. This implies that “reference prices are important components when deciding on promotional strategies” (Mazumdar et al., 2005).  

Not only does the reference price have an impact on establishing the timing, duration and level of price promotions, it also has a significant impact on deciding on the optimal pricing strategy. As Chandrashekaran (1999) has stated, “the optimal price communication strategy depends on which reference prices are used to determine the value against which the actual price is judged.” In general, prices exceeding the reference price are perceived as a loss in utility, while prices underneath the reference price are perceived as gains (Pavesic, 1989). This implies that the reference price effect should be a central factor when deciding on the optimal pricing policy of a firm, as the price of a good can better be set below consumers’ reference price, rather than above it. In this case, marketers should concentrate on increasing consumers’ reference prices by focussing on the products’ main features in their advertising campaigns (Chandrashekaran, 1999).
9. Limitations and further research
Before concluding this thesis by giving recommendations for further research on the topic of forming and updating reference prices, we will first discuss the limitations of this study and their implications for the results and conclusions of this study.
9.1 Limitations
Researchers have recommended that “consumer heterogeneity should be accounted for before assessing the effects of reference pricing” (Bell and Lattin, 1996; Briesch et al., 1997). This builds on the premise that different segments of consumers might use different reference points when making purchase decisions. However, Chandrashekaran (1999) has found that individual differences between consumers do not influence the process in which reference prices are formed. Since it is not the aim of this research to produce a model that predicts consumers’ behaviour as accurately as possible, we have not accounted for heterogeneity. 

Since reference prices are intangible structures, we had to measure it by observing choices. One disadvantage of measuring reference prices indirectly is that this way is that it can be “extremely noisy” (Baucells et al., 2010). The reference price constructs were derived from theoretical models with “unknown measurement errors” (Winer, 1986). However, this research provides us with similar results to those found in the study of Baucells et al.. We are, therefore, confident that the main conclusions concerning which reference price factors have the biggest impact on brand choice decisions are both reliable and valid. 

Another limitation is that we did not have access to data about encountered promotions for this study. The previous literature has stretched the moderating impact of prior promotions on reference prices: “consumers use previously encountered promotions to create a deal expectation for brands” (Lattin and Bucklin, 1989). The higher the deal expectation, the lower the reference price will be (Mazumdar et al., 2005). Since prior promotions are likely to affect the level of the reference price, do not expect them to influence the formation process and, therefore, to change the results obtained from this study.
9.2 Further research
The main question raised by Ordonez (2000) remains unanswered after this study, namely: “when do consumers switch from segregating their reference points to integrating their reference points?” Our findings show that consumers in a retail setting simply rely on one reference point and attach little or no weight to prices encountered in history. As such, it would be worthwhile to extrapolate this research to a situation in which consumers are forced to make relatively more important purchase decisions (e.g. when buying a house). We found in previous chapters that consumers might use more informational sources when the relative importance of a purchase decision increases. Would a consumer still be able to process all of their reference points separately? Or would they then summarise all the available information into one overall reference point?
This research restrains itself to brand choice decisions in two types of supermarkets. Since there are only limited choice options available in hard discounters’ product categories, this might explain the absence of any impact on the part of the reference price comparison on the brand choice decision. One important assumption underlying the research into brand choice decisions is that consumers have already made the decision to buy from that particular product category. If we could relax this assumption, and allow for consumers not buying at all, we would have been more likely to find such an impact. Consumers have been found to use a certain reference price comparison when deciding on whether or not and when to purchase (Bell and Bucklin, 1999). Further research is required in order to identify differences in reference price formation for hard discounters. 
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Appendix A: Brand descriptions
This section includes a detailed description of the brands included into this study and its prices. The first table and figure illustrates the market shares per brand. The last table shows the number of observations used to calculate the average week price per brand and the average, highest and lowest average week price per brand.
Toilet paper
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Chocolate bar
The brand descriptions of the brands included into this research of the chocolate bar category in the regular supermarket. 
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Below you can find the brand descriptions of the brands included into this research of the chocolate bar category in the hard discounter. 
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Appendix B: Descriptive statistics 
This appendix includes the descriptive statistics of the three datasets included into this analysis. 
Toilet paper

Below you can find the descriptive statistics for the dataset of the toilet paper category in the regular supermarket.
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Chocolate bar

The tables below show the descriptive statistics for the dataset of the chocolate bar category in the regular supermarket.
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Below you can find the descriptive statistics for the dataset of the chocolate bar category in the hard discounter.
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Appendix C: Comparison predicted and actual choices
This chapter will give an overview of the comparisons between the predicted and actual choices for the six different models.
Toilet paper

The brands included into the toilet paper category are coded as follows:
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The actual choices versus the predicted choices for the baseline model (BASMO). The model fit is calculated as follows: (246 + 55 + 26 + 10 + 24) / 515 = 0.700971
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The actual choices versus the predicted choices for the model including the last price paid (LPP) reference price construct which is based on the prices encountered during the last purchase occasion. In this case, the model fit is: 0.710680.
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The actual choices versus the predicted choices for the model including the reference construct based on the historical minimum price (HMI). The model fit is: 0.710680.
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The comparison between the actual choice and the predicted choice for the model including the construct based on the historical maximum price (HMA). The model fit is: 0.702913.
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The actual versus predicted choice for the model including the prior purchase history (PPH) reference price construct, which is based on an exponential smoothed function of the past prices encountered. The model fit is as follows: 0.708738.

[image: image44.wmf]1

2

3

4

5

Actual Choice

1

245

19

4

5

3

276

2

22

59

7

10

0

98

3

8

8

26

4

0

46

4

11

10

15

10

0

46

5

17

3

3

1

25

49

Total

303

99

55

30

28

515

Predicted Choice

Total


The actual choices versus the predicted choices for the model including the reference construct based on the average price (AVP), where all the past prices receive equal weight. The model fit is: 0.708738.
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Chocolate bar 

The brands in the chocolate bar category for the regular supermarket are coded as follows:
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The actual choices versus the predicted choices for the baseline model (BASMO). The model fit is: 0.611408.
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The actual choices versus the predicted choices for the model including the last price paid (LPP) reference price construct which is based on the prices encountered during the last purchase occasion. In this case, the model fit is: 0.618538.
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The actual choices versus the predicted choices for the model including the reference construct based on the historical minimum price (HMI). The model fit is: 0.616755793.
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The comparison between the actual choice and the predicted choice for the model including the construct based on the historical maximum price (HMA). The model fit is: 0.613191.
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The actual versus predicted choice for the model including the prior purchase history (PPH) reference price construct, which is based on an exponential smoothed function of the past prices encountered. The model fit is as follows: 0.613191.
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The actual choices versus the predicted choices for the model including the reference construct based on the average price (AVP), where all the past prices receive equal weight. The model fit is: 0.609626.
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The brands in the chocolate bar category for the hard discounter are coded as follows:
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This table shows the actual choices versus the predicted choices for the baseline model (BASMO). The model fit is: 0.957983
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The actual choices versus the predicted choices for the model including the last price paid (LPP) reference price construct which is based on the prices encountered during the last purchase occasion. In this case, the model fit is: 0.957983.
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The actual choices versus the predicted choices for the model including the reference construct based on the historical minimum price (HMI). The model fit is: 0.957983.
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The comparison between the actual choice and the predicted choice for the model including the construct based on the historical maximum price (HMA). The model fit is: 0.953782.
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The actual versus predicted choice for the model including the prior purchase history (PPH) reference price construct, which is based on an exponential smoothed function of the past prices encountered. The model fit is as follows: 0.957983.

[image: image58.wmf]1

2

Actual Choice

1

214

3

217

2

7

14

21

Total

221

17

238

Predicted Choice

Total


The actual choices versus the predicted choices for the model including the reference construct based on the average price (AVP), where all the past prices receive equal weight. The model fit is: 0.953782.

[image: image59.wmf]1

2

Actual Choice

1

214

3

217

2

8

13

21

Total

222

16

238

Predicted Choice

Total


Appendix D: Model outputs
This appendix contains the detailed model outputs for both types of supermarkets and both product categories. 

Toilet paper

Below you can find the detailed model outputs for the toilet paper category for the regular supermarket chain. Constant (1) belongs to the brand Page, constant (2) to Lotus, constant (3) to Edet, Constant (4) to Euroshopper. The market leader, Albert Heijn, is in this case the reference brand.

Model output for the baseline model (BASMO):

[image: image60.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1459      Included observations: 1459     Evaluation order: By equation     Convergence achieved after 121 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 0.156313  0.003011  - 51.92087  0.0000   B2(1)  1.388281  0.102562  13.53605  0.0000   B3(1)  1.685696  0.075199  22.41644  0.0000   CONSTANT(1)  - 0.767171  0.104682  - 7.328578  0.0000   CONSTANT(2)  - 1.087396  0.089723  - 12.11951  0.0000   CONSTANT(3)  - 0.422477  0.115111  - 3.670181  0.0002   CONSTANT(4)  - 2.879374  0.134365  - 21.42957  0.0000               Log likelihood  - 1182.907       Akaike info criterion  1.631127   Avg. log likelihood  - 0.810766       Schwarz criterion  1.656486   Number of Coefs.  7        Hannan - Quinn criter.  1.640587                


Model output for the model including the last price paid (LPP) as a reference price construct:

[image: image61.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1459      Included observations: 1459     Evaluation order: By equation     Convergence achieved after 190  iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 0.123821  0.003046  - 40.65302  0.0000   B2(1)  1.353326  0.104526  12.94730  0.0000   B3(1)  1.842951  0.083437  22.08792  0.0000   B4(1)  0.031836  0.004146  7.678742  0.0000   CONSTAN T(1)  - 0.678986  0.108006  - 6.286545  0.0000   CONSTANT(2)  - 1.053087  0.096308  - 10.93463  0.0000   CONSTANT(3)  - 0.524056  0.118522  - 4.421577  0.0000   CONSTANT(4)  - 2.501437  0.135329  - 18.48408  0.0000               Log likelihood  - 1169.115       Akaike info criterion  1.61 3592   Avg. log likelihood  - 0.801313       Schwarz criterion  1.642574   Number of Coefs.  8       Hannan - Quinn criter.  1.624404                


Model output for the model including the historical minimum price (HMI) as a reference price construct:

[image: image62.emf]LogL: MNL      Met hod: Maximum Likelihood (Marquardt)    Sample: 1 1459      Included observations: 1459     Evaluation order: By equation     Convergence achieved after 286 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 0.110336  0.003239  - 34.06916  0.0000   B2(1)  1.445195  0.103960  13.90142  0.0000   B3(1)  1.720450  0.078946  21.79286  0.0000   B4(1)  0.046245  0.005542  8.345255  0.0000   CONSTANT(1)  - 0.436218  0.105599  - 4.130890  0.0000   CONSTANT(2)  - 0.721408  0.090512  - 7.970327  0.0000   CONSTANT(3)  - 0.293762  0.116087  - 2.530535  0.0114   CONSTANT(4)  - 2.412780  0.134671  - 17.91610  0.0000               Log likelihood  - 1172.707       Akaike info criterion  1.618516   Avg. log likelihood  - 0.803775       Schwarz criterion  1.647497   Numbe r of Coefs.  8       Hannan - Quinn criter.  1.629327                


Model output for the model including the historical maximum price (HMA) as a reference price construct:
[image: image63.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1459      Included observations: 1459     Evaluation order: By equation     Convergence  achieved after 339 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 0.151840  0.003011  - 50.42969  0.0000   B2(1)  1.397795  0.102609  13.62250  0.0000   B3(1)  1.687547  0.076823  21.96665  0.0000   B4(1)  0.004339  0.004233  1.024 865  0.3054   CONSTANT(1)  - 0.778183  0.120599  - 6.452655  0.0000   CONSTANT(2)  - 1.144140  0.126748  - 9.026878  0.0000   CONSTANT(3)  - 0.478106  0.131020  - 3.649097  0.0003   CONSTANT(4)  - 2.886712  0.147352  - 19.59062  0.0000               Log likelihood  - 1182.785       Akaike  info criterion  1.632331   Avg. log likelihood  - 0.810682       Schwarz criterion  1.661312   Number of Coefs.  8       Hannan - Quinn criter.  1.643142                


Model output for the model including the prior purchase history (PPH) as a reference price construct:
[image: image64.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1459      In cluded observations: 1459     Evaluation order: By equation     Convergence achieved after 232 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 0.117173  0.003048  - 38.44731  0.0000   B2(1)  1.377329  0.104125  13.22760  0.000 0   B3(1)  1.818153  0.081888  22.20291  0.0000   B4(1)  0.038558  0.004593  8.395344  0.0000   CONSTANT(1)  - 0.654653  0.108714  - 6.021763  0.0000   CONSTANT(2)  - 1.050308  0.096298  - 10.90683  0.0000   CONSTANT(3)  - 0.540079  0.118850  - 4.544215  0.0000   CONSTANT(4)  - 2.436034  0. 134802  - 18.07114  0.0000               Log likelihood  - 1170.604       Akaike info criterion  1.615633   Avg. log likelihood  - 0.802333       Schwarz criterion  1.644615   Number of Coefs.  8       Hannan - Quinn criter.  1.626445                


Model output for the model including the average price (AVP) as a reference price construct:
[image: image65.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sam ple: 1 1459      Included observations: 1459     Evaluation order: By equation     Convergence not achieved after 500 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 0.092303  0.003032  - 30.44490  0.0000   B2(1)  1.495454  0 .103510  14.44746  0.0000   B3(1)  1.717297  0.078646  21.83569  0.0000   B4(1)  0.063062  0.005127  12.29975  0.0000   CONSTANT(1)  - 0.487441  0.109259  - 4.461344  0.0000   CONSTANT(2)  - 1.042304  0.097727  - 10.66544  0.0000   CONSTANT(3)  - 0.581630  0.118109  - 4.924522  0.0000   CO NSTANT(4)  - 2.408041  0.137153  - 17.55729  0.0000               Log likelihood  - 1173.234       Akaike info criterion  1.619238   Avg. log likelihood  - 0.804136       Schwarz criterion  1.648220   Number of Coefs.  8       Hannan - Quinn criter.  1.630050                


Chocolate bar

The detailed model outputs for the chocolate bar category for the regular supermarket chain. Constant (1) belongs to the brand Cote d’Or, constant (2) to Milka, constant (3) to Verkade, Constant (4) to Swiss. The market leader, Albert Heijn, is in this case the reference brand.

Model output for the baseline model (BASMO):

[image: image66.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1715      Included observations: 1715     Evaluation order: By equation     Convergence achieved after 13 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 5.320711  0.294237  - 18.08310  0.0000   B2(1)  1.407879  0.096738  14.55347  0.0000   B3(1)  0.698456  0.062398  11.19358  0.0000   CONSTANT(1)  0.431156  0.082427  5.230788  0.0000   CONSTANT(2)  - 0.383596  0.096101  - 3.991592  0.0001   CONSTANT(3)  - 0.867719  0.102865  - 8.435549  0.0000   CONSTANT(4)  - 0.765028  0.131710  - 5.808415  0.0000               Log likelihood  - 1657.487       Akaike info criterion  1.941093   Avg. log likelihood  - 0.966465       Schwarz criterion  1.963326   Number of Coefs.  7       Hannan - Quinn criter.  1.949320                


Model output for the model including the last price paid (LPP) as a reference price construct:

[image: image67.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1715      Included observations: 1715     Evaluation order: By equation     Convergence achieved after 13 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 4.406160  0.399379  - 11.03253  0.0000   B2(1)  1.390810  0.097026  14.33442  0.0000   B3(1)  0.799733  0.068073  11.74825  0.0000   B4(1)  0.966427  0.263160  3.672387  0.0002   CONSTANT(1)  0.274090  0.095240  2.877876  0.0040   CONSTANT(2)  - 0.504446  0.103443  - 4.876552  0.0000   CONSTANT(3)  - 0.979792  0.107393  - 9.123458  0.0000   CONSTANT(4)  - 0.956447  0.137525  - 6.954691  0.0000               Log likelihood  - 1650.353       Akaike info criterion  1.933940   Avg. log likelihood  - 0.962305       Schwarz criterion  1.959349   Number of Coefs.  8       Hannan - Quinn criter.  1.943342                


Model output for the model including the historical minimum price (HMI) as a reference price construct:

[image: image68.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1715      Included observations: 1715     Evaluation order: By equation     Convergence achieved after 13 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 3.871293  0.528805  - 7.320830  0.0000   B2(1)  1.457970  0.098099  14.86224  0.0000   B3(1)  0.717123  0.062813  11.41685  0.0000   B4(1)  1.463210  0.448963  3.259087  0.0011   CONSTANT(1)  0.271619  0.094340  2.879142  0.0040   CONSTANT(2)  - 0.561152  0.110384  - 5.083633  0.0000   CONSTANT(3)  - 0.789517  0.104133  - 7.581815  0.0000   CONSTANT(4)  - 0.855657  0.134602  - 6.356923  0.0000               Log likelihood  - 1652.235       Akaike info criterion  1.936135   Avg. log likelihood  - 0.963403       Schwarz criterion  1.961544   Number of Coefs.  8       Hannan - Quinn criter.  1.945537                


Model output for the model including the historical maximum price (HMA) as a reference price construct:

[image: image69.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1715      Included observations: 1715     Evaluation order: By equation     Convergence achieved after 14 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 5.877740  0.502137  - 11.70546  0.0000   B2(1)  1.383208  0.098951  13.97872  0.0000   B3(1)  0.691194  0.062578  11.04538  0.0000   B4(1)  - 0.551858  0.397612  - 1.387931  0.1652   CONSTANT(1)  0.599291  0.145609  4.115761  0.0000   CONSTANT(2)  - 0.245826  0.137042  - 1.793801  0.0728   CONSTANT(3)  - 0.678892  0.168882  - 4.019927  0.0001   CONSTANT(4)  - 0.608492  0.176662  - 3.444379  0.0006               Log likelihood  - 1656.532       Akaike info criterion  1.941145   Avg. log likelihood  - 0.965908       Schwarz criterion  1.966554   Number of Coefs.  8       Hannan - Quinn criter.  1.950547                


Model output for the model including the prior purchase history (PPH) as a reference price construct:

[image: image70.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1715      Included observations: 1715     Evaluation order: By equation     Convergence achieved after 13 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 4.286847  0.453451  - 9.453823  0.0000   B2(1)  1.403596  0.096851  14.49235  0.0000   B3(1)  0.775769  0.067092  11.56272  0.0000   B4(1)  1.080959  0.336434  3.212994  0.0013   CONSTANT(1)  0.242809  0.102865  2.360462  0.0183   CONSTANT(2)  - 0.532026  0.108721  - 4.893489  0.0000   CONSTANT(3)  - 0.997241  0.111614  - 8.934764  0.0000   CONSTANT(4)  - 0.984462  0.144758  - 6.800768  0.0000               Log likelihood  - 1652.230       Akaike info criterion  1.936128   Avg. log likelihood  - 0.963399       Schwarz criterion  1.961538   Number of Coefs.  8       Hannan - Quinn criter.  1.945531                


Model output for the model including the average price (AVP) as a reference price construct:

[image: image71.emf]LogL: MNL      Method: Maximum Likelihood (Marquardt)    Sample: 1 1715      Included observations: 1715     Evaluation order: By equation     Convergence achieved after 13 iterations                 Coefficient  Std. Error  z - Statistic  Prob.                  B1(1)  - 4.218820  0.705320  - 5.981425  0.0000   B2(1)  1.464119  0.102697  14.25667  0.0000   B3(1)  0.713430  0.063387  11.25507  0.0000   B4(1)  1.109583  0.640015  1.733681  0.0830   CONSTANT(1)  0.211142  0.150243  1.405337  0.1599   CONSTANT(2)  - 0.569842  0.145087  - 3.927593  0.0001   CONSTANT(3)  - 0.996868  0.128780  - 7.740879  0.0000   CONSTANT(4)  - 0.964201  0.176528  - 5.462033  0.0000               Log likelihood  - 1656.158       Akaike info criterion  1.940709   Avg. log likelihood  - 0.965690       Schwarz criterion  1.966119   Number of Coefs.  8       Hannan - Quinn criter.  1.950112                


Below the detailed model outputs can be found for the chocolate bar category for the hard discounter. The constant belongs to the Ritter brand.

Model output for the baseline model (BASMO):

[image: image72.emf]Method: ML  -  Binary Logit (Quadratic hill climbing)   Sample: 1 679      Included observations: 679     Convergence achieved after 6 iterations    Covariance matrix computed using second d erivatives               Variable  Coefficient  Std. Error  z - Statistic  Prob.                  C  - 3.844160  1.725287  - 2.228128  0.0259   PRICE  - 0.364124  2.042473  - 0.178276  0.8585   LOYALTY  3.918806  0.783083  5.004331  0.0000   PC  2.074366  0.672081  3.086481  0.0020               McFadden R - squared  0.386669       Mean dependent var  0.042710   S.D. dependent var  0.202351       S.E. of regression  0.163653   Akaike info criterion  0.228242       Sum squared resid  18.07813   Schwarz criterion  0.254873       Log likelih ood  - 73.48813   Hannan - Quinn criter.  0.238551       Deviance  146.9763   Restr. deviance  239.6363       Restr. log likelihood  - 119.8181   LR statistic  92.66001       Avg. log likelihood  - 0.108230   Prob(LR statistic)  0.000000                   


Model output for the model including the last price paid (LPP) as a reference price construct:

[image: image73.emf]Method: ML  -  Binary Logit (Quadratic hill climbing)   Sample: 1 679      Included observations: 679     Convergence achieved after 6  iterations    Covariance matrix computed using second derivatives               Variable  Coefficient  Std. Error  z - Statistic  Prob.                  C  - 5.797044  2.455965  - 2.360393  0.0183   PRICE  1.940205  2.873981  0.675093  0.4996   LOYALTY  4.026065  0 .783062  5.141436  0.0000   PC  2.191331  0.674353  3.249531  0.0012   RP   -   PRICE  2.917726  2.607492  1.118978  0.2631               McFadden R - squared  0.392264       Mean dependent var  0.042710   S.D. dependent var  0.202351       S.E. of regression  0.1 62304   Akaike info criterion  0.229213       Sum squared resid  17.75485   Schwarz criterion  0.262502       Log likelihood  - 72.81780   Hannan - Quinn criter.  0.242099       Deviance  145.6356   Restr. deviance  239.6363       Restr. log likelihood  - 119.8181   LR statistic  9 4.00066       Avg. log likelihood  - 0.107243   Prob(LR statistic)  0.000000                   


Model output for the model including the historical minimum price (HMI) as a reference price construct:

[image: image74.emf]Method: ML  -  Binary Logit (Quadratic hill climbing)   Sample: 1 679      Included observations: 679     Convergence achieved after 6 iterations    Covariance matrix  computed using second derivatives               Variable  Coefficient  Std. Error  z - Statistic  Prob.                  C  - 3.637967  2.325794  - 1.564183  0.1178   PRICE  - 0.700930  3.267183  - 0.214537  0.8301   LOYALTY  3.947091  0.812941  4.855320  0.0000   PC  2.065923  0.675121  3.060080  0.0022   RP   -   PRICE  - 0.350525  2.645757  - 0.132486  0.8946               McFadden R - squared  0.386743       Mean dependent var  0.042710   S.D. dependent var  0.202351       S.E. of regression  0.163784   Akaike info criterion  0.231161       Sum squared resid  18.08023   Schwarz criterion  0.264450       Log likelihood  - 73.47931   Hannan - Quinn criter.  0.244048       Deviance  146.9586   Restr. deviance  239.6363       Restr. log likelihood  - 119.8181   LR statistic  92.67764       Avg. log likelih ood  - 0.108217   Prob(LR statistic)  0.000000                   


Model output for the model including the historical maximum price (HMA) as a reference price construct:

[image: image75.emf]Method: ML  -  Binary Logit (Quadratic hill climbing)   Sample: 1 679      Included observations: 679     Convergence achieved after 6 iterations    Covariance matrix computed using second derivatives               Variable  Coefficient  Std. Error  z - Statistic  Prob.                  C  - 0.511114  4.660255  - 0.1096 75  0.9127   PRICE  - 3.961554  5.121073  - 0.773579  0.4392   LOYALTY  3.876867  0.789946  4.907763  0.0000   PC  1.988721  0.686106  2.898561  0.0037   RP   -   PRICE  - 3.966081  5.142654  - 0.771213  0.4406               McFadden R - squared  0.389056       Mean dependent var  0.042710   S.D. dependent var  0.202351       S.E. of regression  0.162932   Akaike info criterion  0.230345       Sum squared resid  17.89250   Schwarz criterion  0.263634       Log likelihood  - 73.20218   Hannan - Quinn criter.  0.243231       Devianc e  146.4044   Restr. deviance  239.6363       Restr. log likelihood  - 119.8181   LR statistic  93.23191       Avg. log likelihood  - 0.107809   Prob(LR statistic)  0.000000                   


Model output for the model including the prior purchase history (PPH) as a reference price construct:

[image: image76.emf]Method: ML  -  Binary Logit (Quadratic hill climbin g)   Sample: 1 679      Included observations: 679     Convergence achieved after 6 iterations    Covariance matrix computed using second derivatives               Variable  Coefficient  Std. Error  z - Statistic  Prob.                  C  - 4.686019  2.643698  - 1.772524  0.0763   PRICE  0.650784  3.152159  0.206457  0.8364   LOYALTY  3.955969  0.785747  5.034662  0.0000   PC  2.096717  0.671826  3.120925  0.0018   RP   -   PRICE  1.230541  2.940106  0.418536  0.6756               McF adden R - squared  0.387413       Mean dependent var  0.042710   S.D. dependent var  0.202351       S.E. of regression  0.163435   Akaike info criterion  0.230925       Sum squared resid  18.00327   Schwarz criterion  0.264214       Log likelihood  - 73.39903   Hannan - Quinn crit er.  0.243811       Deviance  146.7981   Restr. deviance  239.6363       Restr. log likelihood  - 119.8181   LR statistic  92.83820       Avg. log likelihood  - 0.108099   Prob(LR statistic)  0.000000                   


Model output for the model including the average price (AVP) as a reference price construct:

[image: image77.emf]Method: ML  -  Binary Logit (Quadratic hill climbing)   Sample: 1 679      Included observations: 679     Convergence achieved after 6 iterations    Covariance matrix computed using second de rivatives               Variable  Coefficient  Std. Error  z - Statistic  Prob.                  C  - 1.126699  4.205526  - 0.267909  0.7888   PRICE  - 3.727982  5.187136  - 0.718697  0.4723   LOYALTY  3.928619  0.790542  4.969527  0.0000   PC  1.987498  0.689047  2 .884418  0.0039   RP   -   P RICE  - 3.608490  5.068191  - 0.711988  0.4765               McFadden R - squared  0.388786       Mean dependent var  0.042710   S.D. dependent var  0.202351       S.E. of regression  0.162962   Akaike info criterion  0.230440       Sum square d resid  17.89922   Schwarz criterion  0.263729       Log likelihood  - 73.23450   Hannan - Quinn criter.  0.243327       Deviance  146.4690   Restr. deviance  239.6363       Restr. log likelihood  - 119.8181   LR statistic  93.16726       Avg. log likelihood  - 0.107856   Prob(LR s tatistic)  0.000000                   


(2)	� EMBED Equation.DSMT4 ���, where � EMBED Equation.DSMT4 ��� = f� EMBED Equation.DSMT4 ���
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Figure 1: conceptual framework of antecedents of reference prices








Table 6: Parameter estimates for the chocolate bar category of the hard discounter





Table 5: Parameter estimates for the chocolate bar category of the regular supermarket chain





Table 4: Parameter estimates for the toilet paper category of the regular supermarket chain











Table 3: Model comparisons for the chocolate bar category of the hard discounter





Table 2: Model comparisons for the chocolate bar category of the regular supermarket chain





Table 1: Model comparisons for the toilet paper category of the regular supermarket chain








� See appendix A for detailed brand information.


� See appendix B for detailed descriptive statistics for both product categories.


� See appendix C for an overview of the observed and predicted choices.


� See appendix D for detailed model outputs.


*     Significant at P < 0.01


**   Significant at P < 0.05


*** Significant at P < 0.10


n/s   Not significant


n/a   Not available. Reference price construct is not included into this model.
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