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Promotion Thresholds: Price Change Insensitivity or Risk Hurdle?

ABSTRACT

Threshold effects in consumer response to price promotions are usually explained as insensitivity to small differences between an observed price and an internal reference price.  In this research, we develop an alternate mechanism whereby the threshold effect arises from consumer uncertainty of the normal reference price, rather than from insensitivity to small gains and losses. We compare two variations of this mechanism with the usual insensitivity-based promotion threshold mechanism. We find that a risk-hurdle mechanism has the best empirical support, as well as desirable theoretical characteristics.  Such a mechanism implies, first, that promotion strategies that assume insensitivity to small changes may be problematic.  Second, tactics that influence consumer uncertainty can affect brand choice.  Finally, customers’ purchase sequence histories have a major impact on deal response.

Les effets du seuil oscillatoire des prix sur le consommateur à l’égard des promotions sont normalement attribués à l’insensibilité aux différences minimes entre un prix observé et un prix témoin. Au cours de cette recherche, nous développons un mécanisme alternatif dans lequel les effets du seuil oscillatoire sont causés par l’incertitude du consommateur à l’égard du prix témoin au lieu de l’insensibilité aux micro pertes et micro profits. Nous comparons deux variations du mécanisme avec l’habituel mécanisme du seuil oscillatoire de promotion basé sur l’indifférence. Nous trouvons qu’un mécanisme pro risque a un meilleur support empirique ainsi que des caractéristiques théoriques souhaitées. Un tel mécanisme suppose que premièrement, les stratégies de promotion qui causent l’insensibilité aux changements mineurs peuvent être problématiques. Deuxièmement, les tactiques qui influencent l’incertitude du consommateur peuvent affecter les choix des produits de marque. Finalement, les séquences historiques des achats du consommateur ont un impact majeur sur la réponse envers une aubaine.

Thresholds in consumer response to price promotions have been well documented in a variety of settings (Han, Gupta, and Lehman 2001; Kalwani and Yim 1992; Kalyanaram and Little 1994). Purchase probabilities show an increase in response to a price deal when the magnitude of the difference between the deal price and a subjective reference point for “regular price” exceeds some threshold value. The effect is conceptualized and modeled as reduced sensitivity to small transaction gains and losses arising from small differences between an observed price and an internal reference price (Winer 1986) for the promoted brand. Bucklin and Gupta (1999), in a review of industry and academic uses of scanner panel data, identify the threshold response effect as an important area requiring further research.  Researchers have studied the relative effects of current and past prices of competing and target brands on the internal reference price (e.g, Briesch et al. 1997; Kalwani, Yim, Rinne, Sugita 1990; Kalwani and Yim 1992), assuming customer certainty, but have not considered the implications of the very plausible possibility that the consumer is not certain what the exact reference price is. Consideration of such uncertainty is important if qualitatively different theoretical and practical implications arise. 

In this research we model two variations of an alternate theory wherein threshold effects arise from an uncertainty-dependent risk hurdle, rather than insensitivity to small gains and losses
.  The intuition for the uncertainty and risk mechanism is that, while consumers like a deal, they may be uncertain as to how big the deal is, or even if a featured price reduction really is a deal. If they are also risk averse, this can induce a risk hurdle that appears as a threshold effect.  The two models both assume risk averse behaviour in the transaction gain domain, but differ in the transaction loss domain, that is, where the observed price is higher than the customer’s internal reference price.  Our fist new model proceeds from the argument that the consumer feels loss from paying a price that is higher than her reference price, even if the acquisition utility is great enough to offset the transaction loss and purchase does occur.  (“I paid more than I thought I would, and—even though I’m better off with my ketchup than without—that makes me feel bad.”)  Greater sensitivity to transaction loss than transaction gain, loss aversion, has been observed in reference price studies.  We should also observe risk-seeking behaviour (convex utility) in the transaction loss domain and risk-averse behaviour (concave utility) in the transaction gain domain (e.g., Currim and Sarin 1989; Kahneman and Tversky 1979; Puto 1987), but this possibility has not been previously investigated.  We allow for this in our “risk-seeking-risk-averse” (RSRA) model.

The second model assumes that a purchase is felt as a gain over no purchase as long as the total utility is positive.  That is, even if there is a transaction loss (the actual price is higher than the internal reference price), as long as the acquisition utility is great enough to compensate, the consumer feels a gain compared to not purchasing. (“I paid more than I thought I would, but I’m happy to have my ketchup.”)  A sense of gain should imply risk aversion, and we capture this simply by allowing only a concave transaction utility, and refer to this as our risk-averse (RA) model.

We find that all three models (IR, RSRA, and RA) have good theoretical grounding. The RA model is most parsimonious in that it assumes a simpler risk profile, and, for coffee and cracker purchases, fits the data best. It also the only model where purchase history has a significant impact on deal response threshold in either the cracker or the coffee categories. The RA model represents a very different threshold generating mechanism from the usual insensitivity-based models. The implications are, first, that in these categories at least, the apparent threshold effects in response to price promotions may arise more from uncertainty of the reference price and risk aversion than insensitivity to small price changes. This is consistent with Kalwani and Yim’s (1992) inability to find insensitivity to small price changes in the formation of reference prices, a problematic result if we only consider existing explanations of threshold effects in customer purchase responses to deals. Second, the consumer may overall experience gain when making a purchase even if paying more than his reference price—quantitatively, a transaction “loss” is overwhelmed by the acquisition “gain” and the purchase is felt as a gain, albeit less of a gain than if he had experienced the price as a good deal. The difference in transaction utility slopes in the gain and loss domains previously reported in the reference price literature would arise from an aversion to risk and associated concavity of the transaction utility, rather than the usual interpretation of an aversion to the feeling of loss. Finally, customers’ past purchase sequences may have an impact on deal response through varying risk-hurdle-induced threshold levels. 

In the next section, we describe our framework. We then formulate the models, and give the results of model estimation. We also examine heterogeneity in the risk profile with a latent segment analysis.  Implications of the new mechanism for managers and researchers are summarized in the concluding section. 

ORIGINS OF THE DEAL THRESHOLD

In this section we review the theory which leads to the development of the three threshold models.  Figure 1 provides a stylized comparison of the three models, as well as a no-threshold model.

Reference Price

Much research has established that when consumers make a purchase decision that involves assessing the price of a product, they do not evaluate the price of that product in a vacuum.  Rather, they compare the price with a reference price (or perhaps, more accurately, they compare an internal value of an observed price with the internal value of a constructed reference price).  The value or utility of a purchase is enhanced if the observed price is below the consumer’s reference price—they feel they are getting a deal and feel good about that. The details of how a consumer constructs their reference price and then use it as a base of comparison has also been the subject of much research, although there is no strong consensus on the details.    As an example, Neidrich, Sharma, and Wedell (2001) contrast three different possible referenced price construction and evaluation mechanisms. One is based on the mean of a set of observed prices; a second is based on the range and mean of a set of observed prices, and a third on both the range and distribution of a set of observed prices.  They found that the latter more complex construction accounted for experimental effects the best.  A second issue which is important in model operationalization is the source of the price set used for reference price generation.  The literature considers two possibilities.  First, that the reference price for a particular product is constructed from the past history of prices for that product, and second, the reference price is constructed by observing the current prices of similar products in the same category.  Although both of these lead to an internal cognitive representation of the reference price, the convention has arisen to refer to the historically generated reference price as the “internal” reference price, and the contemporaneously constructed reference price as the “external” reference price.  As we discuss in the Model Formulation section, we use the former “internal” operationalization.

Insensitivity in the Transaction Utility 

A first possible explanation of small deal insensitivity is perceptual. The price change is not perceived unless it exceeds a just-noticeable difference (Luce and Edwards 1958). A related explanation is that the insensitivity arises at a later stage of information processing. Judgement-based arguments invoke assimilation-contrast theory to explain threshold effects (Della Bitta, Monroe and McGinnis 1981; Kalyanaram and Little 1994; Urbany, Bearden and Weilbaker 1988). Assimilation-contrast studies, as developed in the social psychology literature, show that judgments about a stimulus (a target) are systematically influenced by  a previous stimulus  (a prime), and that the direction of influence is contextually dependent (e.g., Herr, Sherman and Fazio 1983). When the target is similar to the prime, the judgment of the target is biased towards the prime (assimilation). When the target becomes sufficiently different, the judgment is biased away from the prime (contrast). The price deal threshold paradigm adapts this theory by identifying previous prices as the prime and the observed price on a particular purchase occasion as the target. As long as the observed price stimulus (target) is not too different from the reference price (prime), it will be “assimilated”—that is, the actual price will be judged as similar to the consumer’s reference price. The difference, and hence the deal magnitude, will be judged negligible, and will have no effect on purchase behaviour. As the difference increases, a threshold will be crossed where the new price will be contrasted with the reference price, and judged as substantially different. At this point, purchase behaviour is affected. In a transaction utility framework (Thaler 1985), the consumer has utility for the perceived gain or loss represented by the difference between the reference price and the observed price, which in turn is affected by the threshold bias. Several researchers have used choice models to detect this effect using transaction utility components with a threshold in their response to true gains and losses, as measured by differences between shelf prices on the purchase occasion and inferred internal reference prices (e.g., Kalwani and Yim 1992; Kalyanaram and Little 1994; Han, Gupta and Lehmann, 2001).  


This theory does not incorporate uncertainty inherent in consumer knowledge of regular price, nor the risk-averse tendencies of consumers. 

Risk Averse Behaviour 

Imagine entering the ground coffee section of your supermarket. Your last purchase was of Hills Brothers, but you notice that Folgers, which you have not purchased in quite a while, is offered on deal. You don’t have any strong non-price preferences between the two on entering the store, and you always like to get a deal. However, since you haven’t purchased Folgers for a long time, you are uncertain of how good a deal it is. Perhaps the deal is relative to an inflated list price, or perhaps Folgers is on sale most of the time. Furthermore, you dislike taking a chance of being duped. Therefore you have to see a substantial price reduction on Folgers before you become sufficiently certain that it actually is a deal, and are willing to purchase it this time. In the language of expected utility, your gain from the promotion has to be sufficient to overcome the risk hurdle associated with your uncertainty of gain. Suppose now that Hills Brothers was on deal. In this case, you have a much better idea of the regular price, since you have purchased Hills Brothers recently, and you can readily recognize even a small deal—your risk hurdle is lower than for Folgers. Hills Brothers will not have to offer as big a promotion to keep you from switching to a deeply promoted brand. In a market with this sort of consumer behaviour, aggregate share responses, as well as scanner studies of individual choice, which require some brand switching to calibrate the purchase probabilities, will show some stickiness in response to small price deals.  


The preceding scenario for apparent deal insensitivity does not require insensitivity of the transaction utility to small gains. Rather, it involves a risk hurdle whose magnitude is purchase-history dependent. The explanation requires 1) decreasing customer uncertainty of the brand’s regular price with more frequent purchases, and 2) risk averse customers. 


The first requirement is uncontroversial, and is supported by Urbany and Dickson (1991), who found that regular buyers of a brand were more accurate in their estimates of regular prices than were occasional buyers. More importantly, for our purposes, regular buyers were more confident of their estimates. The relation has sufficient face validity that researchers have used purchase frequency as surrogate for price knowledge (Kalyanaram and Little 1994). 


The second requirement, risk aversion, has been demonstrated in many buying contexts (Puto 87; Roberts and Urban 1988; Currim and Sarin 1984). In connection with research on missing information, Rao and Sieben (1992), note that “in general, it appears that consumers behave in a risk-averse and conservative manner...” when merchants do not provide all information.

Risk Seeking Behaviour 

  
A potential problem with pure risk aversion is that reference-price based transaction utility involves both gains and losses. According to prospect theory (Kahneman and Tversky 1979), individual choice may exhibit risk-seeking behaviour in the loss domain (corresponding to convex utility functions). This observation has been empirically supported in experimental research using gambles (e.g., Currim and Sarin 1989) and has found some support in consumer contexts (Puto, 1987). When the consumer’s total utility consists of the sum of an acquisition utility and a transaction utility, does the consumer focus on the transaction utility in framing the decision, and feel an increase in price above the reference price as a loss regardless of the other components of the utility?  Or does she focus on the total utility, which may well provide the experience of gain if a purchase occurs, even if there is a transaction loss?  In this case, a transaction loss is integrated into the total utility and simply reduces overall feelings of gain. Several researchers have found that the magnitude of transaction utility loss coefficients exceed transaction gain coefficients, and interpret this as transaction loss aversion (note that this is entirely different from risk aversion). If customers are indeed feeling loss when only the transaction utilities are negative, then the literature suggests they should also exhibit risk-seeking behaviour. 

We compare these possibilities by estimating a purely risk averse (RA) model, concave in both positive and negative transaction utilities, and a more complex (RSRA) model, concave in positive transaction utility and convex in negative transaction utility. The RA model also naturally captures the previously reported differences in slopes of the transaction utility, but now arising from a concave risk-averse utility. The RSRA model, on the other hand, allows consumers to feel transaction loss, as suggested by the loss-averse interpretation, with an associated convex risk-seeking profile when the transaction utility is negative. 


In the following section we specify the models used in estimation. 
MODEL FORMULATION


The utility Uh​​​it  of household h for brand i at time t consists of the sum of acquisition utility (AUh it) and transaction utility (TUhit):
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where, hit is a random component of the utility distributed iid extreme value.  Under random utility maximization this leads to the usual multinomial logit model of discrete choice probabilities (e.g. Guadagni and Little, 1983). 

The models vary in the form of the transaction utility. Next, we discuss the operationalization of reference prices and consumer uncertainty of reference prices, followed by the three transaction utility models. Acquisition utility retains the same structure in all three, and is described last.

Reference price

Reference price is operationalized as the last price of the brand. Most reference price models have used either this or a smoothed past–price model with a small smoothing coefficient (Lattin and Bucklin 1989; Mayhew and Winer 1992)
.  Our data does not allow explicit consideration of external (stimulus based) reference prices.  However, the results of several papers which have explicitly compared internal (memory based) and external (stimulus based) formulations suggest that external references prices are of secondary importance.  Urbany, Bearden and Weilbaker (1988) found that advertised (external) reference prices have some impact on choice, and modelled the impact as an adjustment to the internal reference price.  Rajendran and Tellis (1994) found that both internal and external reference prices appear to be used, but neither dominates.  Their analysis of heterogeneity found some evidence that use of external reference prices is stronger for consumers with lower brand preference, wide brand sampling, and low frequency of purchase; however, reversals in each of these patterns occur in different markets.  More recently, Briesch, Krishnamurthi, Mazumdar, and Raj (1997) compared two external and three internal reference price models and found that the internal model with the brand’s own price history (which we use here) is consistently superior in all four product categories studied, in both estimation and prediction samples, using latent class models to account for heterogeneity.  Mayhew and Winer (1992) found roughly equal effects of internal and external reference prices, and more importantly showed that a dummy variable for contemporaneous price promotions is at least as good as the magnitude of the external deal in capturing the additional impact of external reference prices.  These results provide some confidence for reference price researchers, that, unless they are specifically investigating the role of internal versus external reference prices, the use of internal reference price with a promotional dummy is at least satisfactory, and possibly preferable on the basis of parsimony.  Bell and Bucklin (1999), for example, study the role of reference prices in both category purchase incidence and brand choice, using internal reference prices, with the brand choice component of utility specified nearly identically to ours. Overall, the internal formulation with a promotion dummy is much preferable to the external formulation; and while using both internal and external reference prices might improve the fit, the literature indicates that including external reference prices would not invalidate our central results on model comparisons.
Consumer Uncertainty


Consumer uncertainty of regular prices enters into the transaction utility in all three models (but not in a fourth benchmark no-threshold, or “NT” model). We operationalize uncertainty by two constructs. First, we assume uncertainty is affected by historical price volatility. Following Kalyanaram and Little (1994), we define the PRICE VOLATILITY of brand i as a smoothed price variance:

PRICE VOLATILITYit = *PRICE VOLATILITYit-1 + (1-)*(ACTPit-ACTPit-1)2
where is a smoothing parameter reflecting the carryover from purchase occasion t-1 to t, and ACTPit is the actual price. This measure is updated for all available brands on each purchase occasion whether or not the brand was purchased.  Second, on the basis of behavioural studies (e.g., Urbany and Dickson 1991) we assume uncertainty is related to purchase history. Kalyanaram and Little (1994), for example, use purchase frequency as a measure of price knowledge. The more frequently a brand is purchased, the more knowledgeable the customer becomes about the price. Also, the more recently a brand is purchased, the more certain the customer should be of the regular price. The increase of brand-related knowledge due to learning reduces the uncertainty regarding the purchase decision. In order to accommodate both recency and frequency of the purchase history, we define the variable RECFREQ as follows:


RECFREQit = RECFREQit-1 + 1

if brand i was purchased on t-1 


                   = RECFREQit-1

if brand i was not purchased on t-1

where  captures forgetting rate of consumers’ brand knowledge.  Again, all brands are updated on each purchase occasion.  Note that for the purchased brand the measure increases, and for the other brands it decreases. 

Therefore, we model uncertainty of prices as:

(2 = exp[(1VOLATILITY  + (2 RECFREQ],

where (1 and (2  are parameters to be estimated. Briesch et al. (1997) suggest that the volatility and spread of past prices reduce their diagnosticity and are therefore less likely to be retrieved from memory. Uncertainty in regular price, and hence deal magnitude, would thus increase with volatility. It is also possible that consumers pay more attention to brands with highly variable prices, because it pays to do so, and thus are more certain of reference price. We therefore do not have an explicit hypothesis about the sign of the VOLATILITY coefficient. The RECFREQ coefficient, however, must be negative in our theory. 


Next, we specify the three transaction utility (TU) models using the above consumer uncertainty. Figure 1 shows the form of the four models. 

-----------------------------------------------

Figure 1 about here

-----------------------------------------------

Risk Averse Transaction Utility (RA Model)


If customers frame the choice of a purchased brand in terms of the total utility only, the gains and losses (defined below) associated with transaction utility of a purchase must be felt as more gain or less gain, and we should have risk-averse behaviour. Von Neumann-Morgenstern expected utility theory (Keeney and Raiffa 1976) provides a framework for handling risk in a consumer context (see, for example, Roberts and Urban 1988; Chaterjee and Eliashberg 1990). Assuming a concave utility function of the following form 

U = 1 - exp(-r GAIN)

where r is the risk aversion constant (to be estimated), and gain is a N((G,(2) random variable, the expected utility is

E[U] = 1 - exp[-r (G+ r2(2 / 2]

The coefficients of the mean and variance (r and  r2 ) are not independent here:  the magnitude of the risk hurdle depends on the curvature of the utility. If we measured uncertainty directly, we could relax this constraint, and then test the two estimated parameters for violation of the constraint. However, since uncertainty as formulated above includes the coefficients (1 and (2, this is not possible. We therefore leave the constraint. The form of the transaction utility that we estimate is
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where 

is a scale factor, GAIN is reference price minus actual price, and (2 is defined  as above.

 Risk Seeking / Risk Averse Transaction Utility (RSRA model)


The possibility that consumers actually see an increase in price as a “loss” is supported by several studies (e.g., Kalwani et al. 1990; Hardie, Johnson, and Fader 1993), consistent with prospect theory. Our primary concern here is with the risk-seeking behaviour that should, according to prospect theory, occur in the loss domain of the transaction utility if consumers actually feel loss and frame accordingly. Risk- seeking behaviour implies diminishing sensitivity of the transaction utility to further price increases. We operationalize the RSRA model as the risk averse utility (above) in the gain domain, and a reflection of this utility, about both axes, into the loss domain. A technical problem is that when calculating the expected utility under uncertainty for the entire gain-loss domain, it is not possible to analytically integrate across the gain origin  (where actual price equals reference price) where the two functions meet. We can approximate the effect by noting that the inflection point in the expected utility should be at the (zero gain) origin, so that the behaviour should continuously change from risk-averse in the loss domain, through risk neutral at zero gain, to risk-seeking in the gain domain. To make the expected utility continuous across the origin, we modify the risk hurdle by a term (z) which approaches zero as the gain or loss approaches zero, but which has negligible effect (approaches 1) when the absolute value of the gain is large compared to the spread ( of the uncertainty:

z = 1 - exp[- | GAIN| /( ]

The expected transaction utility estimated is
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where (1  and   (3  are scale factors which allow for different sensitivity to gain and loss.

Insensitive Region Transaction Utility (IR Model)


We compare our risk hurdle models to a model that has a threshold built into the transaction utility function. Previous threshold models based on an insensitive region, or “flat spot,” in the transaction utility at small gains and losses, do not allow for customer uncertainty. We would like, however, to be confident that our proposed risk-hurdle mechanism has support, beyond that arising simply from the incorporation of purchase-history dependent uncertainty. On the basis of the assimilation-contrast literature, we allow the size of the insensitive region in our IR model to depend on customer uncertainty, thus providing a more rigorous challenge to the risk-hurdle model. Subjects who can recall a prime are more likely to contrast the target with the prime, whereas subjects who cannot recall the prime are more likely to assimilate (e.g., Lomabardi, Higgins, and Bargh 1987). By analogy, the more certain are consumers of the past regular price--the prime--the more likely the contrast effect is to occur, implying a lower threshold. In studies of ambiguity of target stimuli, contrast effects are also more likely to occur when the target stimulus is unambiguous (Herr, Sherman, and Fazio 1983). We therefore expect that awareness of actual price lowers the threshold. Since the target and stimulus effects of uncertainty operate in the same direction, uncertainty in their difference, i.e., the uncertainty in gain or loss, will show the same effect. The IR model should therefore have higher magnitude deal response thresholds as the uncertainty in gain (or loss) increases. This is consistent with Lichtenstein, Bloch and Black (1988) who found that greater price knowledge leads to narrower latitude of price acceptance. Mazumdar and Jun (1992) also found that uncertainty increased the upper threshold of the latitude of acceptance. 


The form of the transaction utility is

TU =   (1 GAIN exp[-(2/GAIN]     if GAIN > 0

TU =   (3 GAIN exp[(2/GAIN]      if GAIN < 0

where the gain is the reference price minus actual the price. These functions have a flat, or insensitive, region that increases with uncertainty, and a threshold determined by the value of the parameters (​1 and (2 in (2.  The slope approaches (1 or (3 as GAIN becomes large in absolute value (see Figure 1). 

No Threshold (NT Model)

Finally, we include a base model which does not have threshold effects (but which does allow for different sensitivities to gain and loss).



, if GAIN > 0



 , if GAIN < 0
Acquisition Utility


The acquisition utility used in all models follows the specification traditionally utilized in multinomial logit brand choice models (e.g., Lattin and Bucklin 1989; Bell and Bucklin 1999). The acquisition utility term includes the following variables:
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Heterogeneity

Consumer preference heterogeneity is captured by brand preference (BPhit) and the last purchase dummy (LPhit). Brand preference (BPhit) is measured by the proportion of purchases over time and captures the heterogeneity in preference across households. The heterogeneity in preference over time within the same household is captured by the last purchase dummy variable (LPhit), which is set to one if a household has purchased brand i in occasion t-1. This approach of capturing individual preference has the benefit of distinguishing differences over time and differences across households in heterogeneity of individual preference.  We are also interested in risk profile heterogeneity, as this is a novel and possibly important segmentation dimension.  We therefore estimate latent segment versions of the RA model (e.g., Kamakura and Wagner 1989).

MODEL ESTIMATION

Data

We estimated the models using the scanner panel data for saltine crackers and coffee from Information Resources Inc. The dependent variable is coded as 1 if a purchase occurs and 0 otherwise.  The cracker data was collected from the Williamsport, PA market. As Guadagni and Little (1983) noted in their seminal paper introducing discrete choice modeling to the marketing literature, different SKU’s such as different product sizes are clearly different products, and the choice set should consist of directly competing SKU’s. For each brand, the SKU used was the salted 16 ounce package (unsalted SKU’s were excluded).  To keep the data set to a manageable size, we selected the six top selling saltine brands  in the Williamsport market:
	Brand
	Brand preference
	Average Price
	Share

	SPL1
	0.07
	$0.70
	9.7%

	SPL2
	0.27
	$0.69
	35.5 %

	Sunshine
	0.08
	$1.23
	7.0 %

	Zesta
	0.08
	$1.31
	8.5 %

	Premium1
	0.07
	$1.28
	7.0 %

	Premium 2
	0.43
	$1.28
	32.3 %


SPL1 and SPL2 are store private label brands, available only in some stores. Other brands are national brands available in all stores. Prices on the national brands range from $0.70 to $1.50 per one pound box. Prices on the private labels are lower, from $0.60 to $0.80. Brands were promoted, on average, about one week in eight. Households were randomly divided into an estimation sample and a prediction sample.  We then divided the two years of IRI data set into two one-year periods: an initialization period and a calibration period. In the initialization period, we measured the brand preference (see above) of consumers. The calibration data and holdout data was reduced to households who made at least four purchases in each of the initialization period (52 weeks) and claibration period (52 weeks).  The number of households in the calibration data set is 293, and these 293 households made 2491 purchases, on average 8.5 purchases for 76 weeks.  The number of households in the holdout data set is 123 households, and these 123 households made 1021 purchases on average 8.3 purchases for 76 weeks.  
The coffee data from IRI contains the purchase information for the specific SKU consisting of 16 ounce packages of  ground caffeinated coffee over an 84-week period. As with the cracker data, these are unique SKU’s.  The first 32-week period was used as an initialization period to obtain information regarding brand preference of consumers. The remaining 52-week period was used as a calibration period. The estimation data has 266 households who made 3485 purchases, on average 13.1 purchases over the 52 weeks.  The prediction sample has 110 households who made 1500 purchases over the same 52-week period for an average of 13.64 purchases per household. We focused our analysis on four major brands that captured more than 80 percent of the category volume. The names of the brands, the average brand preference, average prices and their market shares (as a proportion of purchases of the four-brand total in the calibration period) are given in the following table. 
Basic Information of the Ground Caffeinated Coffee Data

	
	Brand preference
	Average actual Price
	Market share

	Hills Brothers
	0.09
	$ 2.33
	13.2 %

	Folgers
	0.27
	$ 2.36
	29.0 %

	Maxwell House
	0.33
	$ 2.50
	32.0 %

	Chock Full O’Nuts
	0.31
	$ 2.23
	25.9 %


(* Brand Preference is measured as a market share of each brand in the initialization period.)

Estimation Results

Tables 1 and 2 show the results of maximum likelihood estimation, using the GQOPT program, for the two product categories – crackers and coffee. Results for the nested null model and acquisition utility models are included for comparison. The signs of all acquisition utility parameters are as expected, and significant in all four models for the two product categories. Also, the parameters of brand constants and acquisition utility are very stable across all four models, implying a robust acquisition utility model. The scale and risk coefficients in the transaction utility of all models have the expected sign, and all but one are highly significant.  

For the coffee data, both the VOLATILITY and RECFREQ components of uncertainty are significant in the RA model. Both are negative, implying that more recent and frequent purchases reduce consumer uncertainty of prices, and that frequent price changes tend to encourage consumers to be more aware of prices.  An important point is that neither the IR nor RSRA models, both of which incorporate these uncertainty proxies, are able to capture this effect.   The parameters are not significant.  Furthermore, in the IR model, the estimated value for the insignificant RECFREQ parameter of -390 is implausible, which argues against the Insensitive Region model. The same pattern appears in the cracker data for the RECFREQ component; however, the VOLATILITY component is significant in the IR model only.   These findings provide support for purchase history dependent uncertainty affecting choice through risk-aversion as implied by the RA model structure.  The inconsistency of VOLATILITY across categories may arise from higher prices for coffee than crackers, making it more worthwhile for customers to be aware of prices.  Another possibility is that a greater proportion of cracker buyers than coffee buyers experience price volatility as increasing (positive coefficient) uncertainty.  We will return to this question in the results of the segment analysis.   

In the NT (no threshold) model, the loss parameter is larger than the gain parameter in both product categories, consistent with the “loss aversion” phenomenon found in the reference price literature.  The difference, however, is not significant either category
. 

Fit and information criteria favor the RA model (with risk-aversion in both positive and negative transaction domains) in both categories, and particularly strongly in the coffee category. These results hold for both the estimation and prediction samples.  As well as capturing history-dependent uncertainty, modeling the threshold as a risk hurdle rather than a perceptual or judgmental insensitivity (the IR model), improves fit.  Furthermore, the fact that the RA model outperforms the loss/gain (RSRA) model, which postulates risk-seeking behaviour in the transaction loss domain, as the literature suggests should appear if consumers actually feel loss, indicates consumers are risk averse in both domains.  The interesting implication is that the transaction “loss” associated with purchasing a brand that has had a price increase may not be felt as a “loss” but simply as a lesser gain in the total utility (acquisition plus transaction).

[Insert Table 1 about here]

[Insert table 2 about here]

We interpret the significant RECFREQ coefficient in the RA model as support for the proposition that consumers are uncertain of their reference prices, that periodic purchases refresh their memory of the purchased brand price and decrease uncertainty, and that the uncertainty of prices of brands not purchased increases.  This results in purchase history affecting response to deals. Specifically, consumers have better knowledge of the regular price of more frequently purchased brands, and hence, through a risk hurdle mechanism, are more sensitive to promotions in frequently purchased brands. This is a possible explanation for a result reported by Papatla (1996), who showed that increasing preference for a brand is associated with an improvement in response to promotion. Their category PRICE VOLATILITY, on the other hand, had little effect on response to promotion, similar to our results.  

The fact that RECFREQ is not significant in the IR model, even though it affects the threshold in the same direction as in the RA model, is compelling evidence that it is not merely the incorporation of consumer uncertainty in the threshold level, but the precise mechanism implied by the structure of the RA model that is critical.  

 The possibility that consumer risk aversion provides a better explanation of the threshold effect than insensitivity to small price changes helps to explain a paradoxical result reported by Kalwani and Yim (1992). Like other researchers, they found strong insensitivity to small deals in consumers’ purchase probabilities, and then investigated how consumers’ reference prices were modified by observed prices. If the insensitivity in the purchase probability to small deals arose because the observed price is so close to the reference price that it is judged as the same, then small deals should not be able to change consumers’ reference prices.   Kalwani and Yim therefore hypothesized that there should be a concave relation between the depth of price promotions and changes in consumers’ reference prices, similar to the relation between promotion depth and purchase probabilities. Their results did not support this hypothesis.  The impact of deals on reference price was nearly linear--there was no insensitivity to small deals. While difficult to reconcile using the usual threshold explanations based on insensitivity, these results are consistent with our RA model, which has no sensitivity threshold to small deals in the transaction utility, but still generates purchase insensitivity to small deals through risk aversion.

Segment Analysis


Consumer differences in uncertainty and associated risk responses, and the relation to other variables such as price and promotion sensitivity is both academically interesting and managerially relevant.  Table 3 gives fit and information criteria for latent class (e.g., Kamakura and Russel 1989) estimations for one to five segments in the RA model.   For the coffee data, the two segment model is superior on both AIC and BIC.  For the cracker data, AIC is lowest for the four-segment model, while the more conservative BIC favors the two-segment model.  Table 4 shows estimation results for two segment models for both product categories.

Tables 3 and 4 about here

Across the two categories differences between the two segments are remarkably similar and for the most part intuitive.  In both cases there is a larger segment that is more price and promotion sensitive.  Consumers in this larger segment also have lower risk aversion—they are more willing to take a chance on an uncertain price reduction, although they are still a bit suspicious.  Interestingly, while these consumers are overall more willing to take a chance, their willingness is more strongly moderated by the purchase-history component of uncertainty of reference price, as indicated by RECFREQ.  We might loosely describe this group—segment 2—as  “price-concerned”.  While price VOLATILITY does not play an obviously systematic role, the differences across categories and segments do have an appealing consistency.  Recall that price volatility could decrease uncertainty (negative coefficient) for volatile brands by making customers pay attention to them more; or if customers pay equal attention to all brands, reference price uncertainty would likely be greater (positive coefficient)  for volatile brands.  The argument suggests that the former effect would have relatively more influence on price-unconcerned customers, and the latter effect relatively more influence on price-concerned customers.  This is precisely the pattern we see in both categories. The VOLATILITY coefficient is negative and significant in the “price-concerned” coffee group and nonsignificant in the “price-unconcerned” group.  In the cracker category it is nonsignificant in the “price-concerned” group, and significant and positive in the price-concerned group.  

Table 5 and 6 about here

Demographic and purchase behaviours of the segments are compared in Tables 5 and 6 (see the appendix for variable definitions). The segments differ significantly in deal-proneness and purchase frequency in both product categories, with the price-concerned segments more deal-prone and purchasing less frequently, possibly because they are buying in larger quantities.  In the cracker category, the segment is less store loyal.  Three additional variables are available in the cracker category, where the price-concerned segment is less likely to own their home, to live in a single-family dwelling and to have larger families.  

CONCLUSION


In this research, we have shown how consumers’ purchase timing history can affect their response to price promotions through a risk hurdle generated by their uncertainty of the regular price. We suggest that this is an alternate mechanism for previously observed thresholds in deal responses.  

Specifically, we compared four competing models—a no threshold (NT) model; a model with a threshold arising from an insensitive region (IR) in the transaction utility; a risk averse (RA) model that assumes if a purchase is made it is framed as a gain, with risk aversion, regardless of the sign of the transaction utility; and a risk seeking / risk averse (RSRA) model which allows for a transaction loss to be felt as a loss, with the possibility of risk-seeking behaviour. Among the four models, we found the RA model to be the most appealing in terms of  fit, parsimony, and the ability to capture purchase history effects. The RA model suggests that while consumers like a deal, they are uncertain as to how big the deal is. This uncertainty decreases with a more regular purchase history of the currently promoted brand. Risk averse consumers thus have a purchase-history-dependent risk hurdle, which appears as a “threshold effect.”  With a single segment model we do not see systematic effects of price volatility.  

In both product categories, a latent segment analyses suggests on the basis of BIC that a two-segment RA model is preferred.  The segment characteristics are remarkably parallel across the two product categories.   A “price-concerned” segment has lower risk-aversion, but their risk hurdle is moderated more strongly by purchase history dependent uncertainty.  This segment is also price and promotion sensitive, and has the demographic and purchase characteristics typically associated with price-sensitivity.  We also find some evidence that the price-unconcerned segment is more likely to have price volatility decrease their uncertainty of reference prices, while the price-concerned segment has price volatility increase their uncertainty.  We interpret this as brands with highly variable pricing influencing unconcerned customers to pay relatively more attention to their prices; whereas the concerned segment already pays broad attention to prices, and so internalize the greater price variance of the more volatile brands as greater uncertainty of regular price.

We also note that, in comparison with the RSRA model which assumes the risk-seeking curvature typically associated with felt loss when customers perceive a price increase, the RA model assumes risk-aversion regardless of whether the consumer sees a price increase or decrease.  This may mean that consumers do not actually feel loss overall when evaluating a purchase for which there has been a price increase.  Rather, the negative transaction utility may simply be experienced as reducing the net gain from a positive acquisition utility.  If we were to fit an NT type of model to a true RA type of data generation process (see Figure 1) we would get larger negative coefficients in the loss domain than in the gain domain.  We would be tempted to interpret this as arising from customers framing a price increase as a loss, and experiencing the well-established loss aversion effect.  We would, however, be confusing loss aversion with risk aversion.   

The RA model is also consistent with previously reported reference price and threshold effects, such as the lack of a threshold in internal reference price changes in response to observed prices, and the positive relation between brand preference and promotion response.  

Incorporating uncertainty allows us to show that small promotions will be more effective when consumers have greater certainty of the regular price, and conversely, that price increases will be more acceptable with greater uncertainty.  Consider a typical situation where we want competitors’ customers to switch to our brand.  If we don’t know about the phenomenon described here, we might try to lower the price enough to overcome an insensitivity threshold and make them switch.  However, this tactic will give our existing loyal customers unnecessary consumer surplus.  On the other hand, if we DO know about this effect, we can search for ways to reduce the competitors’ customers’ uncertainty of our regular price, and hence induce switching with no price reduction, and hence no surplus loss from our loyal customers.  

These results also suggest that degree of risk aversion could be an interesting characteristic to segment consumers on. As brands proliferate and categories become more homogenous, risk aversion could become progressively more important as a determinant of the magnitude of deal necessary to cause switching.  

While the threshold mechanism involving insensitivity to price changes (IR model) is not the best explanation here, it does fit well and has a strong behavioural grounding. More research is needed to investigate the contexts to which our results our generalizable, and to determine factors which may encourage or hinder the use of various mechanisms in response to deals. 

Finally, we believe that there is a need for more research that incorporates consumer uncertainty into choice models.
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Appendix

The following household-level purchase behaviour and demographic variables were used in the analysis of segment characteristics. 

1. Family Size: Number of persons in the household.

2. Income: Coded 1if household income was greater than $25,000 and 0 otherwise. ($25,000 is approximately the sample Median.)

3. Race: Coded 1 if the household is white and 0 otherwise.

4. Residential Area: Coded 1 if the household lives in a city and 0 otherwise.

5. Single Family Home: Coded 1 if the household lives in a single family home and 0 otherwise.

6. Home ownership: Coded 1 if the household owns the residence and 0 if the household is renting it.

7. Ages of Male and Female Heads of Household:  For Coffee, Coded as 1 if age is over 45, 0 otherwise.  For Crackers,  Actual Age.

8. Education of Male and Female Heads of Household: Coded 1 if some college or more and 0 otherwise.

9. Work hours of Male and Female Heads of Household: Coded 1 if employed full time and 0 otherwise.

10. Occupation of Male and Female Heads of Household: Coded 1 if his (her) job is professional, technical, manager, or administrator, and 0 otherwise.

11.  Purchase Frequency: Number of purchases made during the 52- week calibration period.
12. Deal-Proneness: Percentage of total purchases made on promotion.
13. Store Loyalty: Herfindahl index of a household’s store shares, defined as  
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Table 1

Parameter Estimates for Coffee (t-value)

	PARAMETER
	IR
	RA
	RSRA
	NT
	Acquisition utility model
	Null Model

	Brand Constant
	
	
	
	
	
	

	( 01
	-0.069 

(-0.7)


	-0.145 

(-1.4)
	-0.045 

(-0.4)
	-0.093 

(-0.9)
	0.012

(0.1)
	-0.663

(-12.0)

	( 02
	0.498 

(5.8)


	0.316
 (3.6)
	0.523 

(6.0)
	0.500 

(5.8)
	0.654

(8.1)
	0.047

(1.1)

	( 03
	0.562 

(5.9)


	0.497 

(5.2)
	0.579 

(6.0)
	0.563 

(5.8)
	0.884

(10.0)
	0.067

(1.5)

	Acquisition Utility
	
	
	
	
	
	

	PREFERENCE
	2.316 

(22.6)


	1.844 

(17.5)
	2.308 

(23.1)
	2.366 

(23.0)
	2.432

(23.8)
	

	PROMOTION
	2.925 

(34.6)


	2.912 

(32.8)
	2.921
 (34.3)
	2.878 

(33.0)
	2.835

(33.2)
	

	PRICE
	-2.161 

(-10.2)


	-1.323 

(-6.6)
	-2.230 

(-10.2)
	-2.195 

(-9.5)
	-3.252

(-19.7)
	

	LAST PURCHASE
	1.473 

(19.4)


	0.956 

(12.0)
	1.478 

(19.8)
	1.461 

(18.8)
	1.164

(17.3)
	

	Transaction Utility
	
	
	
	
	
	

	PRICE 

   VOLATILITY

(1
	1.381 

(1.1)
	-1.453 

(-6.5)
	0.571 

(0.7)


	--
	
	

	RECFREQ

(2
	-390.418 

(-1.1)


	-0.125 

(-3.9)
	-242.215
 (-0.7)
	--
	
	

	SCALE (GAIN)       (1
	2.304 

(8.1)


	0.144 

(1.6)
	1.753 

(5.5)
	1.210 

(4.7)
	
	

	RISK 

(2


	--
	2.349 

(9.3)
	2.344 

(5.8)
	-
	
	

	SCALE (LOSS)

(3
	1.637 

(6.5)


	--
	1.328 

(6.2)
	1.595
(6.6)
	
	

	Calibration Sample
	
	
	
	
	
	

	LL
	-1629
	-1534
	-1626
	-1655
	-1690
	-4707

	AIC
	1640
	1545
	1638
	1664
	1697
	4710

	BIC

 ADVANCE \l 12 2
	1674

.642


	1579

.662
	1675

.641
	1692

.640
	1719

.635
	4719

	Prediction Sample
	
	
	
	
	
	

	LL
	-683
	-638
	-682
	-697
	-719
	-2012

	AIC
	 694
	 649
	 694
	 706
	 716
	 2015


Table 2  

Parameter Estimates for Crackers (t-value)

	PARAMETER
	IR
	RA
	RSRA
	NT
	Acquisition utility model
	Null Model

	Brand Constant
	
	
	
	
	
	

	( 01
	1.162 

(4.0)


	0.860
 (3.2)
	1.163 

(3.8)
	1.126
 (3.7)
	0.100

(0.4)
	0.602

(6.7)

	( 02
	0.487 

(1.6)


	0.057 

(0.2)
	0.476 

(1.5)
	0.384 

(1.2)
	-0.768

(-3.4)
	0.652

(11.5)

	( 03
	0.092 

(0.7)


	0.136
 (1.0)
	0.090
 (0.6)
	0.135
 (1.0)
	0.033

(0.3)
	-1.581

(-19.1)

	( 04
	0.258 

(2.0)


	0.159
 (1.2)
	0.255 

(2.0)
	0.220 

(1.8)
	0.307

(2.5)
	-1.355

(-18.0)

	( 05
	-0.088 

(-0.6)


	-0.179 

(-1.2)
	-0.086 

(-0.6)
	-0.095
 (-0.7)
	-0.049

(-0.4)
	-1.549

(-18.9)

	Acquisition Utility
	
	
	
	
	
	

	PREFERENCE
	3.376 

(27.6)


	3.131 

(24.8)
	3.373 

(27.3)
	3.385 

(27.8)
	3.451

(28.4)
	

	PROMOTION
	0.858 

(7.8)


	0.841 

(7.3)
	0.845 

(7.4)
	0.838 

(7.8)
	0.929

(8.5)
	

	PRICE
	-1.495 

(-3.2)


	-1.801 

(-4.5)
	-1.525
 (-3.2)
	-1.611
(-3.4)
	-3.521

(-10.1)
	

	LAST PURCHASE
	1.459 

(16.4)


	1.122 

(9.3)
	1.462 

(15.8)
	1.463
(16.5)
	1.213

(15.1)
	

	Transaction Utility
	
	
	
	
	
	

	PRICE  

 VOLATILITY

(1
	-86.777
 (-2.9)


	-0.073 

(-1.2)
	-49.519
 (-1.8)
	--
	
	

	RECFREQ

(2
	-5.146 

(-1.4)


	-0.176
 (-3.1)
	-4.474
 (-1.2)
	--
	
	

	SCALE  (GAIN ) 

(1
	3.065 

(5.8)


	1.280 

(2.1)
	2.223 

(3.8)
	2.563
 (5.0)
	
	

	RISK

(2
	--
	1.166 

(5.5)


	2.340 

(3.1)
	--
	
	

	SCALE (LOSS)

(3
	2.572 

(5.2)


	--
	1.639 

(3.0)
	2.667
 (5.9)
	
	

	Calibration Sample
	
	
	
	
	
	

	LL
	-1197
	-1184
	-1198
	-1201
	-1231
	-2972

	AIC
	1210
	1197
	1212
	1212
	1240
	2977

	BIC

 ADVANCE \l 12 2
	1248

.580


	1235

.585
	1253

.578
	1244

.581
	1266

.574
	2992

	Prediction Sample
	
	
	
	
	
	

	LL
	-441
	-435
	-441
	-440
	-446
	-1164

	AIC
	 454
	 448
	 455
	 451
	 455
	 1168


Table 3

Latent Class Analysis of RA model
	Coffee brand
	
	Number of
	Segments
	
	


	
	One
	Two
	Three
	Four
	Five

	LL
	-1,534
	-1,378
	-1,375
	-1,315
	-1,277

	AIC
	 1,545
	 1,401
	 1,410
	 1,362
	 1,336

	BIC
	 1,579
	 1,472
	 1,518
	 1,507
	 1,518

	No. of Parameters
	11
	23
	35
	47
	59


	Cracker brand
	
	Number of
	Segments
	
	

	
	One
	Two
	Three
	Four
	Five

	LL
	-1,184
	-1,128
	 -1,090
	-1,067
	-1,055

	AIC
	     1,197
	 1,155
	 1,131
	 1,122
	 1,124

	BIC
	 1,235
	 1,234
	 1,250
	1,282
	 1,325

	No. of Parameters
	13
	27
	41
	55
	69


Table 4

Parameter Estimates for Two-Segment Model (RA)

	
	for 
	Coffee
	for
	Crackers

	
	Segment 1

n=76
	Segment 2

 n= 190
	Segment 1

 n=125
	Segment 2

n=168

	Brand Constant
	
	
	
	

	( 01
	-0.171   
(-0.897)

	-0.228
 (-1.213)
	0.785 
(1.898)
	1.546 
(2.224) 

	( 02
	0.192 

 ( 1.194)

	0.586 

 ( 3.969)
	0.379 
( 0.934)
	-0.216 
(-0.285)        

	( 03
	0.429 
( 2.276)

	1.082 
( 5.910)
	-0.302
 (-1.511)
	0.778 
( 1.811)

	( 04
	--
	--
	-0.648 
(-2.729)
	1.708
 ( 3.728)


	( 05
	--
	--
	-1.107 
(-3.366)
	0.457
 ( 1.621)



	Acquisition Utility
	
	
	
	

	PREFERENCE
	1.698 
( 9.724)

	1.488
 ( 7.034)
	1.919 
( 8.336)
	7.047 
( 8.103)        

	PROMOTION
	1.617 
(8.037)

	4.186 
(16.946)
	0.799
 (4.634)
	1.248
 (3.227) 

	PRICE
	-0.748
 (-2.012)

	-4.427
 (-8.143)
	-1.241 
(-1.936)
	-2.979 
(-2.651)       

	LAST PURCHASE
	1.014
 (7.578)

	0.315
 (2.061)
	1.418 
(8.250)
	0.016
 (0.057) 

	Transaction Utility
	
	
	
	

	PRICE 

   VOLATILITY

(1
	-2.053 
(-3.920)
	-40.090 
(-1.437)
	-10.541 
(-1.151)
	0.906
 (5.705) 

	RECFREQ

(2
	-0.273
 (-3.187)

	-0.568 
(-2.910)
	-0.191
 (-1.322)
	-6.766
 (-2.655)       

	SCALE (GAIN) 

(1
	0.135 
(1.639)

	0.575 
(2.173)
	7.206 
(2.415)
	0.000
 (0.179) 

	RISK 

(2
	2.396
 (9.744)

	1.544 
(6.800)
	0.456 
(3.334)
	   0.172
 (1.464) 

	SEGMENT SIZE
	-0.717
(-3.660)

	0
	0
	  0.015 
(0.058) 


Table 5

Demographic and Purchase Characteristics of Latent Segments

Coffee Category

Means of  Variables
	Variable
	Segment1 (n=76)
	Segment2 (n=190)

	Income
	0.43
	0.35

	Residential area
	0.75
	0.76

	Male age
	0.72
	0.72

	Male education
	0.54
	0.48

	Male work hours
	0.79
	0.73

	Female age
	0.65
	0.66

	Female education
	0.42
	0.38

	Female work hours
	0.31
	0.26

	Purchase frequency
	   16.45*
	   11.76*

	Deal-proneness
	  0.47*
	  0.88*

	Store loyalty
	0.65
	0.63


*Significantly different at p<.01 

Table 6

Demographic and Purchase Characteristics of Latent Segments

Crackers Category

Means of  Variables

	Variable
	Segment1(n=125)
	Segment2 (n=168)

	Family size
	 3.05*
	 3.33*

	Income
	0.36
	0.36

	Race
	0.99
	0.98

	Residential area
	0.58
	0.55

	Single Family Home
	   0.87**
	   0.78**

	Home Ownership
	     0.88***
	     0.75***

	Male age
	53.67
	51.55

	Female age
	52.81
	50.69

	Male work hours
	0.51
	0.52

	Male occupation
	0.28
	0.27

	Male education
	0.48
	0.42

	Female work hours
	0.29
	0.29

	Female occupation
	0.22
	0.19

	Female education
	0.27
	0.24

	Purchase frequency
	    9.06**
	   7.74**

	Deal-proneness
	      0.27***
	      0.37***

	Store loyalty
	  0.80*
	  0.75*


Significantly different at

*    p< 0.10

**   p< 0.05

***  p< 0.01
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Figure 1:  The four transaction utility functional forms.  The dashed curve in the IR model indicates how increasing uncertainty increases the insensitive range, or the latitude of acceptance.  None of the other forms have an insensitive region for small losses and gains.  The RA (risk avers) model has concave utility, and the RSRA (risk seeking / risk averse) has convex and concave utility in the loss and gain domains resectively.
















� Thus, a desirable feature of the model is that the additional complexity of incorporating uncertainty is offset by a simpler functional form for the transaction utility.


� Tests showed our log-likelihood to be insensitive to smoothing coefficients between 0 and 0.2


� Estimating the model with the loss and gain parameters constrained to be equal produced no change in the likelihood for the cracker category, and increased the likelihood by one in the coffee category.


� The carry-over coefficient of 0.2 is used on the basis of a coarse grid search.


� The forgetting rate of 0.7 is used on the basis of a coarse grid search.


� The carry-over coefficient of 0.8 is used on the basis of a coarse grid search.


� The forgetting rate of 0.5 is used on the basis of a coarse grid search.


� The carry-over coefficient of 0.2 is used on the basis of a coarse grid search.
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