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ITEM PRICING LAWS, SUPPLIER BEHAVIOR, AND THE DIFFUSION OF TIME-SAVING TECHNOLOGICAL INNOVATIONS

ABSTRACT
We consider the impact of discrete changes in the characteristics of a technology on its rate of diffusion.  Our emphasis is on the evolution of a technology that initially reduces customers’ time costs while eventually also lowering firms’ costs of operation. In particular, using life-tables and a parametric log-linear duration model we show that different vintages of point-of-sale optical scanner technology followed predictably different diffusion paths based on each vintage’s effect on supermarkets’ speed of service and costs of operation. Additionally, we find that item-pricing laws passed in six states as consumer protection initiatives slowed the diffusion scanners at the same time as consumer acceptance of scanners was growing nation-wide.

1. INTRODUCTION
This paper addresses the impact that discrete improvements in a basic technology can have on its rate of diffusion.  We illustrate this point with both life tables and estimates of a log-linear parametric duration model for the initial diffusion of point-of-sale optical scanner technology in U.S. supermarkets. In particular, we emphasize the effect of different vintages of the technology on a supermarket’s speed of service and costs of operation. Today’s optical scanners embody both speed of service and purely cost-saving technology.  However, given its primary emphasis on faster checkout times, we find that the first generations of scanners primarily increased the degree of market segmentation in local markets.  As a result, counter to the result generally found in the literature for cost-saving innovations, prior adoption by local competitors actually slowed down the initial rate of adoption by other supermarkets.  Only once cost savings became an important part of later vintages did the diffusion pattern of scanner technology start to resemble that typically reported in the literature.  We also find that item pricing laws at the state level, initially justified as consumer-protection initiatives, offset some of the potential advantages of adoption and, as a result, also slowed the initial diffusion of scanner technology even as acceptance of the technology was growing nation-wide.
A slow initial rate of diffusion is commonly observed for new technologies. The slow initial rate has been often attributed to the slow initial flow of information concerning the advantages of the technology, anticipation of future price decreases, or potential adopter resistance to change. For example, in his seminal paper Griliches (1957) modeled an S-shaped diffusion path for a single, unchanging technology with myopic potential adopters distributed normally in terms of willingness to pay.  As the cost of the technology decreases over time, the adoption process traces out the underlying demand curve for the new technology
. More recently, Atkeson and Kehoe (2007) argue that potential adopters’ large accumulated knowledge about an old technology may result in resistance to change and a slow initial diffusion rate. Several other authors, such as Saloner and Shepard (1995) and Karshenas and Stoneman (1993), have argued and shown empirically that the initial resistance may vary due to heterogeneity among potential adopters.
 
Although our econometric approach is in the tradition of Saloner and Shepard and Karshenas and Stoneman (1993), among others, our main contribution is linking the diffusion process to the discrete evolution of the technology over time.  In an earlier paper Rosenberg (1972) emphasized the importance of accounting for discrete changes in a new technology in order to better understand the nature of the adoption process,
“A better understanding of the timing of diffusion is possible by probing more deeply at the technological level itself, where it may be possible to identify factors accounting for both the general slowness as well as wide variations in the rate of diffusion [Rosenberg, p. 6]… We are led to treat the period after conventional dating of an invention as one where a fairly well established technique is awaiting adoption whereas, in fact, highly significant technological and economic adaptations are typically waiting to be made” (Rosenberg, p. 9).

Despite the enormous theoretical and empirical literature on the diffusion process of technological innovations, duration studies for specific innovations that explicitly account for discrete changes in the initial technology over time are less common due to the lack of appropriate data.  Of necessity most diffusion studies rely on data aggregated over various vintages of the basic technology.
  

In this paper we consider the diffusion of point-of-sale scanner technology in U.S. supermarkets from its initial appearance in June 1974 until March 1985.  We hypothesize and find that improvements in speed of service embedded in the first generations of the technology favored adoption by store owners in markets with consumers having relatively higher opportunity cost of time.  More importantly, we hypothesize and find that a larger stock of prior adoptions by competitors lengthens the time until adoption of firms yet to adopt. 
The inhibiting effect of the stock of prior adopters on the rate of diffusion in monopolistically competitive markets is generally the opposite result of what is found in the diffusion literature. For example, Karshenas and Stoneman (1993) argued that the stock of prior adopters controls for information flows from adopters to non-adopters with the expectation that a larger stock increases the rate of adoption in the spirit of Griliches’ work on the effect of informational flows.  Reinforcing this point, Götz (1999) provided a formal model of a monopolistically competitive market showing that a larger stock of prior adopters of a cost-saving technology shortened the time before initial adoption by other firms.
Mulligan and Llinares (2003) have shown, however, that an increase in the stock of previous adopters can delay adoption by those yet to adopt if the innovation primarily lowers time costs for the firm’s customers. In particular, they find that the adoption of a faster chairlift by a ski resort slowed down the adoption rate of competitors in local markets.  While we find this same result for scanners, we also show that the negative effect of the stock of prior adopters on the adoption rate decreased as subsequent vintages embodied relatively more cost-saving technology. 
In addition to our focus on the effects of the stock of prior adopters and consumers’ opportunity cost of time, we find that laws initially justified as consumer protection initiatives slowed the initial diffusion rate.  Six states (California, Michigan, New York, Connecticut, Massachusetts, and Rhode Island) passed laws by 1976, still in effect, requiring that supermarkets with scanners place prices on each item as a consumer protection initiative.  We find that these laws had no statistically significant effect on the adoption of scanners during the first few years, since consumer resistance to dropping item prices during this time period made such laws redundant.  However, given the growing acceptance of scanners nation-wide starting in the late 1970s, these state laws delayed the adoption of scanners even as more sophisticated versions of the initial technology became available.   

The remainder of the paper is organized as follows.  In the next section we provide both background information on scanners and anecdotal evidence motivating our econometric approach.  Section 3 discusses the literature, theoretical motivation, estimation techniques, and data.  Section 4 presents the results from life tables and parametric duration models, while Section provides a summary and conclusion. 
2. BACKGROUND
NCR and IBM released comparable scanner systems in 1974. The first vintage had one laser beam to read bar codes. The first significant improvement appeared in May 1979, when IBM released Model 3667, which increased service speed of the checkout process by allowing the scanner to read much smaller bar codes.
  This vintage had more laser beams and more accurate readings.  The second vintage diffused only between May 1979 and November 1980 before being replaced by the third vintage (IBM Model 3687), which diffused beyond the end of our sample period in March 1985.  Anecdotal evidence suggests that early adopters of the technology emphasized checkout speed in their advertisements in order to differentiate the quality of their store from that of their competitors and that they may have experienced as much as a twenty-five percent increase in sales relative to non-adopters.  Despite this apparent incentive to install a scanning system, only one percent of all stores had done so by 1978.
  

With vintage 3 the proportion of inaccurate readings decreased significantly. Vintage 3 was the first to use a holographic technique to reduce the handling of the items by the checkout clerks (Fistell, 35).  It could also read bar codes that were damaged and read bar codes on items such as frozen meat (even if the bar code became crinkled and wet).  All of these improvements led to faster processing time.
 However, not until the release of the third vintage in 1980 did advances in computing capacity start allowing stores to benefit from the data collected by the scanners.
   For example, Business Week reported in August of 1981, 

“One of the most exciting applications for scanning equipment is just getting off the ground: Inventories can now be replenished electronically without having to rely on manually produced purchase orders.  Using the checkout sales data from the scanners, the computer can tally items sold and then automatically subtract them from those in inventory records.  A computer-generated order list of items falling below minimum inventory levels can then be transmitted to wholesalers and grocery manufacturers” (Business Week, 88).

Saving costs by eliminating the need for marking prices on packages was also an initial expectation in the industry, but consumer resistance delayed the realization of these benefits.   Anecdotal evidence suggests that this resistance did not persist throughout the time period.  According to the 1978 Fortune article, 

“Just 208 stores, considerably less than 1 percent of the country’s 33,000 supermarkets, have so far been equipped with registers that can read the [Universal Product] code.  Now, however, several years behind schedule this revolution in grocery retailing is gathering momentum.  The Retail Clerks International Union, which had feared that scanners would be bad for employment, has reconsidered the evidence on that point and retreated to a posture of neutrality.  Labor’s allies in the consumer movement have also quieted down—perhaps because the consumers they presume to speak for have fallen in love with scanners” (Fortune, 76).

Despite growing acceptance of scanner technology among consumers nation-wide, six states (California, Michigan, New York, Connecticut, Massachusetts, and Rhode Island) passed laws by 1976, still in effect, requiring that supermarkets with scanners continue to mark prices on each item.  While justified as consumer protection initiatives, these laws primarily imposed significantly higher costs on supermarkets in these states.  For example, Levy et al (1997) compared costs of changing prices at supermarkets located in Connecticut, which still has an item pricing law, with those in states without such a law using data for the years 1991 and 1992.  They determined that stores subject to item pricing laws at that time faced costs that were two and a half times the amount in states not subject to the law.  They concluded that these costs formed a barrier to price changes leading to substantial nominal rigidity in prices. More recently, Bergen, Levy, Sourav, Rubin and Zeliger (2005) find evidence from a natural experiment that grocery prices are still significantly higher in states with item pricing laws.
3. THEORETICAL MOTIVATION
In this section we summarize the literature that motivates our econometric model and describe both the model and the data.  Section 3.1 summarizes the pertinent literature, Section 3.2 explains the empirical approach, and Section 3.3 describes both a simple model of the adoption process and the data.

3.1 The Literature 
The literature on diffusion of technology is vast, spilling over many conventional disciplinary boundaries. The overwhelming empirical finding is that innovations follow what is typically called an S-curve consistent with the epidemic model pioneered in the economics literature by Griliches.  This model suggests that the main limit on the speed of diffusion is the lack of information available about the potential of the innovation, its ease of use, and its price. On the other hand, the cost and benefits of adoption may vary across potential adopters leading them to adopt the new technology at different times. 
For example, Saloner and Shepard consider the decision by a bank to adopt ATMs as a function of the bank’s network size and number of users, where the end users are the depositors. The benefits of adoption to depositors depend on the number of locations (network effect).  These benefits are assumed to increase with time as ATM-related services are added.  The costs of adoption are assumed to decrease with time given increased familiarity with the technology over time. The number of depositors is a shift factor of the cost curve, with more depositors per bank lowering the cost of adoption and increasing the incentive for adoption. Heterogeneity across banks in terms of number of depositors and number of branches leads to different adoption rates.  Saloner and Shepard also include controls for other factors that could influence the adoption decision, such as wages, bank growth rate, state growth rate, and a Herfindahl index for the state.  Based on estimates for parametric and semi-parametric duration models, they find that banks with many branches adopt earlier than banks with fewer branches, adjusting for the number of depositors. 

Although Saloner and Shepard did not focus on competitive interactions in the adoption decision or consider the impact of the stock of prior adopters on the adoption rate primarily for data reasons, the stock of prior adopters has received attention elsewhere in the literature.  For example, although also basing their empirical model on the interactions of the costs and benefits of adoption, Karshenas and Stoneman (1993) proposed the inclusion of the stock of prior adopters as an independent shift variable, reasoning that if information flows from adopters to non-adopters in an epidemic fashion, the time until adoption will decrease with an increase in the stock of prior adopters.  
Götz’s formal model of a monopolistically competitive market with cost-reducing technological innovations establishes the stock of prior adopters as a proxy for the importance of cost reduction associated with the innovation.  In his model adopting firms are able to lower costs relative to firms selling imperfect substitutes for their products.  Competition leads to lower prices and a shift of customers from non-adopting to adopting firms.  This loss of customers provides the incentive for non-adopters to adopt leading to an increase in the rate of adoption by previously non-adopting firms as the number of prior adopters increases.   
Both Karshenas and Stoneman (1993) and Götz assumed that the new technology lowers the adopting firm’s costs of operation.  By contrast, Mulligan and Llinares consider a technology that primarily lowers consumers’ time costs. Mulligan and Llinares argued that innovations in the quality of service, such as service speed, diffuse differently than innovations directed primarily at cost reduction.  They report results concerning the diffusion of detachable chairlifts in the United States that provide the first empirical evidence that the adoption of a technological innovation by a firm actually decreases the likelihood that a local competitor will also adopt it.

While the faster speed of service creates a different quality of service that may appeal to all consumers, there is a limit to the number of consumers who value this higher quality enough to change stores or even pay relatively higher prices for faster service. Heterogeneity in consumer willingness to pay higher prices in exchange for faster service is not new to the economics literature.  For example, it is an important part of Davidson’s (1988) duopoly queuing model with each firm offering service at different speeds and at different prices.  The relative technological benefits of using service units of differing speed and number are also a part of earlier work by Mulligan (1983).  
3.2 Empirical Procedures

Initially, we use a non-parametric life table method to show that the first and last vintages followed distinctly different diffusion patterns.  Although not commonly reported in the diffusion literature, life tables have been used by Cabral and Leiblein (2001) for the diffusion of semiconductor technology, while Rose and Joskow (1990) use the Kaplan-Meier non-parametric method to analyze the diffusion of supercritical technology in the U.S. electric utility industry.  The life-table method divides the time period into a series of time intervals and computes the estimated probability of surviving (that is, not adopting the innovation) during the time interval. We have used the life-table method instead of the Kaplan-Meier method of estimation primarily for two reasons. First, the event times (that is, the time of adoption of scanners) are not known with precision, since we have monthly data on adoptions, not the exact adoption dates. Second, given the large number of observations in our case, the Kaplan-Meier method produces estimates that are unwieldy for presentation and interpretation.  
While a non-parametric approach can provide evidence of a difference in diffusion patterns for separate vintages, it does not explain the reasons for this difference.  As a result, we also report estimation results for the parametric duration model with the Weibull distribution.
 Parametric models specify a distribution function for the baseline hazard.  The hazard function is of the form h(t, x, β) = h0(t)exβ, where t is time, x represents the set of covariates, and β denotes a set of unknown coefficients.  The logarithm of the hazard function yields the following econometric model:

Ln Ti = α(t) + β1x1i + β2x2i + ... + βkxki + σεi, 

where Ti is the survival time until adoption for the ith company in the local market , εi is a random disturbance term, and β0 …. βk and σ are parameters to be estimated.  If α(t) equals α, the hazard function reduces to the special case of the exponential model.  If α(t) equals  α ln t, we have the Weibull model.
We expect the baseline hazard to be positively correlated with the rate of adoption over time primarily due to the decrease in the cost of the technology throughout the time period, the growing acceptance of scanners by consumers, and the rapid increase in store processor capacity geared toward inventory management. All of these factors should lead to a base-line hazard that increases at an increasing rate over time for all potential adopters.

3.3 A Simple Model of Adoption

Following Saloner and Shepard, we assume that the benefits of adoption increased over time.  In our case this was due to the general improvements in associated software technology and a growing acceptance by consumers of the accuracy of the prices charged.  As generally assumed in the literature, the real cost of adoption is assumed to decrease over time due to lower cost of production of scanners.
   While the intersection of the cost and benefit curves determines the time until initial adoption, heterogeneity across potential adopters leads to different times prior to initial adoption.
  Differences across firms in times until first adoption come from heterogeneity in the number of prior adopters, consumer opportunity costs, and the legal environment in local markets.  More importantly, the effect of these factors on time until adoption depends on the nature of the technology embodied in the different vintages of the basic technology.  By treating the separate vintages as independent innovations, we find that several exogenous shift factors encourage diffusion in one case and discourage diffusion in another case. In the remainder of this section we elaborate on the expected impact of each of these factors on the benefits of adoption.  At the end of the section we describe the sources of the data for each of the covariates used in the parametric models.
3.3.1 Consumer opportunity costs of time
Given the effect of optical scanners on consumer time costs and an assumed relationship between income and the opportunity cost of time, we expect that the first vintage diffused more quickly in markets with relatively higher household income.  For example, Corr reported in a January 1985 issue of Marketing News, 

“About 29% of all US supermarkets currently use electronic scanners, and…the typical scanner store is part of a chain located in a better neighborhood of a large metropolitan area, so the store is not representative of the universe of supermarkets” (Corr, 1).

While the change in speed creates a different service that may appeal to all consumers, there is, however, a limit to the number of consumers who value this higher quality of service enough to switch to a new supermarket and/or pay potentially higher prices. 

We also include a second proxy for the opportunity cost of time: average household size.  Having controlled for per-capita income, we expect that larger household size is a proxy for the time costs of the person doing the shopping.  

3.3.2 Stock of prior adopters

We expect that the earliest vintages of optical scanner technology diffused more slowly as the stock of adopting competitors increased.  While relatively higher income communities are assumed to adopt earlier, heterogeneity within communities results in market segmentation in quality of service even in relatively higher income local markets.  Although increased checkout speed can lead to cost reduction if the store reduces the number of checkout lanes and clerks, initial adopters emphasized the faster speed of service in their advertisements. In addition, despite the potential cost savings from dropping prices from individual items, cost reduction was not likely to provide sufficient incentive for many stores initially given consumer resistance.
By the time of the release of the third vintage in November of 1980, enhanced capacity of the store processor and software geared towards more sophisticated inventory control started to become more important relative to improvements in service speed.
  In addition, growing acceptance by consumers of the reliability of the technology encouraged more adopters to remove prices from individual items.  As a result, while speed of service was still an important and transparent characteristic of the technology, we hypothesize that the deterrent effect of an increase in the stock of rival adopting firms was less important for this vintage due to the importance of the cost-saving incentive. 
After March 1985 information on adoptions of scanning technology was no longer provided by the trade publications used as data sources for this study, even though less than a third of the stores in the United States had scanners at that time.
  After March 1985, the pace of adoption increased dramatically at the same time of rapid expansion in store processor capacity and more advanced software aimed at cost-savings.  For example, nine years later, approximately 25,000 supermarkets in the United States were using scanners representing 95 percent of chain stores and 75 percent of independent supermarkets (Progressive Grocer, 1994).  

3.3.3 Item pricing laws

As mentioned earlier, six states passed laws by 1976 that required that supermarket companies put prices on individual items.  We include a dichotomous variable for markets located in each of these six states during the time these laws were in effect.  To the extent that a reduction in labor costs from not having to put prices on individual items was an incentive for adoption, the law would be assumed to impede the diffusion of optical scanning systems.  Since there appeared to be strong enough consumer resistance initially throughout the country to make these laws redundant during the earlier part of the time period, we hypothesize that the laws have little or no effect for the first vintage.  On the other hand, we expect that it had a negative impact on the diffusion rate for later vintages given growing acceptance by consumers of the value of scanners by that time.

3.3.4 Control variables 

We include variables to control for other factors likely to influence the adoption decision: store size, firm size, and labor costs.  While the magnitude of these factors may differ depending on the nature of the technology, the literature generally finds that they influence the decision to adopt.  
Store and firm size: Some measure of scale is generally used in diffusion studies when available given the assumption that large firms are more likely to adopt technologies that favor larger scale operations. Even though anecdotal evidence suggests a potential scale economy at the store level given the need for a central processor by the end of our sample time period, we do not have a direct measure of store size.
  While we do have data for the average store size per SMSA, we do not have this information on a per-store or per-company basis. 

Most empirical studies in this literature find that the incentive to adopt an innovation increases with other less direct measures of firm size, such as firm market share.  In our case, we have data for both firm market share and a second possible control for firm size: whether or not the company is a large supermarket chain. Anecdotal evidence suggests that scale economies started to become more important for companies at the SMSA level primarily after 1985 due to increased capacity for the store processor and software development linking scanner data among a chain’s stores in specific SMSAs.  Yet, the full potential at the SMSA level was still in the earliest stages of development by the beginning of 1985. On the other hand, since greater access to financing for a new and unproven technology may be a factor in explaining adoption of the technology, we hypothesize that both these variables may have been factors in explaining the diffusion of at least the first vintages of this technology. 
Labor costs: Anecdotal evidence suggests that some stores may have reduced labor costs by reducing the number of cashiers.
 While we do not have adequate data on labor costs or the number of cashiers per store for the entire time period of the study, we do have data on the average number of square feet per number of checkouts in the SMSA at the start of each time period under investigation.  Since stores with more square feet per checkout may be economizing on relatively higher labor costs throughout the time period of the study, we expect firms with relatively higher labor costs would be more likely to adopt sooner. 
Number of Competitors: Following Götz, we expect that more competitive markets are likely to diffuse cost-saving innovations faster given the pressure on a store’s prices.  On the other hand, as suggested by Mulligan and Llinares, when an innovation encourages increased market segmentation, markets with more competitors may provide more incentive for a firm to differentiate its service in order to capture a segment sensitive to the enhanced quality associated with the innovation. To the extent that this is true, we expect the number of competitors to be negatively related to the time of first adoption in this case.
  

3.3.5 Data 
We have data starting with the release of the first vintage of scanner technology in June of 1974 through March of 1985 indicating whether the company is a leading national chain store and the number of competitors, average household size, firm market share, the four-firm seller concentration ratio, real per capita effective buyer income, and average square feet per checkout for 27 randomly selected Standard Metropolitan Statistical Areas (SMSA).
  The unit of observation is a grocery company with at least one store in the SMSA.  This assumption is based both on anecdotal evidence and data considerations.
 Data on the name of the company, city, state, and month of adoption of each vintage of the scanner come from Scanning Installation Up-Date, a Food Marketing Institute (FMI) publication. We follow the practice in the literature of defining diffusion as the first adoption of an innovation by a company in the local market.

Table 1 contains the definitions of each variable used as covariates in the estimations. Since mean values for these variables vary by vintage, they are reported in Table 3 along with the estimated coefficients for each covariate in the parametric model. Annual editions of SN Distribution Study of Grocery Store Sales, a publication of Supermarket News, is the source of data on market structure variables; such as number of competitors, whether a company is a leading chain in the SMSA, firm market share, population, the four-firm seller concentration ratio, and real per capita effective buyer income.
  Data for the average selling square feet and the average number of checkouts in the SMSA at time t come from Market Scope, an annual publication of Progressive Grocer. We used these two variables to compute the average square feet per checkout. 

Both a dichotomous variable indicating if the company is a leading chain and a continuous variable for the average square feet of store space per checkout do not change during the time period of the estimations.
  All the other covariates are time dependent. The adoption and upgrade decisions are measured on a monthly basis. Ideally, we would also have monthly data for the market structure variables, but data on all market structure variables, such as the number of competitors, firm market share, and real effective buyer income are available only annually. 

4. RESULTS
This section reports the results both from the non-parametric life table method and a parametric model with a Weibull distribution supporting our hypothesis that the nature of the diffusion process changed in predictable fashion as the technology evolved over time.  We report estimations of the parametric model for the full sample assuming an unchanging technology to emphasize the effects masked by a failure to account for the significant changes in the nature of the technology during this time period.  We highlight the differences in the results for vintages 1 and 3, since the distinction between time-saving and cost-saving characteristics of the technology is the most pronounced for these two vintages and the second vintage did not diffuse long enough. 
4. 1 Non-parametric Life Table Estimates

Table 2 provides estimates from the non-parametric life table method, while Figure 1 contains plots of the survival functions based on this method for the first 53 months of the diffusion of the first vintage June 1974–March 1979) and third vintage (November 1980 – March 1985) showing that these two vintages followed different diffusion patterns.  Although the first vintage diffused for 65 months, we only have data for the first 53 months of the diffusion period for the third vintage.  As a result, we provide a comparison for the shorter, comparable time of 53 months for illustrative purposes.  The survival function for vintage 1 is relatively flatter and the hazard function is smaller than that of vintage 3.  Since this approach does not provide information about the factors that affected these diffusion patterns, we also estimated the diffusion process using a parametric duration model for the full sample and for the first and last vintage during this time period.  
4.2. Parametric Model
Table 3 presents results for the full sample, the first vintage and the third vintage. Since the estimates for the full sample do not account for changes in the technology over time, an adoption in this case means the first adoption regardless of type of vintage.  As made clear in this table, however, there are important differences across vintage in the impact of the key variables of interest: stock of prior adopters, presence of an item pricing law, household income, and household size. Note that a negative coefficient indicates that an increase in the value of the covariate shortens the time until initial adoption. 
For example, in all of the estimations an increase in the number of competitors shortens the time before adoption, as expected. A second control for the degree of competition, the four-firm concentration ratio, is statistically significant only for the third vintage. We find that a larger four-firm concentration ratio slows down the time until adoption of the third vintage. Given the third vintage’s increased importance on cost savings, this result is consistent with Götz’s monopolistically competitive model, which implies that firms are more likely to adopt cost-saving innovations in relatively more competitive markets.  We also included two controls for firm size.  In markets with stores averaging more square feet per number of checkouts the time before adoption was relatively shorter throughout the time period.  While this is an indirect measure of store size, the result is nevertheless consistent with faster adoption by relatively larger firms of innovations offering potential scale economies.  The coefficient for whether or not the company is a national chain is negative and statistically significant at the ten percent level for the first vintage. As implied in section 2, there is anecdotal evidence that greater access to financial resources may have allowed large chains greater opportunity for experimentation with new technologies relative to local and independent retailers.
 
Of more importance to the main point of the paper are the effects of real per-capita income, household size, the stock of prior adopters, and the presence of an item-pricing law.  We find that real per capita income is statistically significant and inversely related to time of adoption of the first vintage while positively related for the third vintage.  As hypothesized, a technology that decreases consumer time costs should appeal more to individuals with relatively higher income.  On the other hand, cost saving innovations may appeal to firms in markets with relatively more price sensitive consumers.  Our second control for consumer opportunity costs, household size, also had the hypothesized sign for the first vintage.  It was not statistically significant for the third vintage.

The stock of rivals that had already adopted is positively related to the time before first adoption.  The magnitude of this coefficient, however, is significantly lower for the third vintage relative to that of the first vintage.  As noted earlier, the rapid diffusion of this technology between 1985 and 1994, however, implies that increased cost-saving improvements in the technology most likely resulted in a change in the sign of this variable for vintages of this technology introduced after 1985.  As a result, the inverse relationship between the stock of adopters and time before first adoption generally found in the literature for cost savings innovations was likely to have become evident eventually.  However, as hypothesized for the time period of our study, the main impact of the technology on quality directly observable by consumers resulted primarily in market segmentation and delays in adoption as the initial stock of prior adopters increased.
As suggested by the anecdotal evidence of section 2, state item-pricing laws slowed the adoption of the third vintage but had no effect on the diffusion of the first vintage.  Consumer resistance to buying products without marked prices initially delayed the potential for cost savings from dropping prices on each item making these laws redundant at first, but that this resistance decreased over time.  As a result, we are not surprised to find that the coefficient for a dichotomous variable for the six states that passed laws requiring stores to mark prices for each unit is not statistically significant early in the time period.  

The scale parameters reported in Table 3 are positive and statistically significant in all cases, indicating, as expected, that the baseline hazard increased with time and that the special case of the exponential model is not appropriate in this case. The main reasons for the positive baseline hazard are the decline in the price of the scanner technology, increased development of store processor capacity and software, and a growing acceptance by consumers of the accuracy of the scanners in recording prices.      

4.3 Robustness Tests
We follow Mulligan and Llinares and Karshenas and Stoneman in verifying the sensitivity of the results to the information that the companies had at time t concerning the adoption decisions of their rivals.  Our data on adoptions is on a monthly basis.  The results presented in Table 3 are based on the assumption that each company knew at time t whether or not its rivals had adopted by time t-1.  From industry sources we know that installation time required less than a week, however we have no information concerning the amount of time prior to installation before a binding decision is made and known by rival companies.  In order to check for the sensitivity of the results to this assumption, we re-estimated all of our models again with two different assumptions of perfect foresight concerning the adoption decisions made by their rivals at t and at time t+1. We find, however, that the results are not sensitive to this assumption. The results are identical to the models estimated with prior adoptions both with and without firm market share.
5. SUMMARY AND CONCLUSION
Researchers doing empirical diffusion studies face a potential dilemma.  They need a long enough time period in order to estimate their model, but the underlying technology could change in significant enough ways to affect their results.  This problem is especially likely for innovations that not only affect the cost of providing the service but also service quality.  While cost-saving innovations may be apparent to consumers through lower prices if competition forces firms to pass on cost savings to consumers, innovations in service quality are more directly observable by consumers.  
In this paper we analyzed the diffusion of the first generations of point-of-sale optical scanner technology in supermarkets.  The earliest generations primarily lowered service time and differentiated the quality of service in local supermarkets.  While processing speed did improve with subsequent vintages, the marginal improvement in service speed decreased relative to the pace of improvements in processor capacity and software. For this reason, we hypothesized and found that the first vintage of optical scanner technology diffused in a way similar to that reported recently by Mulligan and Llinares for high-speed detachable chairlifts given its primary impact on service speed, while later vintages eventually followed a diffusion process closer to that implied by the large theoretical and empirical literature that focuses on purely cost-saving innovations. 
Although product differentiation as a motive for adoption of new technologies appears in the theoretical literature, there is little evidence in the empirical literature focusing on the diffusion pattern for innovations that target consumer time costs.  Given the importance of the service sector and consumers’ concerns over the time costs associated with delays at airports, restaurants, stores and the like, understanding the difference in the diffusion patterns of time saving and purely cost-saving technology is an important issue for study.  
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TABLE 1

EXPLANATORY VARIABLES

	Number of Competitors 


	The number of competitors in the market at time t (defined as companies that are leading chains in the market and/or cooperative groups) in the SMSA (SN Distribution Study, various volumes).

	Chain Store 
	A dichotomous variable with a value of 1 if a leading chain in the SMSA in 1974, 0 otherwise (SN Distribution Study, various volumes).

	Firm Market Share
	The firm's market share at time t (i.e., percentage of market's grocery store sales) (SN Distribution Study, various volumes).

	Household Size
	Average household size defined as total population in the SMSA over total number of households in the SMSA (SN Distribution Study, various volumes).

	Four- Firm Concentration Ratio
	The four-firm seller concentration ratio at time t (SN Distribution Study, various volumes).

	Real per capita Effective Buyer Income
	Real per capita effective buyer income in the SMSA at time t (SN Distribution Study, various volumes).

	Square Feet per Checkout(n)
	Average square feet per checkout expressed as the ratio of average selling square feet in the SMSA to the average number of checkouts in the SMSA at time t, with n fixed 1975, 1978, and 1979 (Market Scope, various volumes).

	Stock of Prior Adopters 
	The number of rival companies that adopted the innovation in the SMSA by time t-1 (Scanning Installation Up-Date, FMI, various volumes).

	State with Item Pricing Law 
	A categorical variable defined as 1 if the state passed a law, 0 otherwise.  (U.S. Department of Labor, Bureau of Labor Statistics).


TABLE 2A: Life Table Survival Estimates for Vintage 1 (First 53 Months)

	 
	 
	 
	 
	Effective
	 
	 
	 

	Interval
	Number
	Number
	Sample
	
	
	

	[Lower,
	Upper)
	Failed
	Censored
	Size
	Survival
	Failure
	Hazard

	0
	5
	2
	0
	561
	1
	0
	0.000714

	5
	10
	0
	0
	559
	0.9964
	0.00357
	0

	10
	15
	2
	0
	559
	0.9964
	0.00357
	0.000717

	15
	20
	1
	0
	557
	0.9929
	0.00713
	0.000359

	20
	25
	2
	0
	556
	0.9911
	0.00891
	0.000721

	25
	30
	3
	0
	554
	0.9875
	0.0125
	0.001086

	30
	35
	5
	0
	551
	0.9822
	0.0178
	0.001823

	35
	40
	2
	0
	546
	0.9733
	0.0267
	0.000734

	40
	45
	3
	0
	544
	0.9697
	0.0303
	0.001106

	45
	50
	8
	0
	541
	0.9643
	0.0357
	0.00298

	50
	54
	4
	529
	268.5
	0.9501
	0.0499
	0.003752

	 
	 
	32
	529
	 
	 
	 
	 


TABLE 2B: Life Table Survival Estimates for Vintage 3 (53 Months)

	 
	 
	 
	 
	Effective
	 
	 
	 

	Interval
	Number
	Number
	Sample
	
	
	

	[Lower,
	Upper)
	Failed
	Censored
	Size
	Survival
	Failure
	Hazard

	0
	5
	54
	0
	561
	1
	0
	0.020225

	5
	10
	28
	0
	507
	0.9037
	0.0963
	0.011359

	10
	15
	25
	0
	479
	0.8538
	0.1462
	0.010718

	15
	20
	21
	0
	454
	0.8093
	0.1907
	0.00947

	20
	25
	19
	0
	433
	0.7718
	0.2282
	0.008973

	25
	30
	7
	0
	414
	0.738
	0.262
	0.00341

	30
	35
	11
	0
	407
	0.7255
	0.2745
	0.005479

	35
	40
	21
	0
	396
	0.7059
	0.2941
	0.010895

	40
	45
	23
	0
	375
	0.6684
	0.3316
	0.012655

	45
	50
	25
	0
	352
	0.6275
	0.3725
	0.014728

	50
	54
	10
	317
	168.5
	0.5829
	0.4171
	0.015291

	 
	 
	244
	317
	 
	 
	 
	 


FIGURE 1 

LIFE TABLE PLOTS OF SURVIVAL FUNCTIONS FOR VINTAGES 1 AND 3

(53 MONTHS)
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TABLE 3

LOG-LINEAR PARAMETRIC MODEL (WEIBULL DISTRIBUTION) 
(Coefficient, Standard Error, and Mean Value)
	Variable
	Entire Time Period 


	Vintage 1 


	Vintage 3 



	Constant
	3.01**

(0.29)
	13.59**

(1.61)
	 -2.86**

(1.19)

	Number of Competitors
	-0.02**

(0.003) 

14.76
	-0.06**

(0.01) 

15.65
	-0.05**

(0.01) 

14.41

	Chain Store

(Yes = 1)
	0.02

(0.036) 

0.55
	-0.18*

(0.10) 

0.54
	-0.08 

(0.13)

 0.55

	Household

Size
	-0.13**

(0.066) 

2.77
	-1.06**

(0.37) 

2.80
	-0.14

(0.2739) 

2.76

	Four-Firm Concentration Ratio
	0.012**

(0.001) 

67.88
	-0.007

(0.005)

65.20
	  0.03**

(0.005) 

69.11

	Real per capita Effective Buyer Income
	0.022**

(0.002) 

115.05
	-0.03**

(0.01)

100.36
	  0.07**

(0.008) 

118.45

	Square Feet per Checkout
	-0.003**

(0.0003) 

331.54
	-0.008**

(0.001) 

328.89
	 -0.008**

(0.001) 

284.05

	Stock of Prior Adopters 
	0.028**

(0.004) 

9.17
	 0.42**

(0.06) 

2.54
	  0.11**

(0.02) 

7.91

	State with Item Pricing Law 

(Yes = 1)
	0.15**

(0.05) 

0.30
	-0.05

(0.12) 

0.29
	 0.65**

(0.19)

0.31

	Scale Parameter
	0.27**

(0.01)
	0.35**

(0.04)
	0.88** 

(0.05)

	 Observations
	521
	538
	503

	Log Likelihood 
	-240.9
	-130.6
	-474.5


**Statistically significant at 5 percent level

*Statistically significant at 10 percent level
� According to Hall and Khan (2003) “It seems natural to imagine adoption proceeding slowly at first, accelerating as it spreads throughout the potential adopters, and then slowing down as the relevant population becomes saturated.” 





�See Sarkar (1998), Geroski (2000), Karshenas and Stoneman (2002) and Hall (2003) for detailed surveys of this literature. See, also, Rogers (2003) for an appreciation of the extent of the work in this area both in economics and other social sciences. 


� According to Sarkar, “one ideally needs a data set on complete life histories of the population of potential adopters, as well as the characteristics of a well-defined new technology over a sufficiently long period of time since its inception.  Such ideal data sets have been relatively rare, and in particular, disaggregated data on the adoption of new technologies have been scarce.” (Sarkar, 156-157).


� Between 1978 and 1980 the number of items carrying bar codes increased from approximately 66 to 92 percent primarily due to the scanner’s increasing ability to read smaller bar codes.





� For example, Ralphs, a Southern California Supermarket chain, advertised in 1980 “the end of the line”.  The manager of the Ralphs’ Pasadena store at the time was quoted as follows, “we are saying that you should be able to walk to a checkstand and at worst be the second person there” (Data Processor, 7).  According to a March 27, 1978 Fortune article, “Grocers who introduce the system are consistently witnessing abrupt jumps in volume---as high as 25 percent---and the higher sales persist long after the novelty has worn off.  An automated checkout lane is faster than a manual one, of course, and customers like the itemized receipt that the machine provides” (Coyle, 76).





� Our information concerning these earlier IBM models comes from Mr. Scott Fortenberry of IBM.  





� According to the August 17, 1981 Business Week article, entitled “Supermarket Scanners Get Smarter,” “demand for the supermarket scanning systems has been picking up briskly.  Nearly 4,000 supermarkets in the U.S. and Canada are now equipped with scanning equipment—a 168% jump over the total of just 18 months ago.  The reason for this popularity is simple: By using a laser to read the Universal Product Code printed on each grocery item, the scanners can speed customer checkout and eliminate the costly and time-consuming process of manually stamping prices on each item.  But vendors are beginning to realize that their machines must do more than just tally prices if they want to keep up their sales momentum.  To spur scanner sales, manufacturers are rolling out new software programs that will enable a point-of-sale system to take on such sophisticated management functions as calculating the most profitable cuts of meat and keeping track of inventories-as well as automatically reordering when supplies are low” (Business Week, 88).  





�We estimated a semi-parametric Cox Proportional Hazards model with essentially identical results.  While a Cox model places no restriction on the baseline hazard function, a parametric model indicates how the baseline hazard changes over time.  Karshenas and Stoneman (1993), for example, found that the baseline hazard in their case increased over time and argued that this offered some evidence of an epidemic effect of increased informational flows over time. As a result, a properly specified parametric model is preferred for diffusion studies.  


� While the price of the technology is a part of some diffusion studies, this information is not always available.  We do have anecdotal information concerning the cost of optical scanners that suggests that the price did drop over time.  For example, in 1978 NCR apparently lowered its price by 20 percent (Fortune, 76-77).  According to an August 17, 1981 Business Week article, “NCR is rolling out a new generation scanner system that costs 20% less than its older models and has computer processor that provides all of the features of the current systems” (Business Week, 91).  





� Earlier work expanded on the Griliches model by showing that a diffusion pattern of unequal adoption dates may result even with otherwise identical firms and identical consumers for specific innovations.  See for example, Reinganum (1981 and 1983) and Fudenberg and Tirole (1985).


�The IBM 3687 was developed for use with IBM’s Model 3683 supermarket checkout terminal (Fistell, 35).  According to Mr. Parsons who was a store manager of Acme in the Philadelphia during this period, one would have to upgrade the entire scanning system including the scanner to take advantage of improvements in the store processor.





� Ours is not the first analysis of the diffusion of optical scanners.  Levin, Levin, and Meisel (1987) considered a shorter diffusion time period and implicitly assumed an unchanging technology over time.





� According to Fortune magazine, "for a typical new store, an entire scanner-equipped checkout system costs from $110,000 to $130,000, or at least $11,000 per lane” by 1978.  


� The manager of the Pasadena Ralphs’ store was quoted in 1980 as saying, “With scanners, we’ve been able to cut down from 12 checkouts to nine while still getting customers through at least 20 percent faster than before.  And, as any chain-store executive will tell you, customers view the length of the lines second only to price when they decide where to shop” (Data Processor, 7).


� There is ambiguity in the empirical literature about the impact of other measures of competition, such as the four-firm seller concentration ratio. For example, Hannan and McDowell (1987) and Karshenas and Stoneman (1993) have different results.  


�Albany, NY; Atlanta, GA; Baltimore, MD; Birmingham, AL; Boston, MA; Chicago, IL; Cincinnati, OH; Cleveland, OH; Columbus, OH; Dallas/Ft. Worth, TX; Denver/Boulder, CO; Detroit, MI; Ft. Lauderdale/Hollywood, FL; Houston, TX; Los Angeles/Orange, CA; Miami, FL; New Orleans, LA; New York, NY; Newark, NJ; Philadelphia, PA; Phoenix, AR; Pittsburgh, PA; Portland, OR; Rochester, NY; Sacramento, CA; San Antonio, TX; San Diego, CA. These 27 SMSAs are randomly chosen from all over the country and are consistently in the top 50 SMSAs during the study period.


� While we know how many of a company’s stores have adopted each vintage, we are unable to determine where each store was located within the SMSA.


� The SN Distribution Study does not have data for the year 1977.


� We have used the closest available data on the average selling square feet per checkout in the SMSA (that is, 1975 for the full sample and first vintage and 1979 for the third vintage).





�We have limited data on firm’s local market shares.  Despite a large drop in the number of observations (for example, from 538 to 248 for the first vintage when firm market share is included as a separate covariate, the results are nearly the same.  While all of the other coefficients retain their statistical significance, the coefficient for the variable indicating whether or not the company is a large national chain is no longer statistically insignificant at the 10 percent level.
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