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Website Morphing 2.0: Technical and Implementation Advances Com-
 bined with the First Field Experiment of Website Morphing
 Abstract
 We develop and test an improved algorithm for website morphing that, in some situa-
 tions, can double the improvement of the current algorithm. The technical improvements, which
 nest the current algorithm, allow all morphs (not just the last morph) to affect customers’ pur-
 chases, allow for a cognitive penalty for switching, allow for more than one morph per customer,
 and choose when to morph endogeneously. Judicious modeling makes an otherwise intractable
 path-dependent optimization feasible in real time. Implementation improvements include a Gen-
 2 website designed from the ground up to enhance Bayesian updating with sufficient variation
 among click alternatives, an attempt to define customer segments based on cultural as well as
 cognitive styles, and implementation in Japanese. The revised algorithm is tested with synthetic
 data to examine whether it is robust with respect to required tuning parameters. It is then imple-
 mented in the first test-vs.-control field experiment for website morphing. Prior proof-of-concept
 tests used synthetic data based on a priming study. The field implementation improved consider-
 ation, preference, and purchase likelihood for Suruga Bank’s card loans relative to a static web-
 site.
 Keywords: Automated marketing, Bayesian methods, clickstream analysis, cognitive costs,
 cognitive styles, cultural styles, dynamic programming, field experiments, Internet
 marketing, optimization, switching costs, website design, website morphing.
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 1. Website Morphing 2.0
 Website morphing customizes the look and feel of a website to each customer so that,
 over a series of customers, revenue or profit are maximized (Hauser, Urban, Liberali and Braun
 2009, hereafter HULB). Technically, website morphing combines Bayesian inference and opti-
 mal dynamic experimentation. The first proof-of-concept empirically-based simulation used four
 ipsative cognitive-style scales to define 16 customer segments and three binary characteristics to
 define eight “morphs” for a total of 128 potential combinations.
 Bayesian inference. Given a series of clicks (from customers actively using the website),
 website morphing identifies the customer’s segment. After each observation period (could be af-
 ter every click), Bayes Theorem provides the best posterior estimate of the probabilities that the
 customer belongs to each customer segment. Bayesian inference requires exogenous estimates of
 the probabilities that customer in a each segment would choose each of the available clicks with-
 in each of the morphs. The practical solution is a priming studying to identify these click prefer-
 ences.
 Optimal dynamic experimentation. Assuming the website knew each customer’s cogni-
 tive-style segment, website morphing requires that we learn and assign the best morph for each
 customer segment. A dynamic program determines the best tradeoff between trying new morphs
 to learn about their effectiveness (exploration) and using the morph that, given current
 knowledge, maximizes expected revenue (exploitation). The optimal solution uses a method
 known as “Gittins’ indices.” Bayesian inference and optimal dynamic experimentation is coupled
 by using the expected value of the indices, where the expectation was based on the Bayesian es-
 timates.
 To develop a workable website morphing 1.0, the authors made many tradeoffs.
 the morph-point was chosen arbitrarily. The first 10 clicks were used for Bayesian infer-
 ence and the website always morphed after the 10th
 click.
 o the algorithm assumed that only the final morph mattered,
 o the impact of the first 10 clicks was ignored,
 o there was no penalty to switching,
 o the website morphed at most once per customer.
 website design required tradeoffs
 o Gen-1 implementation focused on substantial variation among morphs. This
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 tradeoff focused the algorithm on finding segment x morph matches (versus one
 morph fits all),
 o Gen-2 implementation was proposed but not tested. Gen-2 focuses on substantial
 variation among click alternatives to enhance the effectiveness of using Bayesian
 inference to identify segments.
 website morphing was tested with synthetic data (simulation)
 o improvements were projected from priming-study data
 o Gen-2 improvements were assumed
 o test-vs.-control field experiments were left to future research.
 Despite these limitations, the results were promising. Assuming a Gen-2 website could be devel-
 oped, website morphing 1.0 would increase BT Group’s sales by approximately 20%.
 In this paper we develop and test website morphing 2.0. (In some instances, the 2.0 algo-
 rithm can double the improvement in revenue.)
 technical improvements,
 o we choose when to morph for each customer endogenously (motivation below);
 o all morphs seen by the customer affect the customer’s purchases;
 o we allow for a cognitive penalty for switching among morphs;
 o we allow for more than one morph change per customer.
 implementation improvements
 o we implement a Gen-2 website;
 o we attempt to define customer segments based on cultural styles (as well as cogni-
 tive styles).
 test-vs.-control experiment
 o we provide the first field experiment of website morphing vs. a static website;
 o we implement the website morphing 2.0 algorithm;
 o we provide the first Japanese-language application of website morphing.
 The next section reviews briefly website morphing 1.0. Following sections propose new
 models of customer behavior, derive the 2.0 algorithm, examine robustness and compare perfor-
 mance to the (nested) 1.0 algorithm, describe the implementation improvements, and examine a
 Suruga Bank field test. We close with a discussion of the potential for further research to address
 theoretical and practical problems that remain unsolved.
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 2. Brief Review of Website Morphing 1.0
 This section presents an abridged version of website morphing 1.0. We focus on the con-
 ceptual issues rather than the technical details. We endeavor to keep notation to a minimum and
 introduce notation only as needed. We summarize the notation we use in Appendix 1.
 2.1. Morphs, Customer Segments, and Click Alternatives
 Morphs. Morphs refer to the overall look and feel of a website. For example, the BT
 Group example defined morphs by graphical vs. verbal, small-load vs. large-load, and focused
 vs. general content resulting in 8 = 2x2x2 morphs. Once a morph is selected the look and feel is
 carried to all pages on the website. We denote each morph by . The mathematics were devel-
 oped for website morphing, but apply to any finite set of marketing communications’ options
 such as alternative advertising messages, new products, and deals.
 Customer segments. If it were feasible we would have infinitely many morphs availa-
 ble and give every customer a different look and feel. However, current technology requires a
 relatively small number of customer segments and a relatively small number of morphs. For ex-
 ample, the BT Group customer segments were defined by cognitive styles with varied on leader
 vs. follower, analytic/visual vs. holistic/verbal, impulsive vs. deliberative, and (active) reader vs.
 (passive) listener. Ipsative scales resulted in 16 = 2x2x2x2 cognitive-style segments. We denote
 each customer segment by . The mathematics are not limited to cognitive styles. For example,
 an automotive manufacturer implemented banner-advertising morphing by using both cognitive
 styles and the stage of the customer’s search process (collecting information, comparing vehi-
 cles, committing to purchase).
 Click alternatives. As a customer experiences a morph, the customer explores the web-
 site choosing what to click on next. For example, a BT Group customer might choose to view a
 graph that compares the prices of broadband providers or listen to an recommendation by a vir-
 tual advisor. Each click reveals something about a customer’s preferences and, hence, enables
 the algorithm to infer the customer’s segment. The website designer is free to choose any set of
 click alternatives and may choose to ask questions of customers. Questions must be chosen judi-
 ciously; too many questions adds friction to the website and reduces the probability of a sale
 (Morelli 2002). For example, measuring cognitive styles directly requires 13-20 semantic ques-
 tions (e.g., HULB, p. 213; Novak and Hoffman 2009, p. 60) and would likely create much web-
 site friction which, in turn, would reduce sales. (We investigated the side issue of whether cus-

Page 6
						

Website Morphing 2.0
 4
 tomers would opt-in to a questionnaire that measured cognitive and cultural styles directly. Less
 than 5.8% did even though they received compensation for participating in the study. In the field
 fewer customers would voluntarily complete such a questionnaire.)
 Preferences for click alternatives. Website morphing 1.0 assumes that preferences for
 click alternatives are measured exogenously. A priming study measures these preferences. Paid
 respondents explore one randomly-chosen morph each. To assign each customer to segment ,
 the priming study uses an extensive set of cognitive scales. With these data we use standard logit
 analyses to estimate preferences for click alternatives conditioned on the customer belonging to a
 segment.
 Because there are thousands of click alternatives in a website, the dimensionality of the
 estimation problem is reduced by describing the click alternatives with measureable variables
 that include basic cognitive dimensions, functional characteristics, and website subareas. As in
 conjoint analysis and other decomposition methods, website morphing estimates preferences
 among click alternatives as a function the characteristics of the click alternatives. The mapping is
 assumed not to depend on the more-global cognitive environment of the overall morph. We
 maintain HULB’s modeling approach for preferences among click alternatives.
 2.2. Choosing the Optimal Morph When We Know the Customer Segment
 Let index the number of previous customers who have visited the website. Intuitively,
 if we do a reasonable amount of experimentation then as gets very large we expect to learn
 with high precision the probability, , that a customer in segment who experienced morph
 will make a purchase. For small our beliefs about are more diffuse. HULB model these
 beliefs with a beta distribution. As each new customer visits the website and is shown a morph,
 the customer either purchases or does not. Each new datum updates beliefs. When the customer’s
 segment is known, the Bayesian updating of the naturally-conjugate beta distribution (for bino-
 mial trials) is analytic. By starting at with a prior distribution and observing purchases,
 Bayes theorem provides posterior distributions for after the customer. For clarity, call
 this posterior distribution .
 The Markov decision problem, which can be solved separately for each segment , is to
 choose which morph to give to the customer. If were very precise we might
 simply pick the morph that maximizes the expected value of . However, when is
 less precise we might want to try a different morph, , to learn more about even if the
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 expected value of trying is not as high as the maximum-expected-value morph. The value of
 future payoffs might outweigh what we lose by choosing for the customer. This prob-
 lem in optimal experimentation, once thought unsolvable, is solved simply with a technique
 known as a Gittins’ index. For every (for every ) there exists an index that is a function of
 only the parameters of and a discount rate. The optimal policy is to choose the morph
 with the largest Gittins’ index, where the Gittins’ index, , is obtained as the solution to a
 Bellman equation (HULB Eq. 1, p. 208 ).1 As , . This limiting behavior
 confirms our intuition that for very large we choose the morph that provides the highest ex-
 pected purchase probability. Because the Gittins’ index solution is optimal, it provides higher
 discounted rewards than any other type of experimentation, including a strategy of setting aside
 the first customers to estimate .
 2.3. Obtaining Posterior Probabilities for Customer Segment Membership
 To avoid website friction from excessive directed questions, website morphing infers
 cognitive styles from the clicks that customers make while they search the website. Each click
 made by a customer is a choice from among many click alternatives. Because customers in dif-
 ferent segments vary in their preferences for click alternatives, website morphing uses custom-
 ers’ click-alternative choices to infer their segment membership. Because click-alternative pref-
 erences are determined exogenously in the priming study, the inference task is an application of
 Bayes Theorem (HULB, Eq. 5, p. 211). Denote the click observed for the customer by
 and denote the vector of clicks up to and including the click by .
 Bayesian inference provides posterior values for the probabilities, , that the custom-
 er belongs to the segment.
 2.4. Coupling Choosing a Morph with Bayesian Inference
 When membership in a customer segment is not known with certainty, the dynamic pro-
 gram no longer has a simple analytic solution. However, Krishnamurthy and Michova (1999)
 propose and test a simple heuristic that achieves solves the partially-observable Markov decision
 process (POMDP) with close to 99% of optimality. HULB adapt their method. They choose the
 (near) optimal morph with an index computed by taking an expectation of Gittins’ indices
 1 The intuition behind Gittins’ indices is that, for each “arm” in a bandit process, a certain-reward can be calculated
 such that the decision maker is indifferent between accepting the certain reward and playing the “arm.” The certain
 reward becomes the index and the decision maker chooses the “arm” with the largest index. Gittins’ arm-specific
 Bellman equation is solved numerically to find the certain reward.
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 ( ) over customer segments using the segment-membership probabilities ( ’s). This
 expectation is called the expected Gittins’ index and is denoted by . After each customer’s
 purchase opportunity, they use a pseudo-likelihood method to update the Gittins’ indices for all
 and for the shown to customer . Synthetic-data experiments demonstrate that this expected-
 Gittins’-index algorithm performs quite well relative to a variety of alternatives including ran-
 dom assignment and no morphing (HULB, Table 1, p. 212).
 3. Algorithmic Improvements: Key Assumptions
 Website morphing 1.0 is based on an arbitrary decision to morph after the 10th
 click.
 HULB justified this decision with an assumption that the number of clicks after the 10th
 click
 was sufficiently large so as to dominate the impact of the first 10 clicks. Although the average
 priming-study respondent clicked more than 10 times and 10% of the respondents clicked more
 than 30 times, this assumption was never tested. Morphing on the 10th
 click assumed implicitly
 that there were no switching costs. This assumption was necessary because the Gittins’ solution
 requires that switching costs are zero (Banks and Sundaram 1994). Without special structure the
 optimization problem becomes NP complete in the presence of switching costs (e.g., Niño-Mora
 2008, p. 1; Jun 2004, p. 526). The 10th
 click switch avoided this intractability.
 We relax HULB’s assumptions and allow the algorithm to choose when to morph. The
 improved algorithm does not require morphing and it allows for multiple morphs. Before we de-
 rive the revised algorithm we expand our model of customer behavior. Although switching costs
 have been well studied, website morphing is relatively new. We chose parsimonious functional
 forms that we hope capture the essence of the phenomena we seek to model. To the extent that
 these models can be improved, the empirical test with Suruga Bank, which incorporates these
 models, is conservative. Future elaborations might improve website morphing further.
 3.1 Assumption 1. Switching Costs
 There is an extensive literature in psychology and marketing on the cognitive cost of
 switching. Papers in psychology, beginning with Jersild (1927), generally study the cognitive
 cost of completing a task, with switching costs higher when the tasks require like stimuli (Spec-
 tor and Biederman 1976). For example, Meiran (2000) establishes that switching among methods
 of response in a computer task imposes cognitive loads on respondents. In marketing, switching
 costs are well-established in many sales contexts (e.g., Weiss and Anderson 1992) and appear to
 apply as well for cognitive costs (Jones, Mothersbaugh, and Beatty 2000, 2002). In their re-
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 search, cognitive switching costs affect purchase intention. For websites Balabanis, Reynolds
 and Simintiras (2006, p. 217) suggest that “cognitive search costs in online shopping environ-
 ments can be significant” and Johnson, Bellman and Lohse (2003, p. 63) report that “perceived
 switching costs … create a cognitive `lock-in’” for websites. In our applications we hypothesize
 that the cognitive costs of switching morphs reduce the benefit of matching a website’s look and
 feel to a customer segment.
 The cost of switching is most salient with an advertising-morphing example. Suppose
 that after the click, posterior probabilities suggest that the customer is in the “commit-
 ting” stage of his or her search process. The expected Gittins’ indices might suggest that the ban-
 ner advertisement offer a $2,000 rebate on a target automobile. Now suppose that the next few
 clicks update posteriors such that the customer is more likely to be in the “comparing” stage.
 Suppose that the expected Gittins’ indices now suggest a competitive test drive. If we morphed
 to a competitive-test-drive offer from a rebate offer, the customer would be frustrated when the
 rebate is withdrawn. A competitive test drive is less effective after the switch from a rebate than
 it would have been before the customer was offered a rebate. It is this path dependence that
 makes switching-cost optimization problems NP complete.
 Switching costs for morphing the BT Group website (HULB) or the Suruga Bank website
 (this paper) are less dramatic, but still real. Even if the customer prefers an all-text website, he or
 she may be less enthralled with the look and feel of an all-text website after getting used to a
 website with many pictures and graphs. For advertising morphing we expect large switching
 costs; for website morphing we expect smaller, more subtle switching costs.
 There are many ways to model switching costs—see §3.5 for alternatives. For our initial
 we penalize the expected purchase probabilities by an exogenous application-dependent factor,
 , that is applied each time a switch occurs. We choose a multiplicative factor for many reasons.
 (1) A multiplicative factor has the logical property that revised purchase probabilities remain
 bounded between 0 and 1 – this would not be the case with an additive factor. (2) We expect
 larger absolute reductions in choice probabilities when is close to 1.0—a change in morph
 can disrupt this sale. We expect lower absolute reductions when is close to 0.0—a change
 in morph may have a smaller absolute penalty for such customers. A multiplicative switching
 cost has these properties. (3) The multiplicative assumption approximates a random-utility model
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 in which we subtract the cost from the utility of a purchase.2 (4) A multiplicative formulation
 makes a difficult optimization feasible. Although the formulation implies that costs are concave
 in the number of switches, empirically, we find customers experience one or fewer switches 84%
 of the time and two or fewer switches 97% of the time.3
 When we have no switching costs and thus nest the 1.0 algorithm in the 2.0 algo-
 rithm. §5 examines robustness with respect to the chosen value of .
 3.2. Assumption 2. The Impact of Being Exposed to Multiple Morphs
 HULB assume that only the last morph affects purchase probabilities. However, suppose
 that the system morphs after the 10th
 click and the customer makes a purchase decision after the
 20th
 click. There is no reason to assume that the first 10 clicks have no impact relative to the last
 10 clicks. They may have more impact (primacy), less impact (recency), or equal impact. To al-
 low for these various assumptions we assume that when customers see multiple morphs we can
 assign weights, , to clicks to account for the differential impact of early vs. late morphs. (§3.5
 discusses other assumptions.) Setting for all implies equal impact. Setting equal to
 an increasing (decreasing) function of assigns greater impact to later (earlier) morphs.
 Let be the vector of these weights. In equation form, if a customer sees morph at
 the click, then we modify the expected purchase probability at the end of the visit (prior to
 switching-cost adjustment) as follows:
 (1) ∑
 When convenient we normalize the impact weights so that they sum to 1.0 over clicks.
 Equation 1 nests HULB if all equal to zero for and if for all .
 §5 examines robustness with respect to the chosen value of .
 3.3. Assumption 3. Variation in the Number of Clicks for Each Customer’s Visit
 Some customers find the information they need quickly, make a purchase decision, and
 exit the website. Other customers visit many areas of the website gathering extensive information
 and leave later. We cannot assume, nor do the data support, an assumption that all customers stay
 2 For example, in a logit model we would subtract a constant from the utility of BT Group’s broadband service, but
 not the alternatives. For typical BT Group purchase probabilities the approximation differs by only a small amount. 3 Based on the Suruga Bank experiment. The percentages are slightly endogenous because the experiment tests the
 algorithm, but, at minimum, they suggest internal consistency.

Page 11
						

Website Morphing 2.0
 9
 for all observation periods. The number of clicks does not seem to be particularly correlated with
 either the morph given or the purchase probability, but rather reflects the (unobservable) infor-
 mation needs of the customer.
 We model expected exit as a random variable that is constant across customers. We as-
 sume that, prior to the click, our best estimate that the customer will leave is a constant prob-
 ability, . For example, before we observe the first click we expect the customer to leave after
 that click with probability , to leave after the second click with probability , to
 leave after the third click with probability , and so on. For each possibility,
 we then normalize the effective impact weights, , to account for the number of clicks before
 exit. This assumption implicitly nests HULB who assumed that customers stayed for sufficiently
 many clicks after the 10th
 click so that only the final morph affected purchase probabilities.
 While there is no theory to guarantee that for all , the data in the empirical test (§7)
 suggest that is a reasonable model of observed behavior (regression ,
 ).
 3.4. Selecting Values for Impact Weights, Switching Discount, and Exit Probabilities
 The switching discount ( , the impact weights ( ), and the exit probabilities ( ’s) are
 tuning parameters in the improved algorithm and must be selected before the algorithm is used to
 morph a website. In theory, these parameters might be selected with a pre-experiment that varied
 randomly combinations of morphs and the timing of those morphs. Such an experiment would
 require substantially larger sample sizes than the 500-1,000 customers that are typical for a prim-
 ing study. Managers at Suruga Bank judged that the substantial added expense of a pre-
 experiment was not justified by the potential benefit of more accurate estimates of these parame-
 ters. We agreed. They employed managerial judgment to select , , and (e.g., Little 1970).
 Subsequent robustness checks (§5) support their decision. Nonetheless, such experiments remain
 a fruitful area for future empirical research.
 3.5. Alternative Assumptions
 Making the decision on when (whether, how often) to morph is a challenging optimiza-
 tion problem. We must solve the problem optimally or near optimally, and we must do so in real
 time between customer clicks. Modeling switching costs, impact weights, and exit probabilities
 with separable functions enables rapid solutions. We believe our assumptions are simple, realis-
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 tic, matched well to the data available in website-morphing applications, reasonable first-order
 approximations, and (for impact weights) flexible. However, other assumptions are possible.
 For example, we might make an increasing function of the clicks before a switch and a
 decreasing function of the clicks after a switch; we might allow which vary by the
 combination of morphs in a switch; or we might allow to depend upon the number of prior
 switches. ( is the number of morphs available—8 for the BT Group, 4 for Suruga Bank.) All
 website morphing applications to date used clicks rather than clock time because clock time adds
 unobserved variance due to network speed, distractions while browsing, and variations in reac-
 tion time. Although clicks are highly correlated with clock time in our field experiment (
 ), future applications might model both and as functions of clock time rather
 than clicks. Equation 1 might be replaced by a multiplicative or other non-linear function. With
 experience and new optimization solutions we might find one or more of these extensions feasi-
 ble and profitable. For now, we believe our assumptions are reasonable and generalize website
 morphing 1.0. §5 explores parametric robustness.
 4. Algorithmic Improvements: Explicit Endogenous Decisions
 To maximize revenue (or profit) we must select (1) the best segment x morph match and
 (2) when, whether, and how often to switch morphs. Website morphing 1.0 addresses only (1) as
 summarized by the ’s. When, whether, and how often was addressed by arbitrarily switch-
 ing after the 10th
 click. For ease of exposition, we suppress the subscript and summarize
 knowledge of segment x morph matches with . (We argue later why this coupling through
 Gittins’ indices is reasonable.) Finally, we refer to as the observation period allowing web-
 sites to restrict morphing to a smaller number of observation periods. This enables us to general-
 ize the derivation beyond the case where an observation period is exactly 1 click.
 4.1 Dynamic Decision Problem
 Figure 1 illustrates the when-to-morph decision problem for the case where the customer
 makes a purchase (or leaves the website) after four observation periods. (The theory applies
 when the number of observation periods is a random variable; four morphs is just an illustration.)
 Specifically, during observation period the website displays morph . The respondent makes
 clicks, , while exploring the website and we update our beliefs about the customer’s segment,
 Using the new information, and anticipating more information from subsequent decision
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 periods, we decide which morph, , to display in the next decision period. To keep track of
 morph changes, we define as an indicator variable such that if we change to
 morph in period . With this notation, the total number of morph changes is
 ∑ . We represent the purchase decision by if the customer makes a purchase and
 is the customer does not make a purchase.
 Figure 1 illustrates the basic dilemma. The longer we wait to morph, the more clicks we
 observe. More clicks enable us to identify better the customer’s segment and, hence, the best
 morph. However, when early-morph experience affects purchase probabilities, we want to get to
 that best morph as rapidly as feasible. The problem is compounded because switches are costly.
 Figure 1
 When-to-Morph Decision Problem (Within a Customer, 4-Period Illustration)
 (choose morph (mt) at each decision period to maximize sales, )
 4.2. Formulating a Feasible Bellman Equation
 Optimizing morph decisions for the problem in Figure 1 is challenging. It is even more
 challenging when embedded within optimal experimentation to learn the best morph to assign for
 each customer segment (as in HULB). For example, as Asawa and Teneketzis (1996, p. 329)
 caution: “inclusion of a switching penalty drastically changes the nature of the bandit problem.
 … the optimal policy is not given by an index rule anymore.” Although heuristics exist using
 multiple indices (e.g., Dusonchet and Hongler 2006), the number of indices would explode ex-
 ponentially in a morphing problem were there are, potentially, thousands of costly switches
 (multiple switches for each customer).
 The problem is further compounded when Bayesian updating is used to identify customer
 m1 m2 m3 m4
 N1 = 0 N2 = 0 or 1 N3 = 0, 1, or 2 N4 = 0, 1, 2, or 3
 observe
 clicks
 t = 1 t = 2 t = 3 t = 4
 observe
 clicks
 observe
 clicks
 observe
 clicks
 m1 m2 m3 m4
 purchase
 decision,
 c1qr(c1)’s c2 qr(c1,c2)’s c3 qr(c1,c2,c3)’s c4 qr(c1,c2,c3,c4)’s
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 segments. Each switch in morphs presents new click opportunities which customers choose
 probabilistically based on their (unknown) customer segment and the morph decision. Our best
 estimate of the customer’s purchase probability is based on . This implies we must antici-
 pate how our decisions in observation period affect the observations which update for
 . This problem quickly becomes intractable. We need to finesse the explosion in the num-
 ber of potential click paths. Finally, any solution must take into account that customers leave sto-
 chastically between observation periods.
 Our solution exploits the ability of Gittins’ indices to summarize the rewards from future
 stochastic processes. For the current customer we summarize future decisions, outcomes, and
 Bayesian posterior distributions of by indices. This heuristic strategy is analogous to opti-
 mal solutions in the branching bandit literature (§4.2.5). Conditioned upon using Gittins’ indices
 to summarize the paths for all future customers, we exploit the likelihood principle to simplify
 the optimization of when to morph for customer . Specifically, the best Bayesian estimate of the
 customer’s purchase probabilities after all clicks ( is based on clicks up to and including the
 click ( . The likelihood principle enables us to finesse the explosion in click opportunities
 that is dependent upon our decisions after observation period .
 By coupling the optimal learning of with when to morph for , we obtain a rapid
 solution by replacing repetitive computations with stored results from earlier computations. This
 dynamic program is feasible because the assumptions in §3 lead to a computationally fast Bell-
 man equation. To formulate the Bellman equation, we consider carefully what we know about
 the customer’s segment, when we know it, and how this affects the future.
 4.2.1. Immediate reward. The first simplification comes from Equation 1 which enables
 us to focus on the impact weight, , for period . The second simplification comes from the
 multiplicative nature of switching costs which enable us to factor them out. The third simplifica-
 tion comes when we recognize that, independently of future clicks, our best estimate of the ter-
 minal probabilities, , is In other words, the represent our expectations
 over all future clicks. With these simplifications we write the expected immediate reward,
 , as: 4
 4 Although it might be feasible to formulate a dynamic program without these simplifications, we have not been able
 to formulate one that could be solved sufficiently rapidly.
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 ( ) ∑
 ∑
 4.2.2. Value of continuing optimally. To formulate the value of continuing optimally,
 we need to recognize that the evolution of depends upon the true customer segment.
 However, at period (and even at period ) we are uncertain about the true segment. Thus, we
 have an expectation over for the purchase probabilities, but we also have an expectation
 over for the evolution of .
 To keep track of these expectations, we temporarily write the evolution of the clicks as
 conditioned on . In notation:
 .
 But is not known when we are making the decision at , so we account for this dependence
 for by taking an expectation over this unknown variable at . That is, when computing
 for , the will evolve as they would if the cognitive-style
 segment were . We also recognize that at the start of the decision period, our best esti-
 mate of is , , and the decision is made based on current
 expectations of . With these substitutions, we have:
 {
 ∑
 ∑ [ ]
 }
 Finally, using the multiplicative nature of switching costs we again factor out the effect
 of prior switches, , when choosing because all future ’s are reduced by the same
 factor, . However, we keep track of the ’s for when we compute the conditional
 values, . We now have a computationally rapid Bellman equation.
 (2)
 { ( ∑
 ∑
 )
 }
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 4.2.3. An illustrative example. The most difficult conceptual challenge when using
 Equation 2 is keeping track of what is known and unknown at each period as we choose the op-
 timal path. This is illustrated best with an abstracted problem where the number of decision peri-
 ods is fixed and the segment probabilities evolve in a known manner dependent only on segment
 membership. The illustrative problem in Table 1 has four potential morphs and four customer
 segments. The first panel gives the morph-dependent purchase probabilities at ; the second
 panel gives the expected evolution in the segment probabilities, for In this
 illustration the segment probability evolutions for other true segments are symmetric (and not
 shown in Table 1); the priors remain the same. For this illustrative problem, it is relatively easy
 to represent the Bellman equation in a spreadsheet (available from the authors). Improvements
 vary from 0% to 50%, depending upon the chosen switching costs, impact weights and other as-
 sumptions.
 Prior to any observations, the priors and purchase probabilities slightly favor segment
 and its corresponding best morph . Not surprisingly, before observing any clicks,
 the dynamic program solution begins with . For illustration, suppose that the customer’s
 true segment is , and suppose that all periods have equal impact on the purchase proba-
 bilities. We illustrate the effect of varying switching costs. For this case and with perfect
 knowledge (and no switching costs), the best morph is .

Page 17
						

Website Morphing 2.0
 15
 Table 1
 Illustrative Morph Assignment Problem for the Within-Customer Dynamic Program
 Table for r = 1 r = 2 r = 3 r = 4
 0.39 0.24 0.18 0.16
 0.17 0.45 0.20 0.15
 0.19 0.17 0.34 0.17
 0.20 0.15 0.10 0.36
 Table for r = 1 r = 2 r = 3 r = 4
 t = 0 priors 0.24 0.28 0.24 0.24
 t = 1 0.40 0.20 0.20 0.20
 t = 2 0.64 0.12 0.12 0.12
 t = 3 0.91 0.03 0.03 0.03
 Without perfect knowledge of , the observations, , update the customer’s segment
 probabilities, . In our illustration the posterior probabilities begin to imply that it is more
 likely that the customer’s true segment is . When switching costs are low it is optimal to set
 . On the other hand, when switching costs are more substantial, it is optimal to wait to
 learn more about the customer’s segment before switching. With greater switching costs the dy-
 namic program continues with . We next observe . The new observations update our
 believes about segment membership making more probable. Morph 1 becomes more at-
 tractive for this customer so the dynamic program switches to in the third period. How-
 ever, when switching costs are substantially larger ( smaller) it becomes optimal to wait longer
 to change morphs. In fact, if switching costs are extremely large, it is never optimal to change
 morphs. For example, the optimal solution of the illustrative example implies the following op-
 timal paths for the indicated switching costs:
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 We also examine sensitivity to the impact weights. For example, if later periods have
 larger impact weights it is optimal to wait longer to change morphs. Changing to {0.00, 0.25,
 0.25, 0.50} from {0.25, 0.25, 0.25, 0.25} makes it optimal to continue in morph 2 one period
 longer. If the last period dominates ( {0.00, 0.00, 0.05, 0.95} we approach the assumptions
 of HULB and it is optimal to wait until the dominant last period. Other sensitivity analyses sug-
 gest that the optimal solution behaves as we might expect intuitively: (1) with more-rapid learn-
 ing the dynamic program changes morphs earlier and (2) with increased rewards for continuation
 beyond period 4 the dynamic program changes morphs later. In summary, the optimal solutions
 quantify the when-to-morph decision and do so with face validity. Furthermore, because the as-
 sumptions in §2.2 and §2.3 nest website morphing 1.0, the solutions revert to those in HULB un-
 der appropriate values of and . (We have not modeled in this illustration.)
 4.2.4. Variation in the number of periods for each customer’s visit. Purely for ease
 of exposition we derived Equation 2 assuming a fixed number of observation periods. It is rela-
 tively simple (although with messy notation) to generalize Equation 2 for variation in the number
 of periods for each customer’s visit. The assumptions of §2.3 provides the separability necessary.
 Empirically, the modified Bellman equation behaves similarly to the Equation 2 as long as the
 are moderately small. As the increase it becomes optimal to morph earlier. (An illustrative
 spreadsheet is available from the authors for random-exit optimization.)
 4.2.5. Motivation for Gittins’ coupling. We derived Equation 2 by summarizing learn-
 ing about segment x morph matches with Gittins’ indices, . Our motivation for this heuristic
 is the “branching bandits” literature where researchers have proven that it is often optimal to re-
 place the uncertain outcome of an indexable decision process with its Gittins’ index (Bertsimas
 and Niño-Mora 1996; Tsitsiklis 1994). For example, Weber (1992) analyzes a “super process” in
 which an initial bandit process has rewards that are themselves bandit processes. To solve this
 dynamic program optimally, Weber replaces the outcome of each secondary bandit process with
 its Gittins’ index. He then uses those indices as rewards when computing the indices for the arms
 in the primary bandit process.
 Unlike pure branching bandits, our dynamic programs are not perfectly separable because
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 a longer time in morph for customer has a small effect on how rapidly we update the Git-
 tins’ indices for segment x morph matches. Fortunately, this learning effect is likely to be quite
 small relative to the benefit of learning better the customer’s segment r. In typical morphing situ-
 ations, it takes hundreds (or thousands) of customers to stabilize . Thus, for a each customer
 we use as the reward for providing morph to a customer in segment . We update
 at the end of customer ’s visit. We expect, but cannot prove, that this heuristic will provide sub-
 stantial improvements relative to website morphing 1.0. We examine such improvements in §5.
 4.2.6. Modified Bayesian Updating. HULB used the pseudo-likelihood function to up-
 date the parameters of the beta distribution. The parameters, and were updated as fol-
 lows, where indicates “purchase vs. not purchase” when the website switched to morph
 after the 10th
 click:
 We modify the Bayesian updating to reflect alternative assumptions on impact weights and
 switching costs. Let be the impact weights summed over the decision periods that the
 customer saw morph , then the posterior values of the Beta parameters are:
 (3)
 4.3. Summary of the Algorithmic Improvements
 Website morphing 1.0 made a number of assumptions. These assumptions seemed rea-
 sonable at the time and led to an algorithm that improved revenue by approximately 20% relative
 to benchmark strategies. In §3 we relaxed HULB’s assumptions and in §4 we provided a (near)
 optimal algorithm that accounts for the endogeneity of the decision on when to morph. (The al-
 gorithm also allows strategies of no morphing and multiple morphing.) When the more-general
 assumptions of §3 hold, we expect the improved algorithm to increase revenue (although this is
 not guaranteed because the coupling may not be optimal). However, we do not know the magni-
 tude of the improvements. If the improvements are sufficient, then website-morphing applica-
 tions should use the improved algorithm. If the improvements are small, then the simpler website
 morphing 1.0 algorithm might suffice. The dual question is also interesting: if there are no
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 switching costs and only the last morph matters, do assumptions of non-zero switching costs and
 non-extreme impact weights undermine performance?
 5. Reanalysis of the BT Group Website-Morphing Application
 We begin by examining whether or not the algorithmic improvements are sufficient to
 justify the added complexity. We then examine parametric robustness.
 5.1. Magnitude of the Algorithmic Improvements
 We begin by re-examining the data from the BT Group simulations. HULB assumed
 and . They had no way to test these assump-
 tions. We examine a hypothetical world in which and . Except for a slight
 reduction due to coupling, the principle of optimality says that the improved algorithm will per-
 form better in this hypothetical world. The interesting questions is by how much.
 We select the same number cognitive segments as in the empirical test and simulate
 10,000 customers from each cognitive-style segment (a total of 40,000 synthetic customers).
 Visual inspection of plots indicates that 10,000 synthetic customers per cognitive-style
 segment is appropriate to observe performance for finite and for convergence. (Relative
 interpretations do not change when all sixteen segments are simulated. All plots available from
 the authors.) So that the results are not sensitive to random error, we simulate each optimization
 method twelve times and take the average. (The standard deviations are small.)
 Table 2 summarizes the relative improvements. If there is indeed a 5% penalty for
 switching morphs, then it is important to decide endogeneously when to switch. The relative im-
 provement of the 2.0 algorithm is approximately twice that of the 1.0 algorithm. Furthermore,
 both algorithms improve revenue even though there is a cost to switching morphs.5
 5.2. Robustness Checks
 Table 2 demonstrates that there exist scenarios under which website morphing 2.0 leads
 to dramatic improvements relative to website morphing 1.0. However, suppose that the website
 morphing 1.0 assumptions describe the world better than the parameters chosen by managerial
 judgment for the website morphing 2.0 algorithm. We would like to know how much we lose.
 5 The rewards in Table 2 are smaller than those in reported by HULB because they assumed no cost to switching
 morphs.
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 Table 2 Reanalysis of BT Group Website Morphing (with Switching Costs)
 Expected Reward Improvement b
 Baseline for no morphing 0.3165 0.0%
 Website morphing
 Website morphing 1.0 (HULB) 0.3303 20.8%
 Website morphing 2.0 0.3496 49.9%
 Perfect information ( a 0.3828 100.0%
 a Upper bound. Applications do not have perfect information on either cognitive styles or purchase probabilities
 b Percentage improvement relative to perfect information versus no morphing.
 We use synthetic data to investigate robustness. As expected the website morphing 2.0
 algorithm and the website morphing 1.0 algorithm provide identical results when the HULB as-
 sumptions hold. Figures 2 and 3 report some of these synthetic-data experiments. For example,
 we vary while holding constant and where we vary while holding constant. Each point
 averages the results from 12 simulations—a total of 324 simulations.
 In Figure 2 we assume equal impact weights and vary from 0.80 to 1.00. Because
 HULB report an improvement of approximately 20%, we would expect little, if any, morphing
 for . Website morphing 2.0 (black line) is above website morphing 1.0 (red line) for all
 values of . For all we see improvements due to an endogenous decision on when to morph. To
 illustrate robustness we vary the true while running a website morphing 2.0 algorithm that
 (falsely) assumes (green line). When the true we get identical performance.
 Surprisingly, we get basically the same performance when the true . (Slight differences
 are within random variation in the simulations.) Even when is misspecified, website morphing
 2.0 outperforms website morphing 1.0 although there are clear costs to misspecification as the
 assumed diverges from the true . Other synthetic-data experiments with other assumptions
 tend to support these qualitative interpretations.
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 Figure 2
 Sensitivity to Switching Costs
 In Figure 3 we hold switching costs constant and vary from equal impact weights (left
 of the figure) to the extreme recency assumption of HULB (right of the figure). We again find
 that website morphing 2.0 outperforms website morphing 1.0 for all values of . Even when
 is misspecified (green line), website morphing 2.0 does better than website morphing 1.0 for a
 wide range of ’s. Only at extreme recency does the website morphing 1.0 do better. There may
 be cases of extreme recency, but, to date, our qualitative experience seems to reject extreme re-
 cency. For the Suruga Bank field experiment, both we and Suruga Bank’s managers felt that the
 website 2.0 algorithm would perform better empirically.
 Figure 3
 Sensitivity to Impact Weights
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 In summary, the improved algorithm has the potential to improve revenue over a range of
 ’s and ’s, often substantially. When and can be measured, or managers are confident in
 their judgments about these parameters, website morphing 2.0 can lead to substantial improve-
 ments. Although the algorithm is not 100% immune to misspecification of the parameters, it is
 reasonably robust over a range of true parameters.
 6. Applications Improvements
 Gen-2 Website Design
 The BT Group priming study morphs were designed with sufficient variation to enable
 customization to customer segments, but there was not sufficient variation among clicks within a
 morph. As a result HULB report simulations for a Gen-1 website (as in their priming study) and
 a hypothetical Gen-2 website designed from the ground up to make it easy to identify customer
 segments from a choices among click alternatives. The Suruga Bank experiment was the first
 website designed with Gen-2 design principles. For example, on the opening page (Figure 4, first
 panel), customers enter the site by choosing one of two pictures. The pictures are designed to ap-
 peal to different customer segments. In another example, customers choose from six different
 ways to obtain information (Figure 4, second panel). The click-alternative choices help distin-
 guish among customer segments.
 Figure 2
 Gen-2 Elements on the Suruga Bank Website
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 Cognitive and Cultural Styles
 Website morphing algorithms can be applied to any definition of customer segments as
 long as it is feasible to identify those segments form click-alternative choices and as long as
 morph characteristics are likely to be differentially effective for the segments. The BT Group il-
 lustration used cognitive styles that varied on three ipsative scales (analytical vs. holistic, impul-
 sive vs. deliberative, and visual vs. verbal), but HULB suggest other scales that might be used
 (see technical appendix at http://mktsci.pubs.informs.org).
 Recently, Novak and Hoffman (2009) reviewed 35 years of research on cognitive styles
 to conclude that most systems postulate a dual process of a rational and an experiential system of
 thinking and problem solving. (They prefer the term “thinking styles.”) While there have been
 many subtle variations among they proposed systems, such as “rule-based vs. associative,” “sys-
 tem 1 vs. system 2,” “reflective vs. impulsive,” “deliberative/analytic vs. tacit/intuitive,” “image-
 ry vs. discursive,” and “visual vs. verbal,” the systems all seem to make a distinction between ra-
 tional and experiential (Novak and Hoffman 2009 and references therein). The three ipsative
 scales used in the BT priming study fall into this paradigm.
 Although thinking styles vary by consumer, Novak and Hoffman also demonstrate that
 thinking styles are also situation-specific. For example, subjects in their experiments were more
 likely to use rational thinking styles when identifying whether sets or letters are alike; subjects
 were more likely to use experiential thinking styles when asked to list ideas from a visual cue.
 Similarly, when visiting websites, consumers, who were asked to make a product choice, used
 more rational thinking styles than consumers who were just exploring a website.
 This recent research suggests that the thinking styles are best tailored to specific applica-
 tion. Websites should implement those aspects of rational vs. experiential styles that best en-
 hance the goals of the application. With experience across many morphing applications we might
 find that some scales are persistently effective across applications, but that the weighing and ac-
 tivation may vary. We gain that experience by trying cognitive styles that researchers or manag-
 ers feel are best for the application at hand.
 The Suruga Bank application was set in the Japanese culture. Novak and Hoffman’s re-
 search, and the judgment of Suruga Bank’s executives, suggests that the thinking styles include
 styles that are relevant to the Japanese culture. Rapid changes taking place in Japan from tradi-
 tional to modern practices meant that thinking styles might be related to individual differences in
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 cultural perspective. Thus, in addition to thinking styles that explored aspects of rational vs. ex-
 periential styles, the Suruga Bank application was the first morphing applications to attempt to
 include cultural styles in the definition of customer segments (Allison and Hayes 1996; Hofstede
 1983; Riding and Rayner 1998). The website designers sought to target the cultural styles of col-
 lectivistic vs. individualistic and hierarchical vs. egalitarian. Although Suruga Bank achieved
 mixed results with this targeting, we report the details so that others might improve upon them.
 7. Field Test of Website Morphing
 In Japan consumers prefer “card loans” rather than carrying a balance on their credit
 cards. (Japanese banks do not allow overdrafts.) The borrower receives a cash card with a bal-
 ance of ¥3-5 million and pays interest when the funds are withdrawn. The terms of card loans
 vary among banks and can often be confusing. Some banks offer low interest and high limits, but
 a more-difficult screening process while other banks offer higher interest and lower limits, but an
 easier screening process. In 2006-2007 Orix spent ¥13.6 billion mostly on banner advertising and
 Acom spent ¥10.9 billion mostly on television advertising ($1 ¥95 in the time period).
 Suruga Bank is a Japanese commercial bank in the greater Tokyo area. Unlike most
 commercial banks, it has focused on retail banking for more than twenty years. Suruga began a
 virtual bank in 1999, one of the first Japanese banks to do so. By 2008 its online presence had
 grown to ten virtual branches and eight virtual alliances (Tokoro 2008, p. 7). Suruga is less well-
 known than other Japanese banks, spending approximately 1/10th
 that of Acom and Orix on ad-
 vertising (¥1.4 million , Tokoro 2008, p. 17). As part of an overall strategy to reach more con-
 sumers, Suruga developed a consumer advocacy website on which it presented the best products
 from all competitors without distinction. By using a strategy of openness and honesty Suruga
 sought to demonstrate that its products (low interest rates, high limits, but careful screening pro-
 cess) would meet the needs of many consumers. Suruga’s managers experimented with website
 morphing to match the look and feel of their advocacy site to the varying cognitive and cultural
 styles of Japanese consumers. We analyze the results of that experiment examining whether
 website morphing achieved Suruga’s goals of enhanced consideration, preference, and purchase
 likelihood. While interesting and relevant to Suruga Bank, it is beyond the scope of this paper to
 determine the optimal allocation of marketing expenditures on advertising, promotion, and con-
 sumer-advocacy websites.
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 7.1. Suruga Bank’s Priming Study – Designing the Customizable Morphs
 Suruga Bank’s website designers used a priming study (as in HULB) to estimate custom-
 ers’ preferences for click-alternative characteristics. In March 2008 e-mail invitations were sent
 to consumers drawn randomly from a panel of 600,000 consumers maintained by Interface Asia;
 5,454 responded. Respondents were offered ¥200 to complete the survey. After screening on age
 and interest in card loans, 2,114 respondents were invited to visit an experimental website and
 complete a survey. Of these, 502 respondents (23.7%) completed the survey, including a re-
 quirement to browse the website for at least 2½ minutes and for at least 10 clicks.
 The designers (native Japanese) varied website characteristics on the number of graphs,
 the amount of technical content, the amount of textual content, the number of options and alter-
 natives presented, the amount of content on popular trends, the amount of “you-directed” con-
 tent, formal vs. informal Japanese language, and hierarchical vs. egalitarian images. The priming
 study measured customers’ cognitive and cultural styles with 17 scales that have proven to dis-
 tinguish cognitive and cultural styles in other contexts (see appendix 2).
 The 17 scales suggested that card-loan consumers were best distinguished by two cogni-
 tive dimensions. The two cognitive dimensions, “analytic vs. holistic” and “deliberative vs. im-
 pulsive” capture the aspects of the rational-vs.-experiential dichotomy that were important to
 Japanese card-loan consumers. While the cultural dimensions did not define segments, the web-
 site characteristics that were most effective for each cognitive-style segment varied on cultural
 styles (as targeted by the website designers). For example, as summarized in Table 3, the best
 morph for holistic-impulsive consumers was the morph that the web designers believed was ho-
 listic, individualistic, hierarchical, and deliberative.
 Parts of Table 3 are intuitive; parts are not. The non-intuitive results deserve a digression.
 Impulsive customers prefer a website with characteristics that designers thought would favor de-
 liberative customers. There are two phenomena at work here. First, website designers are not the
 same as customers; the website morphing methods are designed to favor the voice of the con-
 sumer over the voice of the designer. Second, the characteristics that designers thought delibera-
 tive customers would favor were inherently better—deliberative characteristics are more effec-
 tive for 3 of the 4 cognitive-style segments. Table 3 demonstrates why website morphing relies
 on a priming study, rather than designer judgments, to identify customers’ preferences for click-
 alternative characteristics.
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 While cultural characteristics did not define customer segments for Suruga Bank, cultural
 characteristics were useful in website design. For example, websites designed to be hierarchical
 were more effective for holistic Japanese consumers and websites designed to be egalitarian
 were more effective for analytic Japanese consumers. This potential interaction between cultural
 and cognitive styles is interesting and worth exploration in future research.
 Finally, the priming study provided insight that enabled Suruga Bank to identify a fourth
 morph with high potential. The four morphs were used in the field experiment. (Recall that web-
 site morphing automatically identifies the best segment x morph combinations.)
 Table 3
 Best Morph for Each Cognitive-Style Segment
 (Based on the results of a priming study; descriptors are from web-designers’ beliefs.
 Italics indicates where observed consumer response overrules designers’ beliefs.)
 Holistic Cognitive Style Analytic Cognitive Style
 Impulsive Cognitive Style hierarchical, individualistic,
 deliberative, holistic
 hierarchical, individualistic,
 deliberative, holistic
 Deliberative Cognitive Style egalitarian, individualistic,
 deliberative, analytic
 egalitarian, collectivistic,
 impulsive, analytic
 The priming study also enabled Suruga Bank to estimate the preferences among click-
 alternative characteristics for customers in each of the four customer segments. Details of the es-
 timation, scale development, and reliability analyses are similar to HULB, summarized in Ap-
 pendix 3, and available from the authors (in an online appendix). The estimation was highly sig-
 nificant ( < 0.001) with a of 33.9%.
 7.2. Design of the Field Experiment
 Suruga Bank’s experimental website used the website morphing 2.0 technical algorithm.
 With more resources, we would have liked to evaluate both the concept of website morphing and
 the incremental improvement due to when-to-morph endogeneity. However, the 1,000+ custom-
 ers that Suruga Bank allocated to testing constrained the experiment. Simulations suggested that
 Gittins’ indices settle down between the 250th
 and the 350th
 customer, but continue substantial
 exploration until roughly the 1,000th
 customer (HULB, Figure 3). Allocating 1,000 customers to
 the test website was a minimum constraint; we would have preferred more. The 1,000-customer
 constraint meant we could only test one algorithm. It also implied an asymmetric allocation of
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 consumers to the test and control websites (2:1 ratio). Suruga Bank chose to test the algorithm
 we believed would be most effective: the 2.0 algorithm.
 Although we would have preferred a larger sample, the Suruga Bank experiment provid-
 ed a proof-of-concept test of the 2.0 algorithm and the first test-vs.-control field experiment of
 website morphing. All other marketing actions and all product characteristics are held constant
 between test and control cells of the experiment. The tuning parameters were set by managerial
 judgment prior to the experiment. We used a conservative switching cost, , equal im-
 pact weights, and . Subsequent analysis suggested that the latter was close to its em-
 pirically observed value.
 In November-December 2009 Suruga recruited consumers from the Interface Asia panel.
 E-mail invitations were sent to 62,000 potential respondents; 13,696 responded (22.1%). Screen-
 ing and incentives were similar to those in the priming study. On net, 3,514 consumers were di-
 rected to the card-loan site, of which 1,997 explored the website for at least 2½ minutes and 10
 clicks (56.9%). Of these consumers, 1,395 completed pre- and post-visit questionnaires provid-
 ing valid data with which to evaluate the websites (70.1%). Of these, 1,062 experienced website
 morphing 2.0 and 333 experienced a static website. To avoid an obvious demand artifact, the
 website was not identified as a Suruga Bank website—recall that the website provides competi-
 tive information on Acom, Orix, and Suruga Bank. Recall also that Suruga Bank believed that
 unbiased competitive information would favor Suruga Bank.
 7.3. Results of the Field Experiment
 Due to human-subjects considerations, we were not allowed to actually sell card loans on
 the websites. Instead Suruga Banks chose to evaluate the experiment on three dependent
 measures: consideration, preference, and purchase probability. The implicit hierarchy in the
 measures, consideration preference purchase likelihood, represents Suruga Bank’s long-
 term views. For example, if the customer-advocacy website encouraged customers to consider
 Suruga, then Suruga felt that its service features (and other marketing actions) would convert
 sufficiently many customers into card loans.
 Consideration was a binary consider-or-not scale, preference was a 100-point constant
 sum scale, and purchase likelihood was an 11-point scale as in Juster (1966). Pre-measures were
 obtained only from those customers who considered a provider. Post-measures assume that a
 customer will not purchase from Suruga Bank if they do not first consider Suruga Bank. Con-
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 sistent with Suruga’s nomological hypothesis, preference is significantly correlated with pur-
 chase likelihood ( = 0.20, p < 0.001).
 Figure 3 provides summary statistics on the number of morph changes. The initial morph
 was best for roughly half the consumers (representing the ability of the Gittins engine to find the
 best overall morph). Of those consumers who experienced morph changes, most experienced a
 single change; very few experienced three or more changes. The 2.0 algorithm was able to iden-
 tify the need for morph changes fairly rapidly. The majority of morph changes were made after
 the first period with decreasing numbers in subsequent periods.
 Figure 3
 Suruga Bank Experiment: Descriptive Statistics
 Table 4 summarizes the experimental results. We begin with the comparison of the
 morphing website (test) and the static website (control). All measures increased. Website morph-
 ing is designed for websites with tens of thousands of visitors; we were concerned that one thou-
 sand customers would be barely enough. In light of this concern, the fact that all measures in-
 crease is gratifying. Due to a marketing research glitch pre-measures were obtained for only 70
 respondents so we put less faith in the post (test – control) vs. pre (test – control) double differ-
 ences. Nonetheless, all improved. Using a sign test, the probability that all six measures would
 improve by chance is p = 0.02, suggesting that website morphing had an overall significant im-
 pact for Suruga Bank. The corresponding tests for Orix and Acom were not significant (p = 0.66
 and p = 0.11, respectively). Although the sponsor of the website was not identified to consumers
 to avoid a demand artifact, the differential impact for Suruga Bank was anticipated to be higher
 than for Orix because unbiased information helps Suruga Bank relative to Orix. It was anticipat-
 ed to be higher than for Acom because Acom was already widely accepted. To put these signifi-
 cant differences in perspective, the relative preference increase was about four times as large for
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 Suruga Bank relative to competitors and the consideration increase of opposite sign (positive for
 Suruga Bank, negative for Orix and Acom).
 Table 4 Results of the Suruga Bank Field Experiment
 Morphing
 Website
 Static
 Website
 Morphing minus
 Static Website
 Correcting for
 Pre-measures
 Consideration 29.8% 27.0% 2.8% 4.5%
 Preference 19.3% 16.2% 3.1% 3.2% a
 Purchase Likelihood 24.3% 23.1% 1.2% 1.7% a
 Sample Size 1,062 333
 a We interpret these double-difference measures cautiously. Pre-measures for preference and purchase likelihood
 were obtained for only those 70 customers who considered Suruga Bank prior to visiting the websites.
 Table 4 is promising. Although the significance of the individual measures is less than we
 would like, the sign test is significant. Considering that the 2008 card-loan market in Japan ac-
 counted for over ¥25 trillion in total available balances ($265 billion, personal communication
 from Suruga Bank), the potential for a substantial relative competitive advantage for Suruga
 Bank was judged by Suruga’s executives to be worth exploring further. From a scientific stand-
 point, the results demonstrate that it is feasible to implement a website morphing 2.0 website in
 the field and that it is sufficiently likely that the morphing website enhanced Suruga’s communi-
 cations relative to a static website. At minimum, Table 4 does not reject website morphing as a
 potential tool to increase the relative perceptions of Suruga Bank.
 Soon after the experiment, the 2008 worldwide banking crisis occurred; Suruga Bank was
 forced to commit its IT resources to crisis resolution rather than website morphing. When the
 banking crisis eased Suruga Bank created a smart-phone card-loan advisor that links to a morph-
 ing website. Suruga Bank hopes to test this combination in 2012 with a substantially larger sam-
 ple.
 8. Summary and Future Directions
 Website morphing 2.0 advances website morphing in three ways: an improved algorithm,
 implementation of Gen-2 website design principles, and the first experimental field test. Results
 are promising. Theoretically, we were able to develop models of switching costs, multiple-morph
 impact, and website exit that are reasonable and conjugate to the endogenous optimization of
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 when to morph. By thinking carefully about when information becomes available, we were able
 to develop a coupled algorithm that captures path evolution and runs in real time between clicks.
 Realistic synthetic data suggest reasonable scenarios where the revised algorithm leads to a two-
 fold increase in revenue relative to website morphing 1.0. Synthetic-data experiments also sug-
 gest that the algorithm is reasonably robust with respect to misspecification of its parameters.
 Implementation demonstrates that Gen-2 design principles are feasible and enhance the ability to
 identify customer segments. We had mixed results with cultural styles, but the results point to fu-
 ture improvements. Finally, perhaps most importantly for practice, the test-vs.-control field test
 demonstrates that website morphing increases competitive advantage.
 There remain many challenges. (1) The switching-cost and impact parameters were set by
 managerial judgment. Future experiments could measure empirical values. (2) Sample-size con-
 straints limited the field experiment to testing website morphing 2.0 vs. a static website. Future
 experiments might parse the incremental value of the endogenous selection of when to morph.
 (3) The sample sizes that were feasible for Suruga Bank were just barely enough for the morph-
 ing algorithm to stabilize ( ). Greater sample sizes are likely to provide more de-
 finitive tests. (4) Cultural styles played a role in the design of the Suruga website, but there is po-
 tential for future improvement. (5) We assumed conjugate functions for switching costs, impact
 weights, and website exit. Other functions might prove more effective, especially those that al-
 low for greater interdependence among parameters. (6) Switching costs and impact weights were
 defined based on clicks rather than clock time. Perhaps creative researchers could formulate a
 revised dynamic program. And, (7) the algorithms apply, and could be tested, for other forms of
 morphing such as banner-ad morphing, deal morphing, and morphing based on location.
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 Appendix 1
 Notation Used for Website Morphing 2.0
 customer ’s clicks in the observation period; sometimes is suppressed
 customer ’s clicks up to and including the observation period, . expected Gittins’ index for morph for customer
 expected immediate reward (used in the Bellman equation)
 posterior distribution over after the customer’s purchase opportunity
 Gittins’ index for customer segment and morph for customer ; sometimes is
 suppressed
 HULB Hauser, Urban, Liberali and Braun (2009). Also, “website morphing 1.0.”
 indexes morphs. Can also be generalized to other dynamic options.
 number of morphs available from which to choose
 indexes customers.
 probability that a customer in customer segment, r, will purchase when shown morph m. inferred probability that customer n is in cognitive-style segment r
 indexes customer segments; can be cognitive-style segments, but can be more general
 the customer’s true customer segment (used derive the dynamic program)
 indexes the observation periods for customer ; sometimes is suppressed; can also in-
 dex clicks if there is exactly one click per observation period
 number of observation periods for customer ; sometimes is suppressed
 impact weight for the observation period
 vector of the ’s
 continuation value function used in the Bellman equation, e.g.,
 parameter of the naturally conjugate beta distribution used in Bayesian updating
 parameter of the naturally conjugate beta distribution used in Bayesian updating
 discount for switching from one morph to another. After a switch, the probability of a
 purchase is reduced by a factor of .
 indicator variable to indicate whether the nth
 customer makes a purchase; sometimes is
 suppressed
 indicator variable to indicate if we change to morph in period
 impact weights summed over the observation periods in which the customer saw
 morph
 used to indicate summation, not a variable
 used in discussion as a particular value of
 probability that the customer does not continue after the observation period
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 Appendix 2
 Cognitive and Cultural Scales (Expected Prior Grouping)
 Analytic vs. holistic
 I see what I read in mental pictures.
 I will read an explanation of a graphic/chart before I try to understand the graph/chart on my own.
 I enjoy deciphering graphs, charts, and diagrams about products and services.
 I like detailed explanations.
 I’m usually more interested in parts and details than in the whole.
 I am detail-oriented and start with the details in order to build a complete picture.
 Deliberative vs. impulsive
 I prefer planning before acting.
 I like to make purchases without thinking too much about the consequences.
 A bat and a ball cost $1.10 in total. The bat costs $1.00 more than the ball. How much does the ball cost? [impulsive = 10 cents]
 a
 If it takes 5 machines to produce 5 widgets. How long does it take 100 machines to produce 100 widgets? [impulsive = 100 minutes]
 a
 In a lake, there is a patch of lily pads. Every day the patch doubles in size. If it takes 48 days for the patch to cover the lake, how long would it take for the patch to cover half of the lake? [impulsive = 24 days]
 a
 Collectivistic vs. individualistic
 In choosing my ideal job it would be important to have sufficient time for my per-sonal life.
 I buy products in order to differentiate myself from other people.
 Buying products for my family and friends is more important to me than buying things for myself.
 Hierarchical vs. egalitarian
 I think authority and leadership are very important in life.
 I’m usually afraid to express disagreement with my superiors or with important per-sons.
 I value mostly experts’ opinions when I buy a product.
 a Modified from Frederick’s (2005) Cognitive Reflection Index
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 Appendix 3
 Results of Estimation on Website-characteristic Preferences
 Analytic versus Holistic
 Deliberative versus Impulsive
 Cognitive and cultural
 characteristics
 Pictures and graphs 0.88 -1.24
 Technical, detailed content -0.66 1.70
 Textual content 1.10 -1.28
 Options and alternatives -0.13 1.96
 Popular trends 0.11 -0.72
 ‘You-directed’ language 0.45 -3.61
 Hierarchical images 0.24 -0.51
 Functional characteristics
 Provide information -0.53 1.56
 Analytic tool -0.60 -1.44
 Graphical elements -0.89 2.73
 Website areas
 Advisor -0.38 5.19
 Fast solutions -0.70 4.85
 Learn information 0.11 1.89
 Forum 0.37 2.48
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