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Overview of literature

‘face-to-face’ with the consumer. Firms rely on metrics and
numbers to classify and segment their internet customers,

One of the most fascinating aspects of the internet is its
ability to gather information on an unknown user and use
this information to tailor its message. Many researchers
have written complex algorithms which, through the use of
networks or datamines, are able to model, and often predict,
user behaviour on the internet (Chi et al., 2001; Park and
Fader, 2004; Bucklin and Sismeiro, 2003). On one hand,
the internet enables firms to track every move that
a consumer makes; on the other, the firms are not truly
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but to what extent these metrics determine the way they
approach their internet marketing is not always clear.
To a consumer, the internet represents a level playing
field — a place where every product is equidistant and most
sales encounters are (seemingly) anonymous. Consumers
can comparison shop, gather hoards of information, research
corporations, and so on, without feeling completely



156 A.S. Krishen and K. Nakamoto

exposed. Thus, the internet is a very unique shopping
experience for a consumer.

In this research, our aim is to position a commercial
website as a salesperson. Research and common sense point
time, and time again, to the effectiveness of personalised
sales experiences over more generic ones. For example,
adaptive selling has been studied in depth as a technique
employed when a salesperson alters his or her behaviour
according to the particular customer or sales situation
(Weitz et al., 1986). In this research, Weitz et al. detail
the impact of the persuasive ability of a salesperson based
on the expectations of a consumer. They highlight that
consumers will pay more attention to a salesperson’s
arguments when he or she exhibits unexpected behaviour.
In the context of our research, elaborative processing of
the message on a website is highly desirable, given that
information (and not any other sort of props, as in a retail
store) is all that an e-tailor has to offer.

But what does adaptive selling really entail? Spiro and
Weitz (1990) created the ADAPTS scale which can be used
to measure the amount of tailoring that a salesperson does
in a sales encounter. The items of this scale capture the
importance of

¢ knowing the consumer as thoroughly as possible
¢ adapting behaviour and technique per consumer.

Now, if we imagine that a commercial website provides
the interface for a firm to sell to a consumer, we can see
that adaptive behaviour, if applied appropriately, should
be effective. Ansari and Mela (2003) apply this logic
in their research regarding what they term ‘e-customisation’,
or customising of “... both the content (what and how
much information) and the design (rendition) ...” of web
interfaces. Interestingly, they mention reduction of
information overload and facilitated consumer decision
making as two advantages of customisation.

Decision making research in which consumers are
presented with a set of choices has explored information
overload as a possible consequence of the presentation
of too many choices or product attributes (Keller and
Staelin, 1987). The question we aim this research effort
towards, then, is what is the optimal number of choices for a
consumer (something between underload and overload)?
We will explore the amount of information presented to a
consumer, but what about the type of information? Conjoint
analysis has been used to rank attributes for consumers and
organise information such that they receive the optimal set
of choices. Toubia et al. (2004) recently used advanced
estimation techniques to determine a tailored set of choices
to display to a consumer. Ironically, internet sites seem
to be gaining complexity and increasing the quantity of both
the choices and attributes at a phenomenal rate.

2 Feedback control theory: a brief overview

Feedback control is a mechanism by which a system
makes decisions in real-time based on how the system
is actually running at that time. The control action is not
pre-determined, but is a response to how the system is
behaving at that particular moment. Feedback control
theory is based on the derivation of a mathematical model of
the system to be controlled; it is this formulation which
makes application of feedback a non-trivial approach
(Kuo and Golnaraghi, 2002). In this particular research, as is
illustrated in Figure 1, we will be applying what we term
Simple Feedback Adaptivity (SFA). Control laws are,
in general, robust to uncertainties because of the feedback
nature, and once designed, they do not have many online
computations, searches, or complex algorithms (Slotine and
Li, 1991). The bulk of computational resources are
employed during derivation of the feedback control law.
Other modelling methodologies have been employed which
use adaptive techniques; however these are designed using
heuristics, common sense approaches, or are based on static
models.

The aim of this paper is to manipulate the number
of choices presented to subjects using simple feedback
control in order to gather how they respond. Based on
the data we collect, our aim in the future is to extract the
system model and design analytical controllers. Figure 2
represents the architectural deployment of feedback control
theory to our particular application — the number of product
choices. The basic equations for our feedback controller can
be seen in Appendix 1.

Figure 1 Simple Feedback Adaptivity (SFA) choice framework
(see online version for colours)

In Figure 2, one can see the cyclic and adaptive nature
of feedback control. As the subject cycles through making
a choice decision, we gather her decision efficiency
(information rate), process through our feedback controller
given our web response (nominal) model, and determine
how many choices she should be presented with.
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Figure 2 Feedback control architecture (see online version
for colours)

Tofornation rate =
(Time taken)/ choice

2

Toformation
vate at previous

time 2

— g N e

|

3 Conceptual framework

Number of
product choices

The conceptual framework centres on the combination
of a decision on the consumer side viewed from the
decision making perspective with the selling on the
website side viewed from the adaptive sales perspective.
Figure 3 shows the types of questions entailed in this
relationship and how we will materialise them into the key
constructs.

We focus on two key concepts for this research
— efficiency and effectiveness. Within the decision making
paradigm, we attempt to determine the impact of varied
numbers of choices and sorting (by price) on the subjective
experience of a consumer’s decision satisfaction. We want
to assess the quality and efficiency of the choice experience
for each subject from both subjective measures (self-reports
of satisfaction, frustration, attention, and confidence) and
objective measures (information rate, decision efficiency,
choice quality, etc.). The combination of these measures
enables us to formulate a clear view of the impact of
applying feedback control to the number of choices
presented in a decision making paradigm.

Figure 3 Rescarch perspective
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Our proposal of using information rate as the input to our
formulation is key, since we expect this variable to provide
information to us per subject, per choice experience
regarding the amount of deliberation she faced in the choice
she was presented. Our interest, then, is to apply feedback
control theory to adapt the number of choices the consumer
is faced with, not the choice set. We developed a software
program written in C# using XML, called Feedback
Adaptivity Software Program (FASP), in order to conduct
our experiment. In FASP, we employed a price/quality
algorithm (detailed in the text surrounding Figure 4) to
determine which choices, and our simple feedback control
algorithm (in one manipulation) to decide ~ow many choices
to present to the subject.

Figure 4 Sorting P-Q metric calculation (see online version
for colours)
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4 Hypotheses and method

Simple adaptive feedback was employed in this research
for multiple reasons. Much like in the adaptive selling
analogy discussed earlier, we aim to satisfy the consumer
needs while maximising the quality and efficiency of her
choice. The key in this statement is that the consumer needs
to save time, make the best choice, and not have to sacrifice
her satisfaction.

The independent variables broadly deal with the number
of choices and the choice set (sort type).

4.1 Sample

A total of 79 marketing undergraduates, enrolled in an
introductory level marketing course participated in this
study. We chose college students as our target population
due to the purpose of the study and the salience caused
by the topic of purchasing a computer from the internet.

4.2  Dependent variables: subjective

The outcome variables were measured via survey each time
the subjects’ completed their choice task.

Satisfaction

We used a seven-item, seven-point semantic differential
summed ratings scale to measure the subject’s degree
of satisfaction with their experience with the FASP
(Bruner et al., 2001). Items consist of satisfied/dissatisfied,
pleased/displeased, favourable/unfavourable, pleasant/un
pleasant, I like it very much/I did not like it at all,
contented/frustrated, and delighted/terrible. Our analysis
of results showed the scale to be reliable (Crombach’s
o= 0.96).

Frustration

We adapted a four-item Likert-type scale (not at all — very)
to measure the degree of frustration the subject’s experience
during their interaction with the FASP (Taylor, 1994).
The items in this scale consist of: uneasy, frustrated, angry,
and uncertain. We used the following question: “The choice
task made me feel ...” for each of the items; the results were
reliable (Cronbach’s o. = 0.86).
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Confidence

To measure the subject’s confidence in her completion
of the given task, we used a three-item, seven-point
semantic differential (Bruner et al, 2001). The items
consist of: uncertain/certain, not sure/sure, and not
confident/confident (Cronbach’s a. = 0.97).

Attention to choice stimulus

To measure attention to task, we used a six-item,
seven-point semantic differential scale (strongly disagree
— strongly agree) which was modified by Geissler
et al. (2001) for use in the website context. [tems consist of:
gaining attention, holding attention, and four measures
of subjective self-report including not alert, unemotional,
not observant, and aimless (Cronbach’s a = 0.85).

4.3 Dependent variables: objective

Table 1 summarises the dependent variables which were
objectively measured by our software.

Table 1 Objective variables

Variable

Total elapsed time The amount of time the subject spends
to complete the choice task

Description

The number of computers the subject
is exposed to throughout the experiment

Total number
of computers

Mean information Information rate per choice set is the number

rate of choices presented to the subject divided
by the elapsed time. Mean information rate
per subject is the mean of all information
rates throughout the choice task

Final choice
quality (%)

The index of the final choice of the subject
is recorded when the subject completes
the choice task. This variable is that index
divided by the overall best quality choice

Quality-efficiency This variable gives the quality of the final
choice relative to the elapsed time.
It is calculated using this formula:
(Total elapsed time)/(Final choice quality)

4.4 Homogeneity of respondent base

In order to classify the respondents, we administered
four scales prior to presenting our stimulus. These were:
product knowledge (eight-item seven-point scale), product
experience  (three-item  scale), price consciousness
(nine-item six-point scale), and quality consciousness
(four-item, five-point scale) (Bruner et al., 2001). Product
experience provided no usable differentiation, so it was
not used in our analysis. Product knowledge had three
reverse-scaled items which were found to cause unreliability
in the scale; when they were removed, the scale became
reliable as a five item scale (Crombach’s o= 0.88).
Both price and quality consciousness were reliable in our
experiment. (price consciousness: Crombach’s o = 0.87,;
quality consciousness: Cronbach’s o= 0.94) Appendix 2
contains the items for these four scales.

4.5 Independent variables
Dynamic number of choices control

Our first independent variable, dynamic number of
choices control, was manipulated at five levels. Figure 5
shows the five levels of number-of-choices adaptation.
These conditions include information under/overload,
two system identification conditions, and SFA.

Figure 5 Number-of-choices manipulation (see online version
for colours)
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The five manipulation levels included a slowly-changing
level with very few choices (info-low), a slowly-changing
level with very many choices (high-info), a sinusoidally-
changing-medium level (appears somewhat random to
subject, called sinu-med), a sinusoidally-changing-high
level (sinu-high) and a SFA level (which adapts according
to the information rate of the subject). Information rate, or
the number of choices presented divided by the amount of
time taken to make a decision, is the guiding factor for
creating the SFA.

4.6 FASP choice algorithm information
4.6.1 SFA algorithm

The overall SFA algorithm framework is shown in Figure 1.
The algorithm checks if the previous information rate is
larger or smaller and whether it increased or decreased on
the previous click. If the previous information rate
improved, and it was increasing the number of computers
displayed, or if the rate became smaller and it was
decreasing the number of computers displayed, then the
algorithm will cause the number of computers displayed to
increase. The converse is true also, which would cause the
algorithm to decrease the number of computers displayed.
By default, the SFA algorithm will increase the number of
computers after the first choice, in order to have two rates to
compare. Any increment or decrement is done two
computers at a time.

4.6.2 P-Q choice algorithm

Determining which computers to display in the FASP is
accomplished using what we term the p-q choice algorithm.
The P-Q metric is calculated for each iteration of the choice
set experienced by the subject. Once the number of choices
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has been determined (based on SFA), the question is which
computers to display. To make this decision, we use
a square window, centred on the previous choice on the p-q
plane. We choose 80% of the next set of computers
to be displayed from inside this window. The remaining
20% are uniformly randomly selected. If the user clicks a
choice again inside this window, the window size is
adaptively reduced. Further, if the user clicks outside of this
window, the window size is adaptively increased. We call
this process, which is used by FASP, ‘adaptive windowing’.

Sorting type

A second manipulation in our framework was based
on sorting of the information presented. Previous research
(Luce et al., 1999) has highlighted the difficulty consumers
face when making emotional trade-offs in their choices.
In particular, they highlighted the interplay between quality
and price as particularly difficult. In our experimental
paradigm, we identified price as a key attribute upon which
to vary the data that the subject was presented with.
Our task asked the subject to select their desired quality
of computer, given a price constraint. We expected the
subjects to face some level of deliberation in order to
make their decisions.

Our sorting manipulation was implemented at
two levels: sorting by price (sort-p), and no sorting (sorting-
none).

4.7 Method

We used a 5 (adaptivity levels) X2 (sorting options)
between-subjects factorial design. This created a total of
ten conditions, and randomly assigned each subject to
two different conditions, in random order. This allowed for
each subject to complete the task two times under two
conditions. Table 2 shows the codes.

Table 2 Manipulations

Info-low Info-high Sinu-med Sinu-high SFA
SORT-NONE Code 0 Codel Code2 Code3 Code 4
SORT-P Code5 Code6 Code7 Code8 Code 9

Thus we hypothesise that:

e  Subjects will have the highest quality-efficiency in the
simple adaptive feedback sort-p condition (Code 9).

¢  Frustration will be significantly higher for subjects
in the sort-none condition, regardless of which dynamic
number of choices control condition is presented.
We base this on the fact that the task asks the subjects
to select the best computer for a price ceiling of $3000.
Given this price ceiling, the subjects have to perform
the sort themselves when it is not present. When the

sort is present, the subjects may not be noticeably more
satisfied, but should be less frustrated.

¢ Quality-efficiency will be significantly lower for
subjects under the sorting-none condition.

4.8  Experimental methodology
4.8.1 Construction of dataset

Our first task in designing an interface for this experiment
is to construct a dataset. Due to the adaptivity manipulation,
it is important that we have a vast dataset. We have thus
created a dataset with over 4000 choices. Subjects will be
presented with the following attributes per choice:

¢ make (brand) — Gateway, Dell, IBM, HP (four options)
¢ model (fictitious combination of letters and numbers)

e processor speed — 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0
(seven options)

e hard drive size — 20, 40, 60, 80 (four options)
e RAM-256 MB, 512 MB, 1024 MB (three options)

e  drive type — none, CD-ROM, CD-RW, DVD
/CD-RW (four options)

e internet connectivity — none, modem, ethernet,
ethernet/wireless (four options)

e price — ranges from $499.99 to $5044.99.

Our pretests (outlined below) allow for brand ranges in the
dataset so as to reduce the impact of brand preference.
Also, in our individual differences questions, we will assess
brand preferences for the brands represented in our dataset.

4.8.2 FASP (Feedback Adaptivity Simulation
Program)

A computer program (Figure 6) has been designed to create
the choice paradigm for the subjects, called Feedback
Adaptivity Simulation Program (FASP).

The subject was presented with the following task:

After hitting continue, you will be presented with a
set of computers on the right hand side of your screen.
Given a budget of at or under $3000, select the computer
that best fits your needs for each set you see. Each time you
pick one from the group presented to you, you will be
presented with another set to choose from. Continue
selecting computers until you think you’ve found the best
selection for you. At that point, click the ‘Buy’ button.

The set of initial choices presented to the subject
depends on which code they are randomly assigned to.
The set(s) of choices which follows is derived from the
price-quality algorithm (PQ; as given in Figure 4).
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Figure 6 Feedback Adaptivity Software Program (FASP) (see online version for colours)
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4.8.3 Pretests conducted each other. Table 5 gives the results for the attribute

. . weights, sorted by the subject set.
In order to answer the question of how we can determine & Y 4

the range of chmcqs to present to the subject, We.must be Table 3 Results for set 1 part 1 (within-ranking technique)
able to rank our choice set. These surveys were designed for
two purposes: Mean Std. deviation
. L C g FUJIT! 4.0185 1.53168
¢ to determine objective weightings for the brands we WIISY
. ACER 4.5185 1.74604
chose in our dataset
COMPAQ 5.8167 2.09001
e to create weights for our chosen set of computer HP 6.4333 1.92885
attributes. TOSHIBA 6.4737 2.06474
SONY 6.7667 1.90444
4.8.3.1 Pretest I IBM 7.1833 1.34414
. . . APPLE 7.2333 222716
Pretest 1 contained two parts: part 1 which asked subjects
. GATEWAY 7.3500 1.87153
to rank ten brands of desktop computers in terms of
DELL 8.0000 1.73711

reliability, technical advancement, and quality; part 2 asked
subjects to rank attribute weights for brand, type of CPU,
processor speed, hard drive space, amount of RAM, type

Table 4 Results for set 2 part 1 (absolute rating technique)

of CDROM, and type of internet access. This pretest was Mean Std. deviation
administered by offering extra credit value to students of FUJITSU 11667 181186
an updergraduate advertlsmg marketing class. Even though ACER 51667 167874
the directions and samples given on both parts of the survey °p 6.1282 223830
were very explicit, confusion by subjects caused them to use COMPAQ 6.2564 2.05550
two different techniques in practice. Both techniques ’ )

. . . .. TOSHIBA 6.7179 1.78909
provide valuable information, so the decision was made APPLE 72564 1.98211
to analyse both sets independently. Table 3 shows set 1 SONY 7-2564 1'63952
(20 subjects), the group who, instead of ranking the GATEWAY 7'4103 ]'70595
computers against each other, followed an absolute ranking 1BM 7.5128 1'151 51
scale. Table 4 lists results for set 2 (12 subjects), the group ‘ :

DELL 8.1026 1.86778

who ‘followed directions’ and ranked the computers against
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Table 5 Results of attribute importances

BRAND CPU SPEED HARD RAM CDROM INTERNET

Set1 350 438 538 450 4.00 312 3.12
Set2 425 3.08 433 350 408 4.17 4.58
Mean 3.88 3.73 485 400 404 3.64 3.85

The results of this pretest were then used in the price/quality
algorithm to select the correct surrounding choice set.

4.8.3.2 Pretest 2

Pretest 2 also contained two parts: part 1 had every subject
rate every brand of desktop computers using a five-item,
seven-point semantic differential product evaluation scale.
(Bruner et al, 2001); part 2 gathered demographic
information per subject and asked each subject for his or
her favourite desktop computer brand. This pretest was
administered to an undergraduate relationship marketing
class, completely different from pretest 1. There were
20 valid subjects. The results of part 1 of this pretest are
given in Table 6. Dell was chosen as the favourite brand of
14 out of the 20 respondents.

Table 6 Ratings of brands using product evaluation scale
Mean Std. deviation
Acer 3.8200 1.00922
Fujitsu 4.1700 1.07464
Gateway 4.3200 1.02885
Compaq 4.4700 0.89742
Apple 4.5200 1.41034
Toshiba 4.5400 1.12783
IBM 4.6600 1.05051
HP 4.6800 1.06504
Dell 4.9500 1.01955
Sony 4.9700 0.60966

Source: Bruner et al. (2001)

4.8.3.3 Pretest results

The results from these two pretests were then used to
finalise our dataset. For example, our original dataset had
the following four computer types: HP, Dell, IBM, and
Gateway. Based on the data from the pretests, we changed
it to have the following four brands: Compagq, Toshiba,
IBM, and Sony. These results were also used in the
price/quality algorithm in order to calculate quality, using
attribute weights.

5 Results

Our test for Hypothesis 1 was conducted by creating three
groups. The first group is the combination of codes 0, 1, 2,

3,5, 6, 7, 8, and this group is called the group ‘None’
(1=0.31, n=101). Code 4 is the SFA-unsorted condition,
called ‘Adaptive-unsorted’ (zz=0.32, n=21), and Code 9 is
the SFA-sorted condition (u=0.49, »=22). Using
ANOVA, we compared these three groups on the
quality-efficiency measure and found that SFA-sorted
was significantly better than the other two conditions,
F=3.12,p<0.05.

Hypotheses 2 and 3 required the groups to be separated
into two combinations. Codes 0-4 were the unsorted
condition (sort-none) and codes 5-9 were the sorted
condition (sort-p). Testing these hypotheses yielded
significant differences in both frustration (F=3.58,
p<0.06) and quality-efficiency (/'=3.74, p <0.05) for
the two groups. Mean frustration for sort-none was
2.84 (n=283), and for sort-p was 2.45 (n=78). Mean
quality-efficiency for sort-none was 0.29 (n =74) and for
sort-p was 0.39 (n = 70).

In our analysis of the data, we also noted other
interesting relationships in our quality consciousness
individual differences measure. More specifically, the data
mean values for satisfaction of the subjects who had three
different levels of quality consciousness show interesting
relationships for the cases of adaptive-sorted choices,
adaptive unsorted choices and the non-adaptive choices.
In Figure 7, what we see is that the function that is mapping
quality consciousness to satisfaction is monotonically
decreasing for the non-adaptive and the adaptive-unsorted
cases, but is not monotonic for the sorted-adaptive case.
We see the non-monotonicity of adaptive-sorted case as
compared to other two that are monotonic when we plot
quality-efficiency with respect to quality consciousness.

Finally, H1 established that sorted choices have more
desirable design features than unsorted ones, both in terms
of subjective frustration level and in terms of objective
quality-efficiency. Hence, we will now focus on the
comparison of sorted choices. We can represent the data
for five different testing conditions. We have plotted these
experimental conditions on an R* Cartesian plane where the
x-axis is quality-efficiency and the y-axis is the total elapsed
time for making the final decision. Each point represents
a vector. The coordinates for sinu-med are (0.35, 85.81),
for sinu-high are (0.38, 75.75), for low-info are
(0.28, 125.5), for high-info are (0.34, 87.85), and for
feedback control (SFA) are (0.49, 70.45). However, in this
R? plane we would like to define a norm function that would
be related to desirability of conditions. It is desirable to
have low total elapsed time accompanied by high
quality-efficiency. Therefore, we plot the experimental
conditions again with the same x-axis as before but with
a new y-axis being the reciprocal of the total elapsed time.
This result is shown in Figure 8. Now, the Euclidean norm,
that, incidentally, is positively related to desirability, on
the vectors can be used. The experimental condition with
the highest norm and, consequently, the highest desirability
is the feedback control condition (SFA).



162 A.S. Krishen and K. Nakamoto

Figure 7 Quality consciousness impact (see online version for colours)
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6 General discussion

Our experiment and results show the wvalue which
can be added to a choice setting by optimising the
number of choices presented to a subject. The most
important result, maximising of quality-efficiency using
sort-p simple feedback control, shows that the technique
of feedback control is well-suited to the domain of
consumer choice.

7 Conclusions and implications

This research ties together two very different areas of
marketing in order to create a decision-making problem
for the consumer which, as we have seen in the internet
setting, is as much based on a selling motif as a choice
paradigm. The novelty of this paper lies in the presentation
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of the theoretical underpinnings of the SFA algorithm,
the development of FASP for our experimental paradigm,
and the dualistic (objective and subjective dependent
variables) measurement of optimal decisions. We can
expand our domain of application by testing feedback
control on other web-based design criteria (number of links,
number of popups, etc.). In terms of consumer behaviour,
there are many other variables which we could have
measured, such as consistency of choice quality per
choice set, consistency of price range per choice set, etc.
Our experimental design can also be enhanced in future
resecarch to create a task not focused on price range.
Choosing computers as a domain was purposeful, since this
study was conducted on college students and this is a very
salient domain. In future experiments, we could also vary
that domain to see how different choice domains affect the
feedback control approach, if at all.
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Appendix 1

Below are the basic equations which underlie our feedback
control model:

@ = G001, p)
t

max{J (x,u) = [ * (1)}

w* =u* (x(1),x(t — Ar))
where
x(f): Information rate of the user
u(?): Number of choices displayed
P Vector of model parameters
J(u):  Performance measure for information rate

u* Solution of this optimal control problem, which
is a feedback solution.

Appendix 2
Measure Items
Quality 1 Getting very good quality is very
consciousness important to me
2 When it comes to purchasing products,
I try to get the very best or perfect choice
3 In general, [ usually try to buy the best
overall quality
4 I'make special effort to choose the very
best quality products
Price 1 Ishop for a lot for ‘specials’
COnSCIOUsSness 7 T find myself checking the prices in the

grocery store even for small items

3 T usually watch the advertisements
for announcements of sales

4 A person can save a lot of money
by shopping around for bargains

5 I check the prices even for inexpensive
items

I pay attention to sales and specials

Clothing, furniture, appliances,
electronics, ... whatever I buy, I shop
around to get the best prices

I usually purchase the cheapest item
I usually purchase items on sale only
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Appendix 2 (continued)

Appendix 2 (continued)

Measure Items Measure Items
Product 1 I feel quite knowledgeable about Product 6 Compared to most other people, [ know
knowledge computers knowledge less about computers (r)
2 Among my circle of friends, I’'m one of 7 Thave heard of most of the new computer
the ‘experts’ on computers brands that are around
3 I do not feel very knowledgeable about 8 When it comes to computers, I really

computers (7)
I know pretty much about computers

5 Irarely come across a computer brand
that [ haven’t heard of

do not know a lot (r)




