
366 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 7, NO. 1, JANUARY 2022

Effect of Robot Embodiment on Satisfaction With
Recommendations in Shopping Malls
Kazuki Sakai , Yutaka Nakamura, Yuichiro Yoshikawa , and Hiroshi Ishiguro

Abstract—Recent developments in conversational technologies
have attracted researchers to study their applications in recom-
mending items through conversations. It is considered that physical
robots, rather than virtual ones, are effective in situations in which
robots talk about items near participants. However, in real situa-
tions, robots may be required to recommend items that are present
but invisible in the scene of the communication. In this study, we
conducted a field experiment in a shopping mall to investigate
the effects of robot embodiment on recommendation tasks. The
robots recommended a dish after talking to participants about their
food preferences. We developed a conversational recommendation
system and implemented it using physical and virtual robots. The
field experiment was conducted in a shopping mall; the visitors
were encouraged to participate. The experiment lasted a total of
99 hours (9 hours per day for 11 days) inside and in front of a
food court. Although no significant difference in the behavioral
aspect was confirmed, the results obtained from 272 conversations
suggested that having physical bodies enhanced the satisfaction and
agreement with the robots’ recommendations.

Index Terms—Social human-robot interaction, acceptability and
trust, embodiment, field experiment.

I. INTRODUCTION

R ECENTLY, conversational robots that provide advanced
information, such as recommendations, have been de-

veloped [1]–[3]. These robots can provide sophisticated ser-
vices while understanding the user’s feelings and background.
Conversational robots are expected to be used in daily life
situations, for example, as artificial shop clerks [4] and in
hospitals [5].

The effectiveness of robot embodiment has been widely stud-
ied by researchers in the field of human-robot interaction. Recent
surveys have summarized studies concerning the differences
between physical and virtual robots [6], [7]. According to these
surveys, most studies reported that physical robots are more
attractive, persuasive, and positive than virtual ones, whereas
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Fig. 1. Humanoid robots: (a) virtual robots and (b) physical robots.

some studies showed the opposite results in certain situations.
One study showed that physical robots are effective for tasks
performed in real situations, whereas virtual robots are effective
for tasks performed in virtual situations [8]. According to these
results, physical robots are considered to be better than virtual
ones for recommending items that physically exist in the place of
the communication. However, in real-world applications of robot
recommendations, robots are sometimes required to recommend
items that are present but invisible in the scene of the communi-
cation. For example, when a robot recommends some items at the
entrance of a shop, these are not visible to the user or the robot.
Therefore, we should investigate whether having a physical body
is effective even if the recommended items are not visible to
the participants.

In this study, we conducted a field experiment in a shopping
mall to investigate the effects of robot embodiment recom-
mendation tasks. The robots recommend a dish after talking
to a participant about their food preferences. We developed
a multi-robot dialogue system that could talk to a participant
while successively estimating the next item to be questioned
or recommended based on the disclosed preferences in pre-
vious questions. In the experiment, we implemented the de-
veloped dialogue system in both virtual (Fig. 1(a)) and phys-
ical robots (Fig. 1(b)). Visitors to the shopping mall were
encouraged to attend the experiment. We evaluated their sat-
isfaction with the interaction by analyzing their question-
naire responses and their agreement with robot recommen-
dations by analyzing their utterances. Moreover, we exam-
ined whether the participants ate or planned to eat the rec-
ommended dish after the conversation with the physical or
virtual robots.

The remainder of this paper is organized as follows. In Sec-
tion II, related work investigating the advantages and disad-
vantages of having a physical body is described. Section III
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describes the development of the dialogue system for recom-
mendation. In Section IV, we describe the method and results of
the field experiment in a shopping mall. In Section V, the results
are discussed, and the conclusions are presented in Section VI.

II. RELATED WORK

Many studies have focused on the embodiment of a robot.
Such studies can be divided into two types: studies on whether
the appearance should be humanlike and on whether the body
should be physical. In the former type of studies, humanlike
robots were compared to smart speakers [9] or text chatbots [10].
In the current study, we focused on the latter type: a comparison
between physical and virtual robots. Many studies have shown
the positive effects of robots’ physical bodies on task-oriented
interactions (see review [6], [7]). However, because all studies
in these reviews were limited to laboratory experiments, the
effectiveness in real-world applications is unclear. Nishio et al.
conducted a laboratory experiment that was similar to a field
experiment. They found that physical robots were more effective
than virtual ones in communication when they succeeded in
speech recognition. However, this study focused only on the
elderly [11].

In the context of the robot’s recommendation and persuasion,
studies have investigated the effect of embodiment. Schneider
et al. showed that, in a robot application to encourage a user
to exercise, the time users spent exercising was longer with the
physical robot than with the virtual one, and the former was
preferred over the latter consistently [12]. Wang et al. showed
that for a decision-making task, a physical robot could influence
the user’s decision more than an onscreen agent with an identical
appearance [13]. However, this effect of physical embodiment
is not consistent across situations. Thellman et al. reported that
the social presence of an agent was a more influential factor
for user’s acceptance of it in an ultimatum game rather than
the agent’s embodiment [14]. An online survey to compare
the performance of food recommendation by a tablet device,
a humanoid robot, and a human suggested that the acceptance
rate was improved only in the human condition, but the effect
depended on the specific recommendation scenario [15]. There-
fore, the effectiveness of the robot’s embodiment is unclear in
our target situations where the robots recommended items that
were not displayed in front of the participants.

III. DIALOGUE SYSTEM

We developed a dialogue system with multiple robots that
recommended dishes while asking the participant’s preferences.
We adapted two robots into the dialogue system because multiple
robots improved the participants’ tolerance to continuing the
conversation even if recognition errors occurred [16], [17]. To
select the next items to ask about and recommend, the robots
successively estimated the participants’ preferences by using
Gaussian process regression [18] based on a similarity model.

Fig. 2. System architecture.

A. Preference Estimation

To estimate the user’s preference, we used subjective simi-
larity, which is a relational model of items reflecting a certain
person’s criteria. Subjective similarity is useful for calculating
the similarity between items of different categories, such as
foods and feelings. Subjective similarity is also useful for robots
to estimate preferences in situations where they do not have the
user’s information before the conversation.

Subjective similarity was created using the following proce-
dure. First, we collected the similarity data of a single person
by using the crowd clustering method [19], which divides the
entire task into small tasks to facilitate data input. Then, the
data obtained by the tasks are integrated and analyzed by an
infinite relational model [20], which obtains their similarity
relationships, that is, subjective similarity.

To estimate preferences based on subjective similarity, we
used a Gaussian process regression [18], which obtains the
estimated preference values of the items. Based on these values,
we chose the next items to ask about and recommend. Here,
we focused on the history of the values; that is, the item whose
estimated value was most changed from the previous estimated
value was chosen. When this strategy is used, the participant can
recognize that the current item the robot asked about is related
in some way to the previous items.

B. System Architecture

Fig. 2 shows the system architecture of the dialogue system.
The user utterances are recognized by the speech recognition
module, and the result is sent to the dialogue manager. The
speech recognition works only when the robots wait for the
answer. The dialogue manager obtains the information from
preference estimation and natural language understanding mod-
ules. Then, it generates the dialogue scenario consisting of mul-
timodal components: the robots’ utterances, gaze targets, and
gestures. That is, given the components, it generates dialogue
scenarios consisting of a command sequence for the robots
with the information of when it should be sent to the executor.
Note that some utterances were prepared as a template with
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Fig. 3. Dialogue flow.

variable word slots and completed with adequate words, such
as item names. To avoid giving a monotonous impression, some
utterances involve variant expressions to be randomly chosen.
The scenario executor schedules the commands and sends them
to the robots as scheduled.

The natural language understanding module performs mor-
phological analysis of utterance texts and then recognizes key-
words, including agreement/disagreement, and comments. Key-
word recognition is performed based on the word match method.
In advance, we manually created a list of all possible words
that the user could say to represent agreement or disagreement,
such as “yes” and “like” for agreement and “no” and “dislike”
for disagreement. If the results of the morphological analysis
include such prepared words, the module outputs the represented
category (i.e., agreement/disagreement). For comment recogni-
tion, the module extracts the content words (noun, adjective,
and verb) from the results of the morphological analysis and
repeats the words. The preference estimation module estimates
the preferences of items based on the preference estimation
method described Section III-A and chooses the next item to be
asked about by the robots. To establish eye contact between the
robots and user, the face position estimation module estimates
the position of the user’s face by using a depth camera and
updates the gaze target.

Fig. 3 shows the dialogue flow. First the robots asked a ques-
tion about the purpose of the participant’s visit. Then the robots
asked for confirmation to continue the dialogue. If the participant
disagreed with continuing the dialogue, the dialogue was ended.
Then the robots asked a question about the participant’s current
feeling. After that, the robots asked questions about participant’s
food preferences and reasons for them. After repeating the pref-
erence questions twice, the robots recommended a dish in con-
sideration of the obtained answers. After that, the robots asked a
question about recommendation evaluation. In the closing part
of the dialogue, the robots suggested eating the recommended
dish in the food court and asked the participant to complete the
questionnaire. To encourage the participants to plan to eat the
recommended meal, the robots talked to each other about their
impressions of the dish after the conversation. In all questions,
when the robots could not recognize the voice of the participant
because of the noise or long pause, the robots repeated the same
question. Fig. 4 shows an example of the dialogue.

IV. EXPERIMENT

To verify the effects of robot embodiment on recommendation
acceptance in a shopping mall, we conducted a field experiment

Fig. 4. Dialogue example. Speaker R1, R2, and H refer to Robot-1, Robot-2,
and Human, respectively.

at two locations, inside and in front of a food court of LaLaport
Expocity (a shopping mall in Osaka, Japan) from 11 am to 8 pm
on 15–25 March, 2020. All procedures in this experiment were
approved by the ethical committee of the Graduate School of
Engineering Science, Osaka University, Japan. We compared
two conditions: Physical and Virtual. One location was assigned
Physical condition and the other Virtual condition. The con-
ditions were switched daily. We evaluated the satisfaction and
agreement with the recommendations. In addition, we examined
whether the participants ate or planned to eat the recommended
meal after a conversation with physical or virtual robots.

A. Method

1) Participants: A total of 440 visitors to the shopping mall
(234 people in the Physical condition, and 186 people in the
Virtual condition) participated in the experiment. We only used
data obtained from subjects who were over 13 years old and
participated in the experiment for the first time. As a result,
the data of 137 participants (36 men, 78 women, and 23 undis-
closed) from Physical condition and 135 participants (47 men,
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Fig. 5. Experimental setup: (a) physical condition and (b) virtual condition.

71 women, and 17 undisclosed) from Virtual condition were
used.

2) Appratus: Fig. 5 shows the setups of the event booths.
Three desks were placed in each booth. A laptop PC with
touch display for acquiring the informed consent and providing
the instructions, a printer, and 2D code reader were placed on
the first desk. Two robots or a display, another laptop PC, a
microphone, a depth camera (Intel RealSense D435i), a pair
of stereo speakers, and a 2D code reader were placed on the
second desk. A box to collect the questionnaires and gifts
for participation in the experiment were placed on the third
desk. In Physical condition, two table-top humanoid robots
called CommU (developed by the collaboration between Osaka
University, Japan, and VStone Co., Ltd.) were used. In Virtual
condition, we used a display (FlexScan EV2750 27 in, EIZO)
with a screen sufficient to draw two virtual agents with the same
shape and size as CommU. To balance the positional relationship
of the robots from the viewpoint of the subjects, we adjusted the
scene camera (viewpoint of 3D rendering) at the top in front
of the robots. To distinguish the agents’ utterances, their utter-
ances were divided between the stereo speakers based on their
position. To emphasize to the participants that all robots/agents
were different, a name plate was set on the robots’ chests in
both conditions. When the robots spoke, their mouth opened
and closed in synchrony with the voice. With 14 degrees of
freedom, they could produce various nonverbal gestures such
as nodding.

3) Stimuli: The dialogue flow was the same in both con-
ditions. The duration of the dialogue was approximately five
minutes. Note that while there were no participants, the robots
talked to each other about food, experimental setup, and daily
life every minute.

In this study, we adapted the dishes of the restaurants in the
food court for the recommendations. Two dishes from 14 places
(28 dishes in total), from which we obtained a permission to use
their information, were chosen as the recommendation items.
To create subjective similarity, all dishes were labeled as food
categories. As a result, 21 labels were used. In addition, 18
expressions for the feelings related to eating a meal and an
additional 35 food items were used. For the final 74 items,
a single person in our laboratory repeated 200 small tasks to
input the similarity data. The subjective similarity used in the
experiment is shown in Fig. 6.

To link the questionnaire and system logs, we used a 2D code.
When the participants agreed to participate in the experiment on

Fig. 6. Subjective similarity matrix. The rows and columns of the matrix
are the IDs of the items. The shade of the matrix represents the degree of
similarity between the items: black indicates high similarity, and white indicates
dissimilarity. Note that the similarity is a continuous number ranging from zero
to one.

instruction graphical user interface (instruction GUI), the GUI
generated a unique ID. The ID, condition, and timestamp were
encoded into a 2D code, and a questionnaire paper with that code
was printed. Using the 2D code, the system could link the ID
and the conversation.

4) Procedure: First, the participants read the instructions
on the instruction GUI and decided whether to participate in
the experiment. The instructions described the purpose of the
experiment, precautions, flow of the experiment including the
questionnaire, the way to leave the experiment, and the treat-
ment of the acquired data. If they decided to participate in the
experiment, they pressed “participation” button placed on the
last page of the instruction GUI. If not, they pressed “decline”
button and left here. The subjects then received the printed
questionnaire with the 2D code and moved to the next desk
where the robots/display was placed. The participants then read
instructions that contained guidance on talking to the robots.
After reading the instructions, the participants held the 2D
code over the 2D code reader, which triggered the start of the
conversation. At the end of the conversation, the robots requested
participants to complete questionnaires using one of two options
(see Fig. 4). If the participants planned to go to the food court,
they brought the printed questionnaire with them. After finishing
eating, they completed the questionnaire and returned to the
booth to place it in the box. If the participants did not have
plans to eat, they completed the questionnaire immediately and
submitted it.

5) Evaluation: The same questionnaire was used for all par-
ticipants. The questionnaire consisted of two parts: two items
about gender and age and seven items about the participants’
impressions of the dialogue. Two of the seven items queried the
experience with the experiment.

Q1 Did you talk to these robots?
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Q2 Did you talk to the robots in the other location?

For Q1, the participants selected from three options: one, two,
and more time(s). For Q2, they selected from four options: no,
one, two, and more time(s).

The next two items queried the eating activity:

Q3 Did you eat something in the food court?
Q4 Did you eat the recommended dish today?

We asked Q3 to check if the participants had eaten a meal
before the conversation with the robots. That is, we asked if
(i) they had eaten before the conversation, (ii) they ate after the
conversation, or (iii) they have not eaten yet. We asked Q4 to
check if the participants accepted the robots’ recommendation.
That is, we asked if (i) they have eaten the recommended food,
(ii) planned to eat the recommended food, or (iii) have not eaten
the recommended food yet. We supposed that persons who have
not eaten it yet but planned to do so later chose the second option,
while those who have not eaten it and did not plan to do so later
chose the third option.

The remaining three items queried the satisfaction with the
conversation:

Q5 Did you enjoy the conversation with the robots?
Q6 Did you feel that the robot’s recommendation was persua-

sive?
Q7 Do you wish to talk to the robots again?

For Q5-7, they rated the items on a seven-point Likert scale
ranging from 1 (“strongly disagree”) to 7 (“strongly agree”).
The midpoint value of four corresponded to “undecided”. We
calculated the average scores of the satisfaction items.

To evaluate the agreement with the recommendations, we used
the score that was provided as an answer to the last question of
the conversation, that is, “How would you rate our recommen-
dation out of 100?”. Note that we used only scores that were
successfully recognized by speech recognition.

B. Results

First, we checked the smoothness of the dialogue. We com-
pared the number of times that the questions were repeated
when the dialogue system did not obtain any utterances from
the speech recognition using a t-test. As a result, we found
no significant difference between conditions (Physical condi-
tion: M = 2.190, SD = 2.315; Virtual condition: M = 1.817,
SD = 3.235; t(124) = 0.813, p = 0.418).

Fig. 7 shows the boxplots of the average scores of satisfaction
with the dialogue. Note that Cronbach’s alpha of the three items
about satisfaction was 0.91. The average score of satisfaction in
Physical condition was found to be significantly higher than that
in Virtual condition (Physical condition: N = 130, M = 5.951,
SD = 1.106; Virtual condition: N = 131, M = 5.599, SD =
1.413; t(245) = 2.242, p = 0.026).

For Q3, 24 participants in Physical condition and 15 par-
ticipants in Virtual condition answered, “after conversation”.
Among these participants, the number of people that answered
“have eaten” or “plan to eat” for Q4 was 6 and 5, respectively. We
compared the ratio (6/24 vs. 5/15) using a two-sample proportion

Fig. 7. Boxplots of the average score of satisfaction.

Fig. 8. Boxplots of the scores of agreement with the recommendation.

test. However, we did not find a significant difference between
the conditions (χ2(1) = 0.317, p = 0.574). In contrast, in Q3,
32 and 36 participants answered that they had eaten “before the
conversation” in Physical and Virtual conditions, respectively.
Moreover, 80 and 82 participants answered that they “have not
eaten yet” in Physical and Virtual conditions, respectively. In
the sample of participants who have not eaten, there was no
significant difference in the ratio of persons choosing the option
of “plan to eat” in Q4 between Physical (3 out of 80) and Virtual
(7 out of 82) conditions (χ2(1) = 1.602, p = 0.206). In the
sample of users who had eaten before the conversation, there
was no significant difference in the same ratio between Physical
(3 out of 32) and Virtual (2 out of 36) conditions (χ2(1) = 0.363,
p = 0.547).
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Fig. 8 shows the boxplots of the scores of the participants’
agreement with the recommendation, which is successfully
recognized by the speech recognition. The score of Physical
condition was found to be significantly higher than that of
Virtual condition (Physical condition: N = 53, M = 79.358,
SD = 26.328; Virtual condition: N = 50, M = 67.760, SD =
31.230; t(96) = 2.032, p = 0.045).

V. DISCUSSION

No significant difference in the number of repeated questions
indicated that the participants’ impressions of the robots’ capa-
bilities for understanding the participants’ utterances were not
biased between the conditions. Analyses of questionnaire scores
revealed that the participants’ satisfaction and agreement with
the robot’s recommendation was enhanced by the robots having
physical bodies. The current result suggests that the positive
effect of the physical embodiment reported in a previous labo-
ratory experiment [8], [21] remains valid even in a real-world
recommendation situation, where the recommended item is not
displayed in the location of the conversation. This will accelerate
the use of physical robots in real situations, although the problem
of high cost remains. However, it is worth noting that the
result regarding the agreement of the recommendation is limited
because the agreement score was obtained through speech recog-
nition; therefore, we considered only the partial cases in which
the participant’s answer was successfully identified. In addition,
it should be clarified whether eating the recommended food,
eating other food, or not eating anything before talking to the
robots or completing the questionnaire influences the results of
the questionnaire and the agreement with the recommendation.
For example, if the participants eat the recommended food, they
might provide a higher evaluation rating. Conversely, if they eat
food that the robots did not recommend, they might give a lower
evaluation score. However, owing to the small sample size, it is
difficult to analyze this effect. To examine it, we would need to
encourage the participants to complete the questionnaire after
having a meal by providing an incentive, such as a discount.
Moreover, we would require a mechanism to monitor which
dish the participant ate.

However, we did not find a significant difference in the ratio
of participants who ate or planned to eat the recommended
dish after the conversation. A possible reason is the time of
the experiment, which did not involve only the lunch and dinner
time but also the time between; however, the food court provided
menus suitable for lunch and dinner. Therefore, in the in-between
periods, it was difficult for the robots to motivate participants
to eat the recommended meal even if the recommendation was
successfully provided in terms of the participants’ impressions.
Another possible reason for the non-significant difference in
this measure is the choice of topic to be recommended. A
previous study [22] revealed that users did not prefer to talk
about non-robot-friendly topics, such as food and art, with
conversational robots. This might decrease the influence of the
robot recommendation in the current experiment, where the
robots recommended a food dish to be eaten. In the future,
it is worth examining the recommendation effects with more

robot-friendly topics, such as books and electrical appliances,
which are understandable by the sensing modalities available to
the current robots.

The number of participants who planned to eat something
and accepted the recommended dish (6/24 and 5/15) was small.
We consider that the low numbers happened because of the
bad choice of time for experiment including the period between
lunch and dinner as well as the potential non-robot-friendliness
of the topic of food. On the other hand, although these success
rates (25% and 33% in Physical and Virtual conditions, respec-
tively) were not large and should be improved in the future work,
we did not consider that they are quite low or hopeless because
the chance level was 7% in this study, which is the probability of
randomly selecting one restaurant from the 14 participating ones.
If the results were from a reliable analysis with sufficient number
of samples, it could imply that the robots’ recommendations
have influenced the participants’ food selection. To confirm
this, we need to increase the number of conversations with the
participants who had not eaten food before the conversation.
However, in the current implementation, the robots did not
actively encourage the visitors to participate in this experiment.
In the future, we will develop new technology for attracting
visitors. In addition, to evaluate the success rate of the current
dialogue system, it is worth conducting further experiments to
compare it to humans or other media.

This study had some limitations. In this study, we used virtual
robots on the screen to be compared to physical ones; however,
a physical robot displayed on the screen could be another
candidate for comparison. Li et al. stated that the essential
differences between physical and virtual robots are whether they
have physical bodies and whether their bodies are shown on the
monitor [6]. In the future, we should also include the condition of
a physical robot displayed on the screen to investigate how these
two factors contribute to the impressions. Second, we used only
one subjective similarity model created based on one person’s
criteria. Therefore, the participants may consider the order of the
questions strange. It is worth developing a mechanism to adapt
the similarity model and examine its effect on the recommenda-
tion conversation. Third, we evaluated the behavioral metric with
a questionnaire. To optimize the current dialogue systems as the
recommendation system, we need to define a reliable behavioral
metric to check if the participants purchased the recommended
items. Therefore, it is worth conducting future experiments with
the extended dialogue systems not only recommending items
but also directly selling them.

VI. CONCLUSION

We investigated the embodiment of robots in a shopping mall.
We conducted a field experiment in which physical or virtual
robots recommended the dishes to visitors of the food court.
Our results suggest that physical embodiment enhances the
participant satisfaction and agreement with recommendations.
However, we did not find a significant difference in behavior
change after the conversation with the robots. The results will
encourage not only researchers but also businesspeople to in-
troduce physical robots into daily life situations, even though
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the cost problem remains. In future work, we will investigate
the influence of embodiment on behavior change and of another
type of agent, such as a physical robot displayed on a screen.
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[21] J. Fasola and M. J. Matarić, “A socially assistive robot exercise coach for
the elderly,” J. Hum.-Robot. Interact., vol. 2, no. 2, pp. 3–32, 2013.

[22] T. Uchida, T. Minato, and H. Ishiguro, “The relationship between dia-
logue motivation and attribution of subjective opinions to conversational
androids,” Trans. Japanese Soc. Artif. Intell., vol. 34, no. 1, pp. 1–8, 2019.
[Online]. Available: https://www.jstage.jst.go.jp/article/tjsai/34/1/34_B-
I62/_article/-char/en

https://dx.doi.org/10.15607/RSS.2020.XVI.010
https://www.jstage.jst.go.jp/article/tjsai/34/1/34_B-I62/_article/-char/en
https://www.jstage.jst.go.jp/article/tjsai/34/1/34_B-I62/_article/-char/en


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


