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Now, let us look at the dataset that was collected.
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Our study is based on a large dataset collected from Four- #1
square using the system APL We crawled user profile data : v

-

consisting of user type, user home city, list of friends, mayor-
ships, tips, dones, total number of check ins, Twitter screen
names and Facebook identifiers. Our crawler ran from Au-
gust to October 2011, collecting a total of 13,570,060 users,
which is a good approximation of the entire Foursquare com-
munity at the time of the crawling since, reportedly, the num-
ber of users registered in Fourstuare was 10 million in June
2011, reaching 15 million in December of the same year
[13]. Our dataset contains 10,618,411 tips, 9,989,325 dones
and 15,149,981 mayorships at 15,898,484 different venues.
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So, the dataset is about total of about 13 million users collected ran from August to
October 2011, the total of 13 million users. It is almost close to the entire Foursquare in
terms of the number users that are using I and the total dataset contains 10 million tips
and what we are interested in the data particularly the questions that we are asking as |
said, we are interested in mostly the tips, dones and mayorships, because that is the

information that is publicly available.

What can you use this information for in terms of the actually getting the location of the
particular user. It is the total number of tips that are available in the dataset is about 10
million, total number of dones is about 9 million, and mayor ship is about 15 million and

different venues that are available are about 15 million again.
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ation, tions in the map.
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Table 1. Dictionary. GI = geographic information. UHC = User Home
City. VL = Venue Location,

| Statistics | UHC | VL |
Four- # in dataset 13,570,060 | 15,898 434
data # valid GI 13,299,112 | 11,683,813
ayor- # valid but ambiguous GI 359,543 | 2,868,636
#non-GI 244233 | 4,214,671
SICEL # empty entries 26,715 0
Au- s
Sers, Table 2. Quality of Geographic Information.
com- [ Quality | #Users [ #Venues |
num- Continent 107 61
June Country 602,932 | 294,596
State 390,224 93,513
yedt Conntv 251.383 276.097
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So, let us just look at just characterization of this data, which is what kind of in generally
about the dataset that is available. So, we will look at every table and every figure in this
paper. Also here if you look at the number in the dataset is 13 million UHC. UHC stands
for user home city; VL stands for venue location, the number of venues that are

available; and Gl stands for geographic information right.

Of course, there is going to be some information, some locations which are not going to
be valid right for example, something in the middle of sea, you are not going to get any
location, and there are locations that may be generated which is somebody’s heart right,
h e art. So, these kind of locations has to be removed that is what happened between
number in the dataset and valid Gl; valid, but ambiguous which is it is valid, but we are
not able to figure out the exact location, reverse look up, and find out the location that
falls into the third row.

INGR®GE0GFAPAIE information and empty entries, so essentially the dataset (NaSipruned to

get data which the researchers can actually use to do the analysis right. This is what even
you would do for the home works that you did you collected SO data, but you probably
did not do the way to actually PHlli€ the data to get more accurate, more specific data.



(Refer Slide Time: 04:00)

LN 7 Wesk-paper pt
Boe | BTPeaESE|®® s 1o =@ wx-| 143|082 Tools | Fll&Sign | Comment

7 #non-GI 244233 | 4214671
b #empty entries 26,715 0
Au-
users, Table 2. Quality of Geographic Information.
com- [ Quality [ #Users [ #Venues |
num- Continent 107 61
I e eI T
tate 2 3,513
dy = County 251,383 | 276,097
L City 10,354,058 | 6,937,523
nues. Neighborhood = 981,139 | 1,060,124
Area of Interest/Airport 27,307 47,896
Street 326,751 95,543
Point of Interest 5,607 9,192
quare Coordinate 61 32
ilable
edin- Thus, in order to standardize the home city and venue lo-
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Also the quality of geographic information is continent, countries, state and this
information that is available in this dataset is number of users, number of venues.
Country, state, county, city, neighborhood, area of interest or airport, street, point of
interest and coordinates. So, all this pieces of information you will get in your json when
you collect data from foursquare. And this (Nasibasicallyapruned to get more quality data
which can be used for analysis, is that making sense. So, these are called exploratory
data analysis, here we just explaining the data itself describing the data in terms of what
is available in the data that was COllECted.
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e 4580~ identify Tocations at the finer granularity of streets. More-
over, note that the use of standardized city name allows us to

location

5http ://developer.yahoo.com/geo/placefinder/

0
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Multiple tools were used. So, let me just show you one of them which are developer dot
yahoo dot com slash geo slash placefinder. These kind of tools lets you actually reverse
look up a place and find out where they are in the map; if you give them location, it can
actually give you the latitude, longitude even the other way round, you give the latitude

longitude it will give you the location.
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Many of such tools were used in this particular research to find out the location of the
check ins, location of tips, and other information that was collected. So, if you look at the
rest of the analysis, so here is the two figures that we will also talk about; first let us talk

about the figure 1, which is shown on the left, but let us look at the content.
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whereas 890 thousand users have all three attributes. Thus,
exploiting these attributes to infer a user home city is promis-

,Tips  ing as the required information is available in a large fraction
of all users. Moreover, as shown in Figure | and consistent
with previous analyses of Foursquare [14, 17}, the distribu-
tions of the numbers of mayorships, tips and dones per user
are very skewed, with a heavy tail, implying that few users
have many mayorships (tips or dones) while the vast major-
ity have only one mayorship (tip or done). Indeed, for users
that have one of these attributes, we find that 69% (59%
and 56%) of the users have 2 or more mayorships (tips and
dones).

Figure 2 shows the distributions of numbers of mayorships,
tips and dones per city, considering only cities with at least

For the figure 1, as shown in the figure 1 and consistent with previous analysis of
Foursquare the distribution of number of mayorships, tips and dones. So, this is what you
do first when you collect such data. So, one other things that you would have generally
seen in social media analysis is to show whether the data is a power law or show over
that the data that you have collected from social media follows the Pafetonprinciple.
which is to say that 20 percent of the users only actually contribute to the 80 percent of

the content that is generated on the social media.

One of the similar type of graph was drawn here which is to see the distribution of
mayorships, tips and dones per users and the inferences that they are skewed, with a
heavy tail, implying that few users have many mayorships - tips or dones, while vast
majority of them have only one mayorship, tip or done. So, that is essentially what a

Pareto principle is that is essentially, what power law is also.
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So, if you look at the graph which is on the left for the figure 1, you will see the same
thing which is large amount of, so large amount of users actually have small amount of
users have so that is what this here. So, let us take figure 90 percent of the data is getting
generated by small set of users; majority of the users over here do not contribute to any

of the mayorships, tips or dones, so that is the graph that you would read.
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Similarly, let us go to figure 2. Figure 2 shows the distribution of number of mayorships,

tips and dones per city, considering only cities with at least one instance of the attribute.

ma

ity have only one mayorship (tip or done). Indeed, for users
that have one of these attributes, we find that 69% (59%
and 56%) of the users have 2 or more mayorships (tips and
dones).

Figure 2 shows the distributions of numbers of mayorships,
tips and dones per city, considering only cities with at least
one instance of the attribute. As shown, the distributions are
also very skewed, with a few cities having as many as 100
mayorships, tips or dones.

Next, we analyzed the correlation between the number of
mayorships, tips and dones per city. We found that there is a
high correlation between the number of mayorships and the
number of tips across cities, with a Spearman’s correlation



So, it is actually wanted to see whether from a city, whether you are able to get a lot of
mayorship, tips and dones, this can actually help some, help find out how the data is. As
shown the distributions are also very skewed, with a few cities having as many as 100
mayorship tips and dones.
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So, again if you look at figure 2, the distribution is very similar in terms of the small
number of cities having large number of mayorship, tips and dones; and large number of
cities, do not have these. So, these are all large, so if you look at it somewhere around 80
or 90 years something that is only a small set of cities here. Large amount of cities do not
have mayorship tips and dones or very little as many - mayorship, tips and dones
because the condition was that they were considering only cities with at least one

instance of the attribute, which is they should have had one tip, mayorship or done.
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also very skewed, with a few cities having as many as 100
mayorships, tips or dones.

Next, we analyzed the correlation between the number of
mayorships, tips and dones per city. We found that there is a
high correlation between the number of mayorships and the
number of tips across cities, with a Spearman’s correlation
coefficient p [21] equal to 0.78. Similarly, the correlation is
also high between the number of mayorships and the num-
ber of dones (p = 0.72). Moreover, we found that the cities
with the largest numbers of mayorships tend also to have
large numbers of tips and dones, although some interesting
differences are worth noting. For instance, mayorships are
more concentrated in Southeast Asia, in cities like Jakarta,

Nacwduan awd annanen ceblnle mien tln e tlecenn Alelnn fad
nnnnnnn

So, then looking at correlation between the number of mayorship, tips and dones per city,
they found that a high correlation between the number of mayorship and the number tips
across cities, with the coefficient of 0.78. Similarly, the correlation is also high between
number of mayorships and the number of dones, which is if there are more mayorships
there in a city that is high chance that there will more of tips and dones also. This is
helping us to understand that where if | find cities which | have a high mayorship, I

should be able to find, there should be more of tips and dones also there.
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large numbers of tips and dones, although some 1nteresting
differences are worth noting. For instance, mayorships are
more concentrated in Southeast Asia, in cities like Jakarta,
Bandung and Singapore, which are the top three cities in
number of mayorships, jointly having more than 500,000

e

mayorships. Tips, in turn, are concentrated in different lo-
cations around the Earth: the top three cities in number of
tips are New York, Jakarta and Sdo Paulo, with a total of
600,000 tips. Dones, on the other hand, tend to be concen-
trated in venues in the United States, in cities like New York,
Chicago and San Francisco, which jointly received around 1
million dones.

We note that, although other studies [1, 8, 11] have exploited
textual features to analyze user location, we here chose not

[Py



So, if you look at the tips, tips are concentrated in different location around the Earth;
which is if you remember tips of the content that people post for a particular venue. The
top 3 cities in the number tips are New York, Jakarta and Sao Paulo with the total of
600,000 tips. Dones, on the other hand, tend to be concentrated in venues in the US, in
cities like first New York, Chicago and San Francisco, and total they have about 1
million dones, so which is to show that some cities, some popular cities have a lot of
these tips and dones _ being common in both tips and dones. Once again to say
that cities generate a lot of these tips mayorships and dones and of course, this would

also probably IEAENANG check ins also.
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tive Tips/Dones Posted per User.

We only consider attributes associated with venues that have

valid cities (validated by Yahoo! PlaceFinder) as location. We:
: g e : tips
Figure 3 shows these distributions in maps of the globe, with o
each point representing a city with venues with at least one B
it g% 6 tipo
mayorship, tip or done.” As the maps show, Foursquare with
venues are spread all over the world, including remote places et
such as Svalbard, an archipelago in the Arctic Ocean, with .. -
coordinates (78.218590,15.648750). Moreover, all three maps i
are very similar, with most incidences of points in Amer- Eom
ica, Europe and Southeast Asia. The distribution of mayor- o
ships, shown in Figure 3(a), is denser, with a total number of o
unique cities (79,194) much larger than in the distributions A
(=]

~of tips and dones, which cover a total of 54,178 and 30,530 e

So, here is another graph which we will see in figure 3 and figure 3 for that we will see.
So, figure 3 shows these distributions in maps of the globe with each pointer representing
a city with venues, with at least one mayorship tip and done. So, essentially until now
. only saw per city what is happening? Now when you look at it in a map, the figure 3
actually shows the - As the maps show, Foursquare venues are spread all over the

world including remote places such as Svalbard, an archipelago in the Arctic Ocean.
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(a) Mayorships. (b) Tips.
Figure 3. Global Distribution of Mayo
So, for example, let us go look at the figure 3 a, b and c. So, this is the mayorship. This is

basically showing you every dot in this graph, every blue dot in this graph, figure 3(a)
shows you the distribution of the mayorships that are available BFOUNCRNENVOrICIthal

WEFeIdBRE around the world.
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(b) Tips. (¢c)D
Figure 3. Global Distribution of Mayorships, Tips and Dones.
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Figure 3(b) shows you the tips that were done. So, if you see earlier, we saw that the
there is high correlation between mayorship, tips and dones. So, therefore, when

mayorships are high there is going to be tips and dones also which are high. So, you can



clearly see heavy concentration on many places in the world. And the last one is dones,
the figure 3(c) shows you green dot, every green dot is a done from that particular
locations. So, this basically shows you mayorships of the blue dot, tips - the red dot, and
the green dot being dones. So that is figure 3 is denser with the total number of unique

cities.
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8 are very similar, with most incidences of points in Amer- i
ica, Europe and Southeast Asia. The distribution of mayor- o gf]
ships, shown in Figure 3(a), is denser, with a total number of short p
unique cities (79,194) much larger than in the distributions oo
of tips and dones, which cover a total of 54,178 and 30,530 ag% o
unique cities, respectively. The somewhat sparser tip map lon’ !
(Figure 3(b)) indicates that there are many cities, particularly Forginz l
in Canada, Australia, central Asia and Africa, where, despite activity
the existence of venues and mayors, users do not post tips. of the ¢
The distribution of dones, shown in Figure 3(c), reveals an hors
even sparser map, with most activity concentrated in touris-
tic or developed areas, such as USA, western Europe and Next. w
southeast Asia. We note that a similar map was produced ’

for check ins in [21. Besides hoth datasets were collected at iFed in

So, the distribution of mayorships shown in figure 3(a) is denser with a total number of
unique cities being 79,000. So, 79,000 cities have higher check ins, have mayorships in
the figure 3(a) in the total data. And if you look at the figure 3(b), somewhat sparser tip
map for figure 3(b) indicates that there are many cities, particularly in Canada, Australia,
and Central Asia, and Africa, where H8SPitg their insistence of venues and mayors' users

do not post tips.

So, therefore, there is a chance that there are mayorships in that location, but not tips.
Figure 3(c), reveals . even sparser map, with most activity concentrated in touristic or
developed areas, such as USA, Western Europe and Southeast Asia. So, essentially even
though there is a correlation between mayorships, tips and dones, there is actually some
places - are sparser for a tips and dones.
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hglire 3. Global Distribution of Mayorships.
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Figure 4. Cumulative Distribution of Time Interval Between Consecu- Figure 5. (
tive Tips/Dones Posted per User. tive Tips/L

So, now let us look at figure 4; figure 4 here, so this is figure 4. Figure 4 is showing you
the cumulative distribution of time interval between consecutive tips and dones posted
per user. Why is this interesting? This is interesting to find out about the activity or the

frequency of activity of the users.
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users. We summarize user activity by the minimum, me-
dian, average and maximum inter-activity times. Figure 4
shows the cumulative distributions of these four measures
computed for all considered users. We note that the distribu-
tion of minimum inter-activity times is very skewed towards
short periods of time, with almost 50% of the users post-
ing consecutive tips/dones | hour apart. However, on aver-
age, median and maximum, users do tend to experience very
long periods of time between consecutive tips and dones.
For instance, around 50% of the users have an average inter-
activity time of at least 450 hours, whereas around 80%
of the users have a maximum inter-activity time above 167
hours (roughly a week).

Next, we analyze the displacement between two venues vis-

This is figure 4, figure 4 shows the cumulative distributions of these four measures. We
note that the distribution of minimum inter-activity times is very skewed towards short

periods of times, with the almost 50 percent of the users posting consecutive tips and



dones 1 hour apart, got it. So, that is it shows the there is a lot of content that are
generated, lot of tips are generated by users, tips and dones are generated by users within
apart 1 hour. However, an average, median and maximum users do tend to experience

very long periods of times between consecutive tips and dones.

So, essentially what - shows is again it is going back to the same power law concept,
there are some set of users where there is consecutive tips and dones are done very
frequently. There is set of population where this distribution is actually pretty skewed,
which is long set of long time taken between two consecutive tips and dones. For
instance, around 50 percent of the users have an average interactivity time of at least 450
hours that is close to about 20 days, whereas around 80 percent of the users have the

maximum interactivity of 167 hours - roughly a week.
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Figure 3. Global Distribution of Mayors|
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Figure 4. Cumulative Distribution of Time Interval Between Consecu- Figur
tive Tips/Dones Posted per User. tive Ti
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So, here is the graph for cumulative distribution of time interval between consecutive

tips and dones posted per user, . the same thing as what we saw in the text.
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For instance, around 50% of the users have an average inter-
activity time of at least 450 hours, whereas around 80%
of the users have a maximum inter-activity time above 167

hours (roughly a week).

Next, we analyze the displacement between two venues vis-
ited in sequence by the user, as indicated by consecutive
tips and/or dones of the user. For this analysis, we con-
sider only users with at least two activities, provided that the
venues associated with these activities have valid locations,
with “quality” of city level or finer granularity. Our dataset
contains almost 1.5 million users in this group. For these
users, we computed the displacements between consecutive
tips/dones by taking the difference between the coordinates

Now, let us look at the next figure, figure 5. So, this part we already saw. Figure 5 is
basically looking at the same question which is now we are analyzing the displacement
between two venues. The last figure that we saw was looking at two different timing in
which the post was done. Now we are looking at two different venues, which are done by

the same user CONSECULIVEIY.
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secu- Figure 5. Cumulative Distribution of Displacements Between Consecu-
tive Tips/Dones Posted per User.
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So, let us look at the figure 5, first and I will tell you what the figure 5 all means. So,

figure 5 is the cumulative distribution of displacement between consecutive tips and



dones posted per user. So, on the x-axis it is showing you the distance; on the y axis, it is

showing you the number of the distribution.
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of the activity computing the minimum, median, average and max-
| as the imum displacement per user. Figure 5 shows the distribu-
tions of these measures for all analyzed users. Around 36%
of the users have average and maximum displacements of

tonit. 0 kilometer, indicating very short distances (within a few

AStttmn

Figure 5 shows the distributions of these measures for all analyzed users. Around 36
percent of the users have average and maximum displacements of about O kilometers,

right, indicating very short distances - within a few meters.
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meters). Moreover, 70% of the users have an average dis- rev(c]’,'

placement of at most 150 kilometers, which could be char- ‘

& ok - : user
acterized as within the metropolitan area of a large city. Also i

60% of the users have a maximum displacement of at most

. : ; . A althc

100 kilometers, possibly the distance between neighboring com
cities. Thus, overall, consecutive tips/dones of a user are icalj

often posted at places near each other. However, there are We

exceptions. About 10% of the users have a maximum dis- -

placement of at least 6,000 kilometers.” C;JASSI

Finally, we analyze how often users return to the same venue ::e;
for tipping or marking tips as done. That is, we analyze the %

70 percent of the users have an average displacement of at most 150 kilometers, which is

basically somebody moving between cities. So, | probably from Delhi I go to Agra, and



then 1 do it check in all [VI&tAUFE, | do check in VIathUEE | do a tip or a done, that is what
is actually capturing within 150 kilometers.

And about ten percent of the users have a maximum displacement of about 6000
kilometers, this is probably international travel between two consecutive tips or dones, so
that shows what is the distribution of the users i@ we have in the dataset, the
consecutive tips and dones that they do on Foursquare. Let us go to the figure again. So,
this is basically showing you that 70 percent of the users are about 150 kilometers and
the 10 percent is about the 7000 kilometers that is what you will see in this figure.
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Figure 5. Cumulative Distribution of Displacements Between Consecu-
tive Tips/Dones Posted per User.
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So, if you seen here 7000 kilometers, so it is about the last 10 percent of the users, who
are about 7000 kilometers and then very short is about 70 percent. Average 70 percent is
that the green one is the average, the green square is the average. The red plus symbol is
a median, triangle is the minimum, and the circle is the maximum right, so that gives you

a sense of.
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users. We summarize user activity by the minimum, me-
dian, average and maximum inter-activity times. Figure 4
shows the cumulative distributions of these four measures
computed for all considered users. We note that the distribu-
tion of minimum inter-activity times is very skewed towards
short periods of time, with almost 50% of the users post-
ing consecutive tips/dones 1 hour apart. However, on aver-
age, median and maximum, users do tend to experience very
long periods of time between consecutive tips and dones.
For instance, around 50% of the users have an average inter-
activity time of at least 450 hours, whereas around 80%
of the users have a maximum inter-activity time above 167
hours (roughly a week).

Nlavt wa analima tha dicnlanamant hatiiaan fion vrannan i

So, now, what all we faVEISeen, we have seen the time, consecutive, tips or dones that is

done with respect to time, consecutive tips and dones with respect to distance.
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me‘mm. Mareaver. 70% of the nsers have an averaoe dis-

Now we will see the next figure, next figure is actually very interesting. Next analysis is
actually a very interesting analysis, where they saw how frequently that the check ins,
the tips or the dones are coming back for that particular location. So, this is distribution
of the returning time. So, if | do tip or a done in - how frequently do I actually do a
tip or a done in that location.
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of all measured returning times, as opposed to summarizing dlassific
them per user first, so as to compare our results against pre- sl
vious findings of check in patterns [2]. Figure 6 shows the il
distribution, focusing on returning times under 360 hours, e
which account for 69.7% of all measured observations. The potenag
curve shows clear daily patterns with returning times often Wi
being multiples of 24 hours, which is very similar to the dis- ihe attri‘
tribution of returning times computed based on check ins only the
[2]. We note, however, that 50% of the measured returning locatioi
times are within 1 hour, which cannot be seen in the Fig- tonsof
ure as its y-axis is truncated at 1% so that the rest of the Misyors
curve could be distinguished. Moreover, out of these obser- s
A ‘ i only tw
vations, 90% of them are at most 10 minutes. Thus, return- attribute
ing times, in general, tend to be very short. If we analyze the able to :
Jhehavinr ner ncer (amitted mare detaile _due tn enace can.

And the figure 6 shows the distribution focusing on returning times under 360 hours,
which account for 69.7 percent of all the measured observations. The curve shows
clearly daily patterns with returning times often being multiples of 24 hours which is
very similar to the distribution of returning times computed based on the check ins.

So, if you really look at what - it mean why is it 24 hours? If somebody checks into
office in the morning today that they have got into the office, shop, institute and
everything they do the same check in the next day, so that is what this means right.
Check ins, the references is given to another research where the check ins where seen but
in this case we are also looking at the tips or the dones. That is a very interesting
conclusion to know or basically it is complimenting the real world behavior that you

could expect from the users.
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Here is a graph, which you see here this is about 360 hours. And you can clearly see that
it's coming back. So, this is for every day 24, 48, 72, 96 120, so it is kind of coming back
every 24 hours and sometimes the frequency is also increasing for something happens.
So, this is 168 should be the week. So, therefore, there is a slighting increase from the
day that which is which is the 7th day of tips and done. | hope that is making sense
essentially the conclusion there is that people come back to that same location -

examples like me doing it in 1T Delhi, that is figure 6 that is an interesting analysis.

(Refer Slide Time: 25:09)

2 ek papacpt

[ e O MR RRCRE e Tools  Fill§Sign = Comment

We note however that, despite intuitive, the aforementioned
assumption is not guaranteed to hold for all users. As dis-
cussed in Temporal and Spatial Analyses section, 10% of
the users in our dataset have a maximum displacement of at
least 6,000 kilometers between consecutive tips and dones.

As a first step to address this question, we consider a sim-
ple approach that takes the most popular location among the
attributes (mayorships, tips and/or dones) of a user as her
home location, using a majority voting scheme. We note
that more sophisticated methods could be applied such as
classification algorithms (e.g., k-nearest neighbor) and other
machine learning techniques [8, 11, 1]. Inst€ad, we chose a
simple majority voting approach as it allows us to assess the
potential for effective inferences of this type in Foursquare.




So, now what we will do is, now we will attack the question that we started off with
which is to find out how much can be actually inferred about the users' home using this
data. So, in this case, we are going to actually use data for most popular location among
mayorships, tips and dones of a user or home location using a majority voting SCHeme. |
am going to explain to you at this voting scheme is there are two tables that we will look

at and,
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Table 3. Home Location Inference.
Classes Distribution
| Home City | Home State | Home
| ClassO [ Class] [ Class2 | Class0 | Class] [ Class2 | Class0 | C
727,179 | 847,876 | 239,129 | 707,953 | 913,166 | 110,110 | 727,179 | 10
725073 | 671,576 | 192,781 | 702,583 | 727219 | 99,672 | 725073 | &3
346,815 | 541,795 | 106,297 | 524,137 | 561,165 | 55,115 | 546,815 | 63

RS2 1100R

We will also see what mechanisms the authors followed in terms of generating this
information about what is the possible location that this person's home would be.
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In our evaluation, we group users into three classes. Class 0
consists of users who have a single activity, either a mayor-
ship, a tip or a done. In this case, the unique choice is to set
the user’s home location equal to that of her activity. Class
1 consists of users who have multiple activities with a pre-
dominant location across them. For these users, the inferred
location matches the most often location of their activities.
Class 2, in turn, consists of users with multiple activities in
which there is no single location that stands out (i.e., there

are ties). Our current inference approach cannot be applied g'i'
to Class 2 users.
We

Thus, we evaluate El}e proﬂposedﬂ moFie}? by ‘as;s-essing their  pog
Here is the scheme that they followed. They actually put the data into 3 buckets, class 0,
class 1 and class 2. The class 0 is of the users who have single activity either the
mayorship, the tip or done. They only have one activity in the dataset, whereas class 1
consists of users who have multiple activities with predominant location across them. So,
for example, | have multiple tips and dones, mayorships in my account, but there is one
which is very, very high which is IIT Delhi for that matter. Class 2 is consists of users

with multiple activities in which there is no single location that stands out.

So, again just to understand, if you understand this | think the inferences become much
simple, the logic the authors followed is that take all the users who are been doing this
tip, dones and mayorships in the data. Class 0 or the people who have only single activity
either a tip, or a mayorship or a done, class 1 is set of people who were where this one
majority location that shows up for them. Class 2 is a set of people where multiple
activities are done, but no single location is actually predominant in their activity, so that

is the kind of classification that they made with the users.
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Table 3. Home Location Inference.

| Classes Distribution
| ] Home City | Home State
|  Features | ClassO | Class] | Class2 | ClassO | Class] | Class
Mayorship 727,179 | 847,876 | 239,129 | 707,953 | 913,166 | 110,1
Tip 725073 | 671,576 | 192,781 | 702,583 | 727,219 | 99,67
Done 546,815 | 541,795 | 106,297 | 524,137 | 561,165 | 55,11

Mayorship+Tip | 898,293 | 1,322,214 | 300,831 | 878,578 | 1,398,351 | 146,5
Mayorship+Done | 825,009 | 1213917 | 270,974 | 805,029 | 1,278,784 | 1304
Tip+Done 831,759 | 1,038,268 | 223,093 | 807,091 | 1,089,638 | 116,

All 939,888 | 1,573,471 | 310,045 | 919,938 | 1,643,825 | 1539,
| : Accuracy
[ [ Home City | Home State
| Features [ Class0O | Class! [ Total | ClassO | Class] | Tota
[ Mayorship | 5161% | 6741% | 60.12% | 71.21% | 8092% | 76,10

Now | will show you two tables, one is the number of people, number of the data points
from this dataset. If you just consider the class 0, class 1 and class 2, how many people
are actually where you can infer home city, home state, and home country. So, how do |
read this graph this how do you read this table. This table is this column it showing you
features mayorships, tip and done, mayorship plus tip, mayorship plus done, tip plus
done and all of them, right. So, which is if you take only the mayorship, what is the class
0, which is only if I consider mayorship and there is only 1 activity by this user, there are
about 727,000 data points in class 0; 847,000 where that are users where one location is
actually predominant; and 239,000 there is no location that is predominant, that is how

you read this table, correct.

So, if you look at mayorships 127,000; mayorship plus tip 898,000; obviously,
mayorship plus tip will be higher, BllVIlINBEIRIGREEOrallNGTthem, bigger than all of
them and that is for the city. So, for the state 700,000 is for class 0; 900,000 are for class
100,000 is for class 2. Similarly, for the country, so that is giving you a sense of in the

data points or the pieces of information that is available for each of these features.
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Done 546,815 | 541,795 | 106,297 | 524,137 | 561,165 | 55,115
Mayorship+Tip | 898,293 | 1,322,214 | 300,831 | 878,578 | 1,398,351 | 146,526
Mayorship+Done | 825,009 | 1213917 | 270,974 | 805,029 | 1,278,784 | 130,439
Tip+Done 831,759 | 1,038,268 | 223,093 | 807,091 | 1,089,638 | 116,549

All 939,888 | 1,573,471 | 310,045 | 919,938 | 1,643,825 | 153,955
| Accuracy
| [ Home City [ Home State |
[ Features [ ClassO [ Class] | Total [ Class0 [ ClassT | Total |
Mayorship 51.61% | 6741% | 60.12% | 71.27% | 80.92% | 76.70%
Tip 51.52% | 67.29% | 59.11% | 70.29% | 80.59% | 75.53%
Done 50.09% | 61.74% | 55.89% | 70.16% | 78.38% | 74.41%

Mayorship+Tip | 51.57% | 66.24% | 60.31% | 70.21% | 80.27% | 76.39%
Mayorship+Done | 51.05% | 65.27% | 59.51% | 70.01% | 79.89% | 76.07%
Tip+Done SLI8% | 64.16% | 58.38% | 69.76% | 79.28% | 75.23%

All 51.46% | 64.86% | 59.85% | 69.74% | 79.53% | 76.02%

e consider onlv nsers whose home citv attribntes

Now, let us look at accuracy, which is if | were to use this information and find out that
mayorship, only using the mayorship, | am able to find the home city 51.6 percentage of
the times, wherever the percentage is higher it is been actually kept in bold. So, if you
look at mayorship it is class 0 on class 1, we cannot do class 2 because it is actually the
places where a particular location cannot be, one single location cannot be inferred,

which is because our goal is to infer actually the home location.

So, if | have multiple locations, I am not going to use that column, that is why class 2
does not exist in high accuracy. So, which 67 percentage of the times, home city can be
inferred, if 1 look at class 1 category of people. Which is I do a lot of tips and dones, but
my predominant place where | do a tip or a done, tip or a done is actually my home
location. Home state becomes higher, seventy percent and home countries even higher,
of course, the percentage for the country is going to be, so the percentage of city will
always be lesser than state, will always be lesser than country. Because here to get the
country that I am from India more difficult to get that . from Tamilnadu as a state it is
even more difficult to get that I am from Chennai, that is about the inference of the home

location.
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correctly predict the home city, we found that the best model
was All (1,504,262 correct inferences) followed by Mayor-
ship+Tip (1,339,152 correct inferences).

To better understand the models’ errors, we computed for
each incorrect inference the distance between the inferred
city given by the All model and the declared user home city.
Figure 7 shows the distribution of these distances. We found
that around 46% of the distances are under 50 kilometers,
which is a reasonable, distance between neighboring (twin)

Bsaytimn

THEFES another interesting graph that authors have which is figure 7, which I show you
the graph and then I will try to explain it.
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Figure 7. Cumulative Distribution of Distances Between Inferred and
Declared User Home City.

Asteitmn

So, here figure 7 is cumulative distribution of distances between inferred and the
declared home city, which is that because people actually declared that what the home
location in these services also. If you go to my account, you will find that is, if you go to
my facebook account | probably say that | am from the current location is from New

Delhi and my home location is from Chennai, so that information you can use to make



the difference which is what did we predict from the table that I showed you know,

which is prediction of my home location with class 0 or class 1.

And then use it for finding the difference between what did | say and what | actually
have, that is the graph here. So, x-axis is the distance of inferred and declared user home

city, and y-axis is the probability. So, this is how you will read the graph.
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To better understand the models’ errors, we computed for
each incorrect inference the distance between the inferred
city given by the All model and the declared user home city.
Figure 7 shows the distribution of these distances. We found
that around 46% of the distances are under 50 kilometers,
which is a reasonable distance between neighboring (twin)

Which is, distribution of these distances are shown in figure 7. We found that 46 percent

of the distances are under 50 kilometers that is what the authors did.
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Figure 7. Cumulative Distribution of Distances Between Inferred and
Declared User Home City.

We find that the models produce only marginally different



They actually zoomed in. So, this is meaning, this is 5000 kilometers, but as if you look
at this graph the inside graph is only for 100 kilometers. So, you can clearly see that 46
percent of the distances are 150 kilometers. So, here is 50 kilometers and if you see 46
percent should be somewhere here correct. So, 46 percent of the users are actually
having the error between finding the home location and the actual location is about 50
kilometers, that is pretty small, if I were able to actually use this information with only

50 kilometers of error which is | just getting it from the general behavior tips and dones,
thats quite effective.
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cities. Thus, combining these results with the correct infer-
ences produced by our model, we find that we can correctly
infer the city of around 78% of the users within 50 kilome-
ters of distance.

We now turn our attention to the inference of a user’s home
state, whose results are also shown in Table 3. We note
that, in comparison with the home city inference, all mod-
els improved for home state inference, reaching an overall
accuracy around 75%. Once again, mayorships arise as the
single attribute that produces the highest accuracy, for home
state inference, followed by tips and dones. Nevertheless all
models lead to very similar accuracies, both per class and
overall. Thus, once again, due to the larger user coverage,

Rstyitmn

So, if you just take this model, and then if you look at the - claim that 78 percent
of the users within 50 kilometers of distance, which is what they are saying is combining
these results with the correct inferences produced by our model, we find that we can
correctly infer the city of around 78 percentage of the users within 50 kilometers. So,
whatever your city is we will be able to make an inference of that city of about 78

percent within the 50 kilometers of distance, correct.



(Refer Slide Time: 35:27)

e 2 Weekd-papacpdt

m (here are SOMe USRS that Mave interstate mobility, Moreover, ™= =
. . W

the inference of the home state may help disambiguate home P
cities, such as the case of Springfield. Finally, at the coun- 13 S,

try level, we observed that there is a high concentration of fo

the activities considered (mayorships, tips and dones) in the 14. A
declared user home location. This can be verified by the St
higher accuracy that we obtained in our models. However, Ic
inference errors are still possible since some users may have 15. lTJ

his current home location outdated (e.g., a user who has just

W
moved to another country) or niay travel a lot around the
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So, that gives you a sense of how also if you go if you remember even in the abstract |
showed you this 78 percent of accuracy that the authors - that you can find the
home location. And of course, in the paper structure, you finish off with the conclusions
and future work and probably have some limitations if there are any data limitations in

data methodology, any limitations in the paper, right.
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model. Also, we can explore more sophisticated machine
learning approaches in attempt to increase our inference ac-
curacy. Moreover, we plan to investigate other types of in-
formation that can be inferred using the same attributes.

Acknowledgements

This research is partially funded by the Brazilian National
Institute of Science and Technology for Web Research (MCT/
CNPg/INCT Web Grant Number 573871/2008-6), and the

anthare’ individnal arante feam CNPa (TAPES and Fanamio

(e




So, that gives you a sense of how a paper meaning the things that you have seen in the
class until now which is to look at take some data do some analysis, make some
inferences, how these inferences are put into paper is what we saw in this particular
lecture. And the focus was actually taking foursquare and finding the home location.

With that, | will stop here for this paper, and I will see you soon.



