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1. 

APP RECOMMENDATION USING 
CROWD-SOURCED LOCALIZED APP 

USAGE DATA 

RELATED APPLICATIONS 

This application is a non-provisional application of and 
claims priority to U.S. Provisional Appl. No. 61/655.427 
(filed on Jun. 4, 2012), U.S. Provisional Appl. No. 61/657, 
403 (filed on Jun. 8, 2012), and U.S. Provisional Appl. No. 
61/699,705 (filed on Sep. 11, 2012), the contents of which 
are incorporated by reference for all purposes. 

BACKGROUND 

The present disclosure generally relates to determining 
and providing app recommendation using crowd-sourced 
localized app usage data and more specifically to using 
crowd-sourced app usage data to provide relevant app 
recommendations to users of mobile devices based on 
location. 

Mobile computing devices, such as Smart phones, tablet 
computers, media players, portable computers, and the like, 
have become ubiquitous. People are ever more reliant on 
mobile devices for their day-to-day activities. Mobile 
devices can run software applications, or apps, designed to 
help users perform specific tasks. Users have a vast set of 
apps to choose from. For example, there are hundreds of 
thousands of apps available in the App Store'. Apps have 
been downloaded and used by millions. The App Store' 
has provided billions of apps for download. Given the large 
number of apps available, it can be difficult for users to find 
the most useful apps. 

Embodiments of the invention address this and other 
problems both individually and collectively. 

SUMMARY 

In some embodiments, applications, or apps, may be 
tagged with location data when they are used. Aggregated 
app usage data may be analyzed to determine apps that are 
particularly relevant to a given location (i.e., exhibiting a 
high degree of localization). Analysis may include deter 
mining the app usage intensity relative to other locations, 
whether hotspots exist or not at a given location, the spatial 
entropy of a particular app, the device population in a 
particular area, etc. Based on the localized app analysis, apps 
may be ranked according to local relevance, and app rec 
ommendations may be provided to a user based on the 
ranking. Privacy preserving rules and methods are provided 
for presenting users with location-based app recommenda 
tions in accordance with embodiments of the present inven 
tion. These and other embodiments of the present invention 
are described further below. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 is a high-level block diagram of a mobile device 
according to an embodiment of the present invention. 

FIG. 2 shows a high-level block diagram of a system 
according to an embodiment of the present invention. 

FIG. 3 shows a high-level block diagram of a localized 
app recommendation system according to an embodiment of 
the present invention. 

FIG. 4A shows a high-level flow diagram of a method of 
crowd-sourcing data, processing crowd-sourced data, and 
providing recommendations according to an embodiment of 
the present invention. 
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2 
FIG. 4B shows a high-level block diagram and process 

flow for collecting data according to an embodiment of the 
present invention. 

FIG. 5 shows a high-level flow diagram of a method of 
crowd-sourcing data according to an embodiment of the 
present invention. 

FIG. 6A shows a high-level flow diagram of a method of 
analyzing data and providing recommendations according to 
an embodiment of the present invention. 

FIG. 6B shows a high-level flow diagram of a method of 
analyzing data and providing recommendations according to 
an embodiment of the present invention. 

FIG. 7 shows a sample data set, a Smoothing function, and 
a normalization function according to an embodiment of the 
present invention. 

FIG. 8 show graphs of sample data sets according to an 
embodiment of the present invention. 

FIGS. 9A and 9B show the Gaussian equation and graph 
that can be used according to an embodiment of the present 
invention. 

FIGS. 10A and 10B show sample data sets and sample 
hotspot detection according to an embodiment of the present 
invention. 

FIG. 11 shows a graph of a sample data set crowd-sourced 
from app usage data according to an embodiment of the 
present invention. 

FIG. 12 shows the results of running OG AM on a sample 
data set according to an embodiment of the present inven 
tion. 

FIG. 13A shows usage intensity estimation using OGAM 
according to an embodiment of the present invention. 

FIG. 13B shows usage intensity estimation using Gauss 
ian Kernel Smoothing and a thresholding according to an 
embodiment of the present invention. 

FIGS. 14A and 14B show the Laplacian equation and 
graph that can be used according to an embodiment of the 
present invention. 

FIG. 15 shows the results of hotspot detection using LoG 
according to an embodiment of the present invention. 

FIG. 16 shows a sample histogram of intensity of usage 
for various apps over a domain of interest according to an 
embodiment of the present invention. 

FIG. 17 shows a high-level flow diagram of a method of 
analyzing crowd-sourced data according to an embodiment 
of the present invention. 

FIG. 18 shows a sample table of joint probabilities based 
on usage intensity according to an embodiment of the 
present invention. 

FIG. 19 shows a sample table of conditional probabilities 
according to an embodiment of the present invention. 

FIGS. 20A and 20B show equations for calculating 
entropy and ranking score according to an embodiment of 
the present invention 

FIG. 21 shows a high-level flow diagram of a method of 
generating tessellations according to an embodiment of the 
present invention. 

FIG. 22 shows detected device population hotspots 
according to an embodiment of the present invention. 

FIG. 23 shows a Voronoi Tessellation based on detected 
hotspots according to an embodiment of the present inven 
tion. 

FIG. 24 shows adding a polygonal buffer to the detected 
hotspots to improve the tessellation according to an embodi 
ment of the present invention. 

FIG. 25 shows another Voronoi Tessellation based on 
detected hotspots and the polygonal buffer according to an 
embodiment of the present invention. 
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FIG. 26 shows the same tessellation with the hotspots and 
polygonal buffer removed. 

FIG. 27 shows an example a computer apparatus that may 
be used in accordance with embodiments of the present 
invention. 

DETAILED DESCRIPTION OF THE 
INVENTION 

Given the vast set of apps that are available, it would be 
beneficial to analyze app usage data to identify app usage 
that is particularly relevant to given locations. Relevance 
can be defined with respect to a particular task or goal, or 
more generally to a given activity. App relevance can be 
defined as follows: an App Xi is relevant to a given activity 
Aj if Xi Supports conducting activity Ajina way that makes 
performing A possible, or faster, or easier, or more enjoy 
able, or it provides in a different way an improved user 
experience when performing Aj. Therefore, it would be 
beneficial to enable a user to discover apps that are relevant 
for the activities that the user needs to perform or is 
interested in. App usage data can be crowd-sourced for this 
purpose. 

Often there is a link between spatio-temporal localization 
and relevance. That is, humans often exhibit a high degree 
of temporal and spatial regularity. For example, individuals 
are likely to visit a few highly frequented locations. Indi 
viduals may return to highly frequented locations because of 
the activities that are performed at the locations and/or the 
tasks being accomplished at the locations. Similarly, the 
time of day locations are frequented can relate to the 
activities that are performed at the locations and/or the tasks 
being accomplished at the locations. For example, restau 
rants are often frequented at meal times; gyms are visited to 
work out; offices are for working; libraries are for studying 
or research; etc. Based on these assumptions, app usage can 
be related to the activities that can be performed at a given 
location. Furthermore, by analyzing localized app usage, 
space-time localization of human activities (some areas may 
exhibit different popular activities at different times of the 
day) can be identified. Therefore, some embodiments of the 
present invention enable the user to find apps that are 
relevant to specific locations. 
App usage data, for example uses or downloads of an app, 

can be tagged with location and/or time information and 
crowd-sourced from a plurality of mobile devices. A local 
ized app recommendation engine may identify apps that are 
statistically relevant to particular locations (e.g., locations 
where the apps have “hotspots’ for usage). Once app 
hotspots have been identified, app recommendations can be 
provided to users of mobile devices based on the current 
location of the mobile device or another specified location. 
App recommendation can be triggered in a number of ways, 
and once triggered can be presented to the user in various 
ways. For example, a user could enter a predetermined 
radius of an identified hotspot for a particular application 
and a notification for that application can automatically be 
displayed on the user's mobile device. In another example, 
the user may request apps, overtly or otherwise, that are 
relevant to a particular location (e.g., apps that are relevant 
to the final destination specified in a maps app, apps that are 
relevant to the current location, etc.). 

These and other embodiments will be described further 
below after example mobile devices and systems are 
described in the following section. 

10 

15 

25 

30 

35 

40 

45 

50 

55 

60 

65 

4 
I. Mobile Device and System 

FIG. 1 shows a high-level block diagram of a mobile 
device 101. It will be further appreciated that the device 
shown in FIG. 1 is illustrative and that variations and 
modifications are possible. Mobile device 101 can include a 
controller 102, a wireless module 104, a location module 
106, app recommendation module 108, a computer-readable 
medium (CRM) 110, a display module 112, and an input 
module 114. Mobile device 101 can include additional 
modules. In some embodiments, mobile device 101 can be 
a sufficient size, dimension, and weight to enable the device 
to be easily moved by a user. For example, mobile device 
101 can be pocket size. 

Controller 102, which can be implemented as one or more 
integrated circuits, can control and manage the overall 
operation of mobile device 101. For example, controller 102 
can perform various tasks, such as retrieving various assets 
that can be stored in CRM 110, accessing the functionalities 
of various modules (e.g., interacting with other Bluetooth R. 
enabled devices via a Bluetooth R module), executing vari 
ous software programs (e.g., operating systems and appli 
cations) residing on CRM 110, and so on. In some embodi 
ments, controller 102 can include one or more processors 
(e.g., microprocessors or microcontrollers) configured to 
execute machine-readable instructions. For example, con 
troller 102 can include a single chip applications processor. 
Controller 102 can further be connected to CRM 110 in any 
Suitable manner. 

Wireless module 104 can include any suitable wireless 
communication technology. For example, wireless module 
104 could include a Bluetooth R) module, a radio frequency 
(RF) module, a WiFi module, and/or the like. The Blu 
etooth R) module can include any suitable combinations of 
hardware for performing wireless communications with 
other Bluetooth R)-enabled devices and allows an RF signal 
to be exchanged between controller 102 and other Blu 
etooth R)-enabled devices. In some embodiments, a Blu 
etooth R module can perform such wireless communications 
according to Bluetooth R. Basic Rate/Enhanced Data Rate 
(BR/EDR) and/or Bluetooth R. Low Energy (LE) standards. 
The Bluetooth R protocol, in general, enables point-to-point 
wireless communications between multiple devices over 
short distances (e.g., 30 meters). Bluetooth R) has gained 
widespread popularity since its introduction and is currently 
used in a range of different devices. In order to allow 
Bluetooth R) to be used in a greater variety of applications, a 
low energy variant of the technology was introduced in the 
Bluetooth R. Core Specification, Version 4.0. Bluetooth R. 
Low Energy (LE), in general, enables devices to wirelessly 
communicate while drawing low amounts of power. Devices 
using Bluetooth R LE can often operate for more than a year 
without requiring their batteries to be recharged. 

For example, a Bluetooth R) module can include suitable 
hardware for performing device discovery, connection 
establishment, and communication based on only Blu 
etooth R LE (e.g., single mode operation). As another 
example, a Bluetooth R) module can include suitable hard 
ware for device discovery, connection establishment, and 
communication based on both Bluetooth R BR/EDR and 
Bluetooth R LE (e.g., dual mode operation). As still another 
example, a Bluetooth R) module can include suitable hard 
ware for device discovery, connection establishment, and 
communication based only on Bluetooth R BR/EDR. 
An RF module can include any suitable combinations of 

hardware for performing wireless communications with 
wireless voice and/or data networks. For example, an RF 
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module can include an RF transceiver that enables a user of 
mobile device 101 to place telephone calls over a wireless 
voice network. 
A WiFi module can include any suitable combinations of 

hardware for performing WiFi-based communications with 
other WiFi-enabled devices. For example, a WiFi module 
may be compatible with IEEE 802.11a, IEEE 802.11b, IEEE 
802.11g and/or IEEE 802.11n. 

Location module 106 can include any suitable location 
technology using one or more wireless signals to determine 
a current location. In some embodiments, location module 
106 includes a global positioning system (GPS) module. In 
some embodiments, location module 106 includes one or 
more of the following: WiFi location module, cellular loca 
tion module, crowd-sourced WiFi location module, time of 
flight calculations (ToE) location module, and the like. 
App recommendation module 108 can include code that, 

when executed, determines or provides an app recommen 
dation to the user based on a location. For example, the user 
can request app recommendations for a particular location. 
In another example, a notification regarding a locally rel 
evant app could be provided based on the mobile device's 
current location. App rec module 108 can also perform 
device-side collection and aggregation of app usage data for 
crowd-sourcing. 
CRM 110 can be implemented, e.g., using disk, flash 

memory, random access memory (RAM), hybrid types of 
memory, optical disc drives or any other storage medium 
that can store program code and/or data. CRM 110 can store 
software programs that are executable by controller 102. 
including operating systems, applications, and related pro 
gram code (e.g., code for app rec module 108). 

Software programs (also referred to as Software or apps 
herein) can include any program executable by controller 
102. In some embodiments, certain software programs can 
be installed on mobile device 101 by its manufacturer, while 
other Software programs can be installed by a user. 
Examples of software programs can include operating sys 
tems, navigation or other maps applications, locator appli 
cations, productivity applications, video game applications, 
personal information management applications, applications 
for playing media assets and/or navigating a media asset 
database, applications for controlling a telephone interface 
to place and/or receive calls, and so on. Although not 
specifically shown, one or more application modules (or set 
of instructions) may be provided for launching and execut 
ing one or more applications, e.g., various Software compo 
nents stored in medium 110 to perform various functions for 
mobile device 101. 

Display module 112 can be implemented using any Suit 
able display technology, including a CRT display, an LCD 
display (e.g., touch screen), a plasma display, a direct 
projection or rear-projection DLP, a microdisplay, and/or the 
like. In various embodiments, display module 112 can be 
used to visually display user interfaces, images, and/or the 
like. 

Input module 114 can be implemented as a touch screen 
(e.g., LCD-based touch screen), a voice command system, a 
keyboard, a computer mouse, a trackball, a wireless remote, 
a button, and/or the like. Input module 114 can allow a user 
to provide inputs to invoke the functionality of controller 
102. In some embodiments, input module 114 and display 
module 112 can be combined or integrated. For example, 
mobile device 101 can include an LCD-based touch screen 
that displays images and also captures user input. Illustra 
tively, a user can tap his or her finger on a region of the touch 
screen's Surface that displays an icon. The touch screen can 
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6 
capture the tap and, in response, start a software program 
associated with the icon. Upon starting the Software pro 
gram, a graphical user interface for the application can be 
displayed on the touch screen for presentation to the user. 

FIG. 2 shows a high-level block diagram of a system 200 
for performing certain embodiments of the present inven 
tion. The system 200 comprises a plurality of crowd-sourc 
ing mobile devices 210 for providing crowd-sourced app 
usage data, an app recommendation system 220, and an app 
store system 230. 

Crowd-sourced location data can be anonymously crowd 
sourced from the plurality of mobile devices 210. Devices 
may opt-in for this feature. Crowd-sourcing mobile devices 
210 can include various hardware and Software components, 
such as illustrated in FIG. 1, and/or an app module 212, 
location module 214, and anonymization module 216. 

Mobile device 210 can execute applications with one or 
more app modules 212, which can launch and execute 
various applications. Mobile device 210 may tag location 
data to app usage. A location module 214 can determine a 
current location associated with the app event (e.g., launch 
ing the app) and tag the app event with the determined 
location. In one embodiment, a unique app identifier is 
assigned to an app. When that app is used, the location data 
is associated with the app identifier. For example, an appli 
cation identifier (e.g., app bundle ID) may be associated with 
the best known current location. Privacy preserving rules 
(PPR) may be provided and only when privacy preserving 
rules are met is app usage data collected and Submitted. An 
anonymization module 216 may be provided on the crowd 
Sourcing mobile devices to decimate data and/or ensure 
privacy preserving rules are satisfied. In one embodiment, 
location data for app usage and, optionally, time data may be 
anonymized on the device-side and Submitted to the app 
recommendation system for further processing. Anonymiza 
tion may occur on the server-side in addition to, or in lieu of 
device-side anonymization. 

Localized app recommendation system 220 may comprise 
an app analysis module 222, device population module 224, 
and a localized ranking module 226. The raw crowd-sourced 
data from the plurality of mobile devices 210 can be 
aggregated and the significant usage can be extracted by the 
recommendation system 220. Privacy may be preserved and 
relevant recommendations may be provided by a data pro 
cessing pipeline that comprises: data decimation; estimation 
of the spatio or spatio-temporal distribution of usage for 
individual apps; detecting individual app usage hotspots; 
and combining the usage information of all the processed 
apps with metadata (category, user ratings, etc.) in order to 
generate a relevance-scored list of apps for every space-time 
bin with significant app usage. The app recommendation 
system may analyze aggregated data and identify statistical 
outliers to find apps especially relevant to a particular 
location. A database of relevance scored apps can be stored 
in relevance scored apps database 228. One example of an 
application that may be highly localized is the Apple Store 
application because it may be used more frequently at or 
near Apple retail stores. The app recommendation system 
may filter out apps that are common across many different 
locations. For example, a Social networking app (Such as 
Facebook) may have very weak localization, and therefore 
is not relevant to any particular location. Another possible 
example is the Find My iPhone application because the 
application is typically used when users cannot find their 
iPhone, rather than when a user is near a particular location. 
App store system 230 may provide mechanisms for the 

user to discover locally relevant apps. App store system 230 
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can include a database 232 for storing metadata regarding 
apps available from the app store. App Store system 230 can 
further include a database 234 of app data so that an app can 
be downloaded by a user. 
App store system 230 can include an interface (not 

shown) for communications with a mobile device 240. This 
component can include mechanisms for presenting the user 
with locally relevant apps. Mechanisms for the user to 
discover locally relevant apps comprise: alerts and notifica 
tions, search tools, app categorization, application bundles, 
etc. In some embodiments, app recommendations are pre 
chased to the mobile device, for example, from the localized 
app recommendation system 220. Mobile device 240 can 
include various hardware and software components, such as 
illustrated in FIG. 1, and/or an app tiles database 242, app 
recommendation module 108, and an app store module 244. 
App tiles for a predetermined area proximate to a location 

can be pre-cached to mobile device 240. Pre-cached app tiles 
can be stored in app tiles database 242 on mobile device 240. 
In this manner, the more specific location recommendations 
can occur device-side (e.g., on the mobile device, without 
sending a location to the app store server in order to receive 
a recommendation). This can further privacy considerations 
and reduce battery and data consumption. 
App recommendation module 108 can include code that, 

when executed, determines or provides an app recommen 
dation to the user based on a location. For example, the user 
can request app recommendations for a particular location. 
In another example, a notification regarding a locally rel 
evant app could be provided based on the mobile device's 
current location. App recommendation module 108 can 
interface with the app store module 244, which can provide 
a user interface for recommending apps in Some embodi 
mentS. 

FIG. 3 illustrates a more detailed version of localized app 
recommendation system 220 according to Some embodi 
ments. Localized app recommendation system 220 includes 
a module 321 for decimating data received from crowd 
Sourcing mobile device in space and time. This can help 
ensure privacy rules are met. In some embodiments, space 
time decimation module 321 can take app usage Submission 
and round location and/or time data. Decimation (in space 
and time) is used for reducing the resolution of the data as 
needed. Decimated app usage data can be input into the app 
analysis module 222 and the device population module 224. 
App analysis module 222 can include several Sub-mod 

ules, such as spatio-temporal aggregation module 323 and a 
spatio-temporal model generator 325. Spatio-temporal 
aggregation module 323 takes the decimated app usage data, 
determines the app and location associated with each indi 
vidual app event, and increments a counter for the identified 
app at a space bin (and/or a time bin). Spatio-temporal 
model generator 325 includes a module for estimating the 
predictive app usage intensity distribution 327 and a module 
for detecting app usage hotspots 329. Spatio-temporal model 
generator 325 operates on the raw bin count data generated 
by spatio-temporal aggregation module 323 to determine an 
estimated intensity of app usage at given locations and 
whether or not an app hotspot exists at given locations. This 
may be done on a per app basis. For example, for each app, 
predictive app usage intensity distribution module 327 deter 
mines the intensity of usage of that app at each location in 
the domain of interest. Hotspot detection module 329 can 
determine whether or not a hotspot exists for that app at each 
location in the domain of interest. 

Device population module 224 can include several sub 
modules, such as spatio-temporal aggregation module 331 
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8 
and predictive s-t (space-time) device distribution module 
333. Spatio-temporal aggregation module 331 may operate 
in a similar fashion to spatial temporal aggregation module 
323. For example, spatio-temporal aggregation module 331 
can take the decimated app usage data, determine the 
location associated with each individual device use event 
(rather than app), and increment a counter at a space bin 
(and/or a time bin). Predictive s-t device distribution module 
333 can take the aggregated device usage data to generate a 
predictive model for device population. 
A localized ranking module 226 can take input from app 

analysis module 222 and device population module 224, and 
calculates a s-t localized ranking of apps. Localized ranking 
module 226 includes several Sub-modules, such as a mul 
tiple app s-t analysis module 335 and a spatio-temporal app 
ranking module 337. 

Multiple app s-t analysis module 335 comparatively ana 
lyzes the intensity and/or hotspots of multiple apps. In some 
embodiments, multiple app s-t analysis module 335 normal 
izes the statistics (e.g., intensity, whether or not a hotspot 
exists) for the multiple apps so that the apps can be mean 
ingfully ranked against other apps according to their local 
relevance. For example, an application associated with a 
sports team located in a major city's downtown area (Such 
as the San Francisco Giants) might have an app that is used 
by fans at the ballpark in high volume. There could also be 
another app that exhibits highly localized usage, near the 
ballpark, but in much smaller volumes than the ballpark app 
(e.g., an app for a coffee shop located near the ballpark). 
Multiple app s-t analysis module 335 analyzes information 
from app analysis module 222 and device population mod 
ule 224 and normalizes the data. 

For each location (and/or time) bin, spatio-temporal app 
ranking module 337 provides a ranking of apps. The most 
locally relevant apps receive the higher rankings, while the 
least locally relevant apps receive the lower rankings. In 
Some embodiments, a local relevance score is associated 
with each app for each location. In some embodiments, the 
apps are ranked based on ascending (or descending) order of 
the local relevance score for each space-time location. 

Localized ranking module 226 can calculate a relevance 
score for each app for every space time location (341). In 
Some embodiments, a predetermined number of top apps 
may be recommended for a particular space and/or time bin 
(e.g., top 10, top 25, etc.). In some embodiments, only apps 
with a ranking score above a threshold are recommended. In 
Some embodiments, app meta data 343 can be used in 
conjunction with the relevance scored apps to provide an 
app recommendation. For example, multi-app predictive 
model and app metadata (category, user ratings, etc.) can be 
inputs for the space-time localized ranking. Using this 
process, the recommendation engine is able to generate a list 
of apps with associated local relevance for every space 
and/or time bin where significant app usage was detected. 
Now that exemplary devices and systems have been 

described, we now turn to a high-level description of a 
method according to an embodiment of the present inven 
tion. The devices and systems described above can be used 
in implementing the following method. 
II. Method Overview 
One or more of the process blocks of the methods 

described herein may be optional and may be omitted. The 
sequence of one or more process blocks may be modified, 
and the process blocks may be performed in any Suitable 
order. Some of the optional blocks and/or sequence modi 
fications are specifically described herein for purposes of 
illustration; however, one having skill in the art will recog 
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nize that other modifications and omissions are contem 
plated within the scope of the disclosure. 
App usage may be tagged with location data, and app 

usage data (correlating an app and a location) can be 
analyzed for patterns indicating certain applications are 
particularly relevant to a given location. For example, spatial 
and/or temporal analysis and modeling can be conducted on 
crowd-sourced geo-localized app usage data. FIG. 4A shows 
a high-level flow chart of an embodiment of a process 400 
for providing app recommendations based on mining ano 
nymized crowd-sourced localized app usage data. FIG. 4B 
shows a high-level block diagram and process flows accord 
ing to an embodiment of the present invention. 

In step 410, app usage data can be anonymously crowd 
sourced from a plurality of mobile devices. At a high-level, 
step 410 comprises determining the location of a mobile 
device, associating that location with an app event for a 
particular app, and Submitting this data to an app recom 
mendation system. This process will be described in more 
detail below in Section III (Crowd-Sourcing Data). 

In step 420, the app usage data that was crowd-sourced 
from the plurality of mobile devices is processed. At a 
high-level, step 420 comprises receiving the app usage data, 
parsing the data, finding statistically significant app usage, 
and determining hotspots where particular apps exhibit 
highly localized usage qualities. This process will be 
described in more detail below in Section IV (Processing 
Data to Determine Localized Usage). 

In step 430, the localization app usage data is used to 
identify relevant apps. At a high-level, step 430 comprises 
receiving a location relevant to a user (e.g., current location 
or other location of interest), querying an app recommen 
dation system or database, and presenting locally relevant 
apps to the user. This process is described in U.S. patent 
application Ser. No. 13/843,291, now U.S. Pat. No. 9, 195, 
721, issued on Nov. 24, 2015, filed concurrently with the 
present application, the disclosure of which is incorporated 
by reference in its entirety for all purposes. 

FIG. 4B shows one embodiment of a system and process 
flow. In the embodiment shown, data is filtered and aggre 
gated (450), a data model is generated (460), usage is 
estimated and learned (470), and ranking and recommenda 
tions are performed (480). Various filters may be applied 
before the data is aggregated (452). The filters can include 
a threshold location accuracy or confidence in the location 
(e.g., >1000 m, >500 m, >200 m accuracy, etc.), an age of 
the location data (e.g., <15 minutes old, etc.), the speed at 
the time the location was determined (i.e., how fast was the 
device moving), type of app event (e.g., launches of apps 
versus other uses of the apps, etc.). After the data is filtered 
it can be aggregated (454 and 456). In the embodiment 
shown in FIG. 4B, aggregation is done at two levels to 
generate two data models: At 454, aggregation is done at a 
lower resolution. For example, each distinct Submission per 
1 degree (or /10 degree, /1000 of a degree, etc.) location bin 
is counted. At 456, aggregation is done at a higher resolu 
tion. For example, each distinct Submission per /1000 degree 
(or '/5000 degree, etc.) location bin is counted. 
The low resolution aggregated data is used to build a 

course model 462 (e.g., 1 km, 10 km, 100 km, etc.). From 
the course data, regional models can be generated (472. 
474). That is, areas that are sufficiently homogenous can be 
identified and portioned for the purposes of regional esti 
mation. The high resolution aggregated data is used to build 
a refined model 464 (e.g., 10 m, 25 m, 100 m, etc.). The 
regional models generated can then be used for calculating 
regional estimation (476), including calculating an estimated 
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10 
spatial distribution of usage and identifying hotspots of app 
usage. Data from the estimation and learning can then be 
used to provide recommendations (482). Recommendations 
can also be based on app data and meta data (484). Once 
apps are ranked or scored, recommendations (486) can be 
provided to the user based on the rank/score and/or other 
information. Additional details on these concepts will be 
described below. 
III. Crowd-Sourcing Data 

FIG. 5 shows a flow chart illustrating a method 500 of 
crowd-sourcing app usage data on a mobile device. Method 
500 is an example of step 410 in FIG. 3 performed by one 
of the plurality of mobile devices 210 in FIG. 2. Some of the 
steps shown are optional or may be performed in an alter 
native order. 

In step 502, an app is executed on a mobile device. The 
app may start executing after a user input to launch or use 
the program. Execution of an app is one example of an app 
event. Other app events include downloading an app 
(whether new or previously downloaded) or performing 
Some action within an app (e.g., listening to a certain song 
in a music app, reading a certain book in a book app, viewing 
media in a media player app, receiving a push notification 
from an app, etc.). Some applications may run in the 
background. In one embodiment, a predefined threshold 
execution time may be required before the app is considered 
to be executing. For example, usage of an app may be 
considered meaningful only if the app was used for 1 
minute, 5 minutes, 30 minutes during a 60-minute time 
window, or another suitable time or duration. 

In step 504, privacy preserving rules are checked. This 
step is optional but desirable in many circumstances to 
preserve user privacy. For example, in some embodiments, 
mobile devices opt in to app-location tagging. In some 
embodiments, certain app usage data is not Submitted to 
advance privacy considerations. If privacy preserving rules 
are not satisfied, then the app usage data may not be 
crowd-sourced. 

In step 506, a timestamp corresponding to the execution 
of the application is determined. The timestamp can identify 
when the application was launched (i.e., a start time), when 
the application stopped execution (e.g., end time), or both a 
start time and end time. These timestamps may be referred 
to as “app event timestamps. An app event timestamp may 
associate a time with any type of app event. Timestamps 
may be approximate. 

In step 508, the location of the mobile device at a first time 
is determined. The first time may be within a predetermined 
amount of time from the timestamp. For example, the first 
time may be 5 minutes before the app event timestamp or 5 
minutes after the app event timestamp (or any other Suitable 
time). The timestamp at the first time may be referred to as 
a “location determination timestamp' since it is a timestamp 
associated with when a given location was calculated or 
determined. That is, the location determination timestamp 
can be different from the app event timestamp, or they could 
be the same. 

In step 510, an app usage record is stored. The app usage 
record may be stored locally on the device. The record may 
be encrypted to protect location data. An app usage record 
may comprise an application identifier corresponding to an 
application, a usage location corresponding to an execution 
of the application, and a usage timestamp corresponding to 
an execution of the application. 

In step 512, an app usage record may be anonymized. In 
Some embodiments, anonymization may occur on the 
device-side. In some embodiments, anonymization may 
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occur server-side. Anonymization could be performed on 
both the device and server. In one embodiment, location data 
is rounded off in the anonymization process. In some 
embodiments, user identifiable data is removed or masked 
from the app usage data. This helps ensure privacy preserv 
ing rules are met. 

In step 514, app usage records are transmitted to an app 
recommendation system (e.g., localize app recommendation 
220 in FIG. 2). In one embodiment, app usage records may 
be aggregated device-side and Submitted at a predetermined 
time so that there are multiple app usage records Submitted 
at once with a single Submission. One advantage to Submis 
sions with multiple app usage records is that the recommen 
dation system can determine that each of the multiple app 
usage records came from the same device without knowing 
the actual identity of the particular device or the devices 
user. This provides the recommendation system with addi 
tional information while preserving the privacy of users. 
Battery power and data usage may also be conserved as a 
result. In one embodiment, app usage records are Submitted 
one at a time. 

a. App Usage Data Collected 
In one embodiment, the app usage data collected by the 

mobile device comprises: location data; time data, and an 
application identifier (app ID). An app usage record may be 
created for each event (i.e., use of a particular application at 
a particular location and/or time). The collected data for 
each event may be referred to as an app usage record. In one 
embodiment, the app usage record can be a tuple <LOCA 
TION DATA, TIME DATA, APP IDENTIFIERd. 

In certain embodiments, a plurality of app usage records 
may be aggregated on the mobile device and sent to the 
recommendation system as a single Submission. In one 
embodiment, a Submission comprises one or more app usage 
records, for example: 

sL, t, A-> 

In the Submission shown above, the first app usage record 
<L, t, A> indicates that Application A was used at 
approximately time t at location L. The second app usage 
record <L, t, AD indicates that application A was used at 
approximately time t at location L. The third app usage 
record <L, t, A indicates that application A was used at 
approximately time t at location L2. Locations L. L. L. 
and L. may have a timestamp associated with when the 
respective location was determined. Such as t, t2, ts, and 
t. For example, t, may be approximately the same as t 
if the location was determined at approximately the same 
time as the app event. In another example, the difference 
between t and t represents the time between an app event 
and when the location was determined. 

Location data may comprise geographic coordinates (e.g., 
latitude and longitude) or any other suitable data that 
describes the location of a mobile device. Location data may 
be approximate. Location may be determined in any Suitable 
manner, including cellular, Wi-Fi, and Global Positioning 
System (GPS) networks. In some embodiments, one or more 
location determination methods may be used together. 
A best known location and a location timestamp may be 

stored for each of one or more location technology types. In 
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12 
some embodiments, a set of best known GPS location, WiFi 
location, and cellular location and associated timestamps 
may be stored. In some embodiments, an array of sets of 
recent best known GPS locations, WiFi locations, and cel 
lular locations and associated timestamps may be stored. 
GPS location typically is the most accurate but also uses 

the most power. Cellular location uses the least power but is 
typically less accurate. Location data may include a location 
uncertainty value. The uncertainty value may indicate how 
reliable the location data is at the approximate time of the 
location determination. Uncertainty values associated with a 
determined location may be used to weight a determined 
location or decide to disregard a determined location in 
favor of another determined location with greater certainty 
or confidence. The uncertainty value may be in any Suitable 
unit, including distance or a percentage. In one embodiment, 
the uncertainty value of a GPS signal is a value provided by 
a GPS chip on the device based on signal conditions. An 
uncertainty value for GPS location may be 5 m, 10 m, 15 m, 
for example. WiFi uncertainty may be based on the distance 
between the WiFi access points used for determining loca 
tion. An uncertainty value for WiFi location may be 50 m, 
60 m, or 100 m, for example. An uncertainty value for 
cellular location may be 500 m to 3-6 km, for example. One 
having skill in the art will recognize that these uncertainty 
values for various location technologies are exemplary and 
other values and other units of measure may be used without 
departing from the scope of the present disclosure. 

In one embodiment, one of the one or more location 
technology types is chosen when a determination is made 
that the location is the most accurate. This determination 
may be made based on the uncertainty value associated with 
the location data (e.g., a GPS location with 5 m uncertainty 
may be chosen over a cellular location with 500 m uncer 
tainty). The determination may be made based on time 
differentials (e.g., the location is stale or fresh). A best 
known location Software module may make the determina 
tion of the best known location based on the determined 
locations from one or more location technology types. For 
example, a best known location Software module may deter 
mine that a device has a GPS location that is 5 minutes old 
and will expire in 10 minutes (for a total lifespan of 15 
minutes) and then cell location is obtained. The best known 
location software module does not necessarily overwrite the 
5-minute old GPS location. Various logic and algorithms 
may be employed by the best known location software 
module. 

In one embodiment, if the determined GPS location is less 
than 15 minutes old, then the GPS location is best. If not, the 
determined WiFi location is used if the determined WiFi 
location is less than 15 minutes old. If both the determined 
GPS location and the determined WiFi location are both 
greater than 15 minutes old, the determined cellular location 
may be used if the cell location is less than 15 minutes old. 
Finally, if no location technology has determined a location 
within 15 minutes of the app event, the app event may not 
be tagged with location data. In this example, fifteen minutes 
is merely exemplary and one having skill in the art will 
recognize that other time intervals are possible. 

In one embodiment, the best known location software 
module determines the best known location amongst a 
plurality of technology types by comparing the uncertainty 
associated with the best known location for each of the 
plurality of location technology estimates. In one embodi 
ment, if the newer location has lower uncertainty (i.e., has 
better accuracy) than the older location, the new location is 
used. In one embodiment, if the new location is 2-3x worse 
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than the older location, the older location is used so long as 
the old location is not too old (e.g., not older than 15 
minutes). That is, the older location is more accurate (less 
uncertainty) and it still has, for example, time left in the 
15-minute lifespan. 

In one embodiment, the best known location software 
module may take a distance differential into account to 
disregard or weight the determined location. For example, if 
two GPS locations were obtained close together with similar 
uncertainty values, but the determined locations were very 
disparate (e.g., too far apart for the device to have reason 
ably moved), it may be determined that one or both of the 
GPS locations is unreliable and the module may select a 
WiFi location or a cellular location or some combination of 
WiFi, cellular, and/or GPS location. 
Time data may include a timestamp indicating when the 

application was launched, when the application stopped 
execution, or both a start time and end time. This is an 
example of an app event timestamp. Other app events that 
may be time stamped include app downloads and perform 
ing actions within apps. Time data may comprise an app use 
duration indicating the duration of app usage. For example, 
usage of an app may be considered meaningful only if the 
app was used for a predetermined duration. 
Time data may comprise a location determination time 

stamp that represents the time at which a particular location 
was determined. Time data may comprise a location time 
delta value representing an amount of time that has passed 
since the location data was refreshed or updated. That is, 
location time delta value may be the difference between an 
app event timestamp and a location determination time 
Stamp. 
App usage may be normalized. For example, if an app is 

used 15 times in 15 minutes, this is only counted as one 
“use' of that app. LBS apps may also need to be normalized 
with respect to non-LBS apps because there may be a bias 
here towards apps that use location (LBS apps). 

The application identifier (ID) may comprise an identifier 
for distinguishing between different applications. In one 
embodiment, the app identifier is a unique identifier. One 
example of an application identifier, currently used to iden 
tify apps in the App Store, is the “app bundle ID. Any 
identifier that uniquely identifies particular apps may be 
used. 

Certain apps may not be tagged with location data and 
other data. In one embodiment, it may be known that certain 
apps are likely to not be localized or there is some other 
reason why app events should not be tagged (e.g., user or 
developer opt-out). There may be a flag or other identifier 
that indicates that a particular app should not be tagged or 
that any tags should be disregarded or not Submitted to the 
app recommendation system. For example, certain apps that 
are preloaded onto a device. Such as a mail app or web app, 
may not be tagged in some embodiments. In another 
example, a user can opt out of crowd-sourcing on a per app 
basis. 

Other data may be collected to filter or weight submis 
sions. In one embodiment, a speed filter may be used for 
relevance of app usage and/or the accuracy of best known 
location tagged with the app usage. In one embodiment, if 
the mobile device is moving slow (e.g., did not move very 
far in 1 hour), the location can be used for any app used for 
any app executed during that hour. For example, if you can 
detect that the mobile device did not move very far between 
use of LBS, but the time between use of LBS is greater than 
the “predetermined time,” here 15 minutes, the last known/ 
best known location can be used without waking up the GPS 
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or other location determining Subsystem. Therefore, if Loca 
tion L at Time t is approximately the same as Location L. 
at Time t, where t-to-"Predetermined time' (e.g., 15 
minutes), then tag all app usage between t and t with 
approximate location of L/L since it is likely that the 
mobile device did not move very far. In another embodi 
ment, if the mobile device is moving very fast when an app 
is used, the usage of the app is less likely to be locally 
relevant. For example, if an application is used by a pas 
senger in a car driving on a freeway, it is likely that the app 
is not relevant to the geographical location that the car is 
passing through. 

In one embodiment, GPS location may have a current 
speed associated with it. If speed is high, the GPS location 
might be expired faster than 15 minutes. Therefore, the 
“window' or “lifespan for when a location is considered 
reliable may be variable based on speed. For example, if a 
GPS location is associated with a current speed of 60 miles 
per hour, or approximately 31 meters per second, and the 
location time delta value is large (e.g., 10 minutes), then the 
GPS location may be expired faster and/or an alternative 
location technology may be used (e.g., a cellular location 
with 1 km uncertainty value might be more accurate). 

b. Time of App Usage Data Collection and App Usage 
Submission Interval 
App usage data may be recorded by the device and stored 

whenever an app is used on the mobile device. In one 
embodiment, app usage data is recorded after an app is 
executing in the foreground. In one embodiment, app usage 
data is recorded after an app is executing in the background. 
In certain embodiments, a usage threshold may be required 
before use of an app is considered to be meaningful. For 
example, use of an app lasting five minutes may be consid 
ered more useful than 10 seconds of app use. In one 
embodiment, only app usage of a significant duration is 
collected and submitted. 
Apps may be divided into two groups: apps using loca 

tion-based services (LBS apps); and apps not using location 
based services (non-LBS apps). LBS apps generally use 
location, Subject to privacy preserving rules, to provide 
Some services. Some apps will use location very frequently 
(e.g., every minute). Non-LBS apps provide a service that is 
not location related. Therefore, when an LBS app is used, the 
location of the mobile device is typically determined (in 
order to be used for the app’s particular service), but when 
a non-LBS app is used, the location is typically not known 
as a result of the use of the non-LBS app. However, it would 
be beneficial to know whether non-LBS apps exhibited high 
localization as well. 

In one embodiment, app usage data is collected when an 
LBS app is used. In some embodiments, the location data 
generated by the executing LBS app is used to create the app 
usage record. Therefore, there is no need for an additional 
location determination since location data is already known 
by the LBS app. In some embodiments, even though an LBS 
app is used, the location generated by the LBS app may not 
be accurate or location services may not be available. For 
example, there may be weak or inaccurate location data. In 
this case, it may be beneficial to use an “older location if 
the older location is determined to be more accurate or 
reliable than the new location. One example is: a strong, 
accurate GPS signal was cached 5 minutes earlier by another 
app on the device; that older location may be used instead of 
a “current location as determined by cellular data because 
the uncertainty value of cellular location is high relative to 
GPS location and the GPS location is relatively new. 
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In another embodiment, app usage data is collected when 
any app (LBS apps and non-LBS apps) is used. The best (or 
last known) approximate location of non-LBS app usage is 
determined based on other recently used location services. In 
one embodiment, either location data from an LBS app is 
used or, in the case of a non-LBS app, the location may be 
determined in response to execution of the application. That 
is, a location may be determined for a non-LBS app spe 
cifically for the purpose of generating app usage data. 
However, using GPS or other location services frequently 
may deteriorate battery life. It would be beneficial to know 
the approximate location of a mobile device at the time a 
non-LBS app was used without waking up the GPS. 
A location services call may not be required every time an 

app event occurs. Rather, a best effort location or best known 
location tagging system may be used. For example, when a 
camera app is launched, location may be determined for 
geo-tagging. That app event (i.e., the launch of the camera 
app) may be associated with an app event location and an 
app event timestamp. The app event location and the app 
event time stamp for the launch of the camera application 
may be used by a Subsequent (or prior) app event provided 
that it is sufficiently reliable. “Future' locations may be used 
to retroactively tag prior app events provided that the 
location data is sufficiently reliable. In some embodiments, 
any location data generated by an LBS app may be “bor 
rowed by another app if the location data is sufficiently 
reliable. In one embodiment, location is determined by the 
device at periodic intervals. For example, location may be 
determined every hour for time Zone support. This deter 
mined location may be used by other apps. 

In some embodiments, when a best known current loca 
tion is determined by an LBS app, app usage records may be 
created using the best known location for all apps (including 
non-LBS apps) used within a predetermined estimated loca 
tion window. In this embodiment, the location for the 
non-LBS app is approximate. However, there is a fairly high 
confidence that the location is relatively accurate if the 
predetermined estimated location window is sufficiently 
small. For example, if the predetermined estimated location 
window is 15 minutes, it can be stated with some confidence 
that the mobile device likely is located close because the 
mobile device can only move so far in 15 minutes. Any 
suitable predetermined estimated location window could be 
used (e.g., 5 minutes, 50 minutes, 1 hour, etc.). 

For example, when a first LBS app is used, the mobile 
device may tag a second app used within the previous 15 
minutes of the execution of the first LBS app with the 
location data, as determined by the first LBS app at a first 
time. In one embodiment, a series of app usage records may 
comprise the following when the predetermined estimated 
location window is set at 15 minutes: 

<L1, t, AP where location L is determined at time t by LBS 
app A1 
where location L1 is associated with non-LBS app 
A. at time t + 5 m is determined at to by LBS 
app A1 
where location L1 is associated with non-LBS app 
As at time t + 12 m 
If non-LBS app A5 is used at time t + 17 m for a 
non-LBS app, an app usage record may not be 
created because the location data may not be 
considered accurate or current. 
where location L2 is determined at t by LBS app A 

<L1, t + 12 m, A 

<L2, t + 20 m, A 

The predetermined estimated location window can be a 
period of time before a location determination is made, after 
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a location determination is made, or before and after a 
location determination is made (e.g., by the execution of an 
LBS app). Best known location for an app event in a 
predetermined estimated location window may have a loca 
tion determination timestamp before the app event (back 
wards looking) or after the app event (forward looking). In 
one embodiment, the best known location was determined 
before the app event. For example, use camera app, get 
location when camera app is running, and cache that app 
event location and app event timestamp. Then, 5 minutes 
later a second app is launched that does not or cannot 
determine location accurately. The second app may use the 
location information as determined by the camera app 
because it is only 5 minutes old and is reliable. In one 
embodiment, the best known location was determined after 
the app event. In this embodiment, an array of past app 
events may be maintained on the device. If a reliable 
location is determined after a particular app event, then the 
location may be retroactively applied to one or more of the 
past app events in the array. This may be used to update 
locations in the array as more accurate and reliable location 
data becomes available. 
The concept of borrowing location data determined by a 

first LBS app may also apply when a second LBS app is 
launched but, for some reason, the location cannot be 
determined by the second LBS app. That is, the second LBS 
app may use the location data as determined by the first LBS 
app if the first and second LBS apps were executed within 
the predetermined time period. 

In one embodiment, when "borrowed location is used by 
a non-LBS app (or an LBS app that cannot determine the 
location at a particular time), a location confidence level 
may be associated with the borrowed location. The location 
confidence level may be correlated with an amount of time 
that has passed since the location was considered current. In 
this sense, the concept of an “age of the location data, or 
“stale location data, may be used weight location estimates 
using borrowed location data. The age of the location data 
relative to an app event may be referred to as a location time 
delta value. Age can be used to grow the uncertainty 
estimate. Age can be used to weight location information 
(e.g., fresher samples get a greater weight in hotspot detec 
tion). For example, if App A is used immediate after a 
location determination, the location data for that use of App 
A (at t=t) should be fairly accurate, but there is less 
confidence as to App B used at time tit-15 minutes. In 15 
minutes, the mobile device could have moved to a different 
location and therefore there is less confidence that the 
location is determined at t. 
App usage data may be submitted by the mobile device to 

the recommendation system at any Suitable time. In one 
embodiment, app usage data may be transmitted shortly 
after an app is used. In one embodiment, mobile device 
transmits a Submission about every 12 hours and each 
Submission may contain a set of one or more app usage 
records. In some embodiments, apps records are Submitted 
only when the device has a certain power status (e.g., 
connected to external power or sufficient battery life remain 
ing) and/or network connection (e.g., WiFi Versus cellular 
data). One having skill in the art will recognize that any 
Suitable Submission interval may be used. Using a Sufi 
ciently large time interval has the advantage of further 
preserving privacy of the user, conversing battery power, 
and reducing data usage charges. 

For example, when app usage data is Submitted every 12 
hours, real-time location data is never known by the app 
recommendation server. In this example, the set of one or 
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more app usage records may be the app usage records 
generated by the device in the previous 12 hours, or other 
suitable submission collection interval. In another embodi 
ment, the set of one or more app usage records may be app 
usage records generated by the device in the time interval 
from 12 hours to 24 hours before the submission; that is, the 
Submission may contain data that is 12 hours (or more) old 
on the device to further preserve privacy. 

In some embodiments, a method comprises: executing an 
application on a mobile device; assigning an application 
identifier to the application; determining a timestamp cor 
responding to the execution of the application on the mobile 
device; determining, by the mobile device, a location of the 
mobile device at a first time, the first time within a prede 
termined amount of time of the timestamp; storing, to a 
memory on the mobile device, an app usage record including 
the application identifier corresponding to the application, 
the location, and the timestamp; and transmitting, by the 
mobile device, the app usage record to an application 
recommendation system. In some embodiments, determin 
ing the location is performed when a location-based appli 
cation is used. In some embodiments, the location-based 
application is different from the application. In some 
embodiments, the method further comprises storing a usage 
record for each application used within a predetermined time 
before the location-based application is used. In some 
embodiments, the application event record is encrypted. 
Now that the collection of crowd-sourced app usage data 

has been described, the disclosure turns to the analysis of the 
data by the localized app recommendation system (e.g., 
220). 
IV. Processing Data to Determine Localized Usage 

FIG. 6A shows a flow chart illustrating a method 600 of 
aggregating and processing raw data in order to extract 
localized app usage to recommend for a particular location. 
Apps are recommended based, in part, on local relevance. 
Therefore, it would be beneficial to have a model for 
calculating, estimating, and predicting the relevance of each 
app Ai at any given location Lj. 
Method 600 is an example of step 420 in FIG. 4A for 

building such a model. Some of the steps shown are optional 
or may be performed in an alternative order. The method 
may be performed by a localized app recommendation 
engine (e.g., 220). Raw data needs to be aggregated and the 
significant usage needs to be extracted. This may be 
achieved by a data processing pipeline that combines the 
steps of definition of bins for a domain of interest (610); 
receiving a plurality of app usage records from a plurality of 
mobile devices and decimating data (620); incrementing bin 
counter for each app (630); generating a model for the 
distribution of app usage from the raw per-app count (640); 
and recommending apps using model (650). 
An example of defining a grid over a domain of interest 

in step 610 could be selecting a region around the city of 
interest. In one embodiment, the selected region is a 1x1 
degree area. In some embodiments, the selected region is 
one of a plurality of non-uniform tessellations, described 
herein. The region may be divided into a grid of 1000x1000 
locations Lj, each bin in the grid being /1000 degree, or 
about 100 m. FIG. 7 shows a high-level example of a data 
set and operations on a data set for illustration purposes. The 
domain of interest is defined by a grid 720 that is 5 cells by 
5 cells. The data set and the specific values are for illustra 
tion only and may not represent values that would actually 
exist in a real world application. 

Returning to FIG. 6A, at block 620, a plurality of app 
usage records from a plurality of mobile devices is received 

10 

15 

25 

30 

35 

40 

45 

50 

55 

60 

65 

18 
and the data may be decimated. For example, at each 
location bin (L) in the grid, the number of (distinct) users 
running each app (Ai) on a particular day can be estimated 
by counting the number of Submissions for each App (Ai) at 
every location (L) over a period of time (e.g., a month). 
At block 630, when app usage data is received with usage 

by that particular app and the particular location, a bin 
counter for each app at that location is incremented. This 
aggregation step includes on counting the number of Sub 
missions for each app at every space-time bin that has data. 
For example, in FIG. 7, grid 720 has raw app count data for 
App A. The numbers in the bins are a counter for that bin 
with respect to App A. Blanks in the grid indicate no data (a 
Zero counter value). 
At block 640, a predictive model for the distribution of 

app usage can be generated from the raw per-app count. In 
Some embodiments, a predictive model for device popula 
tion can be generated from the raw device Submission count. 
FIG. 6B shows an expansion of block 640 according to some 
embodiments of the invention. 

In step 642, the app usage records for a particular app are 
identified. For each App (Ai), the intensive of app use of the 
grid of locations (L) can be estimated. 

In step 644, a statistical value measuring a localized usage 
at a first location relative to other locations. An example of 
the statistical value is a raw data count at bins, a Smoothed 
count (e.g., I), or the value of the Laplacian of the 
smoothed counts in the bins. The statistical value is relative 
to other locations to ensure differences from one location to 
another are measured. The Laplacian obtains the relative 
values as it is the curvature of the data set, which inherently 
measures differences from one bin to another. 

In step 646, the statistical value measuring is compared to 
a threshold. The comparison can be accomplished by com 
paring raw data to the threshold, and removing noisy data in 
that manner. Alternatively, the comparison can be of the 
statistical value to a threshold, where locations only show a 
relatively low extrema (e.g., curvature is local maxima but 
not very high, therefore is not a pronounced peak indicative 
of a hotspot). In one embodiment, the estimation of intensity 
of usage over the grid of locations uses Gaussian kernel 
Smoothing and thresholding for removing noisy points. 

In certain embodiments, the usage intensity may be cal 
culated using methods for estimating the spatial distribution 
of app usage from anonymized crowd sourced localized app 
usage data. For example, a 2D Gaussian Kernel Smoothing 
function may be used to find a local extreme that is suffi 
ciently far away from other local extrema. To arrive at I 
a smoothing function is applied to arrive at grid 730. One 
example of a smoothing function is a Gaussian function. 

For each App (Ai), identify the local hotspots. In step 648, 
hotspots are identified when statistical value exceeds the 
threshold. For each app, usage hotspots are detected based 
on the per-app distribution of app usage when the statistical 
value exceeds the threshold at a particular location. This step 
could also make use of the device population distribution 
(see below) for normalizing against population density 
variations. 

In one embodiment, identifying location hotspots (local 
extrema) uses the Laplacian of Gaussian operator, an image 
processing technique. The Laplacian of Gaussian (LOG) is a 
2nd derivative over space to find an extreme that is a 
maximum (i.e., to find the peak). One advantage to the LoG 
is that the calculation is relatively fast. To arrive at H, a 
normalization function is applied to I to arrive at grid 740 
(it is also possible to apply a smoothing and normalization 
function to the raw data; e.g., the Laplacian of Gaussian). 
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The “- indicates bins that were filtered out as part of the 
Smoothing and normalization. Note that the maximum value 
(0.6) in grid 730 maps to a negative value indicating a 
maximum (or minimum). 
The relevance of each app Ai at any given location Lican 

be estimated as a function of usage intensity, spatial 
entropy, and presence of hotspot. In one embodiment, loca 
tion relevance (R) of an application (A) may be defined as 
follows: 

R(X, A)-f(Ix, Hax, IG4x), where: 

R is a function of X (a particular location) and A (a 
particular app) 

It is Local Usage Intensity for App A at location X 
His the presence of a hotspot at Location X (yes or no) 
IG is information gain (i.e., given particular app usage 

data, what is the probability that the app is being used 
is App X'?). 

The scores of different apps within a particular bin X can 
be used for a ranking or notification, as described herein. 
The I can provide information that the usage of an app is 
high. This localized usage can be normalized against usage 
in other bins, and a background usage across all bins (e.g., 
an average) could be subtracted out. If I is high for a bin, 
but it is not near a hotspot for the app, then an app would be 
less localized to that bin, than if it was near a hotspot or was 
a hotspot. 
The steps of the method 600 will be described further in 

the following Subsections. 
a. Grid and Bin Definition 
A grid can be defined over the domain of interest (e.g., 

block 610 in FIG. 6A). The grid may have space elements 
(e.g., location) and optionally may also have a time element 
(e.g., spatio-time grid). A two-dimensional grid comprising 
a plurality of discrete bins may be used. The grid may be 
represented in a data structure. In one embodiment, each bin 
represents a particular geographic area. In some embodi 
ments, grids have fixed bin shape and/or size. In other 
embodiments, grids have variable bin shape and/or size. 
There may be a separate space grid (or space-time bin) for 
each app. There may be a space grid (or space-time bin) for 
Submissions from devices regardless of what app was used 
(i.e., discarding the app information for determining device 
population). 

Fixed grid. In certain embodiments, the bins may be a 
predetermined fixed size and shape. One embodiment, with 
a 4-bin by 4-bin grid (16-bin area), is shown in FIG. 7. In 
one embodiment, a grid comprises 13-bin by 13-bin polygon 
(169-bin area). Any suitable grid size may be used. Each bin 
may be a 100 mix100 m square. Any suitable bin size may 
be used. Counters may be incremented for each app use that 
occurred within a bin. A Smoothing function, Such as a 
Gaussian kernel, may smooth the raw app counts across the 
entire 13 binx 13 bin grid, allowing for locating local 
extrema within the grid. This process may be repeated across 
many other grids. For example, each bin in a grid may 
represent a 100 meterx100 meter square (/1000 of a degree 
of latitude/longitude is approximately 100 meters). Each 
time an app is used within that 100 meterx100 meter square, 
a bin counter for that particular bin may be incremented. In 
certain embodiments, the bin size may be larger or Smaller. 

Variable bin size; fixed shape. In certain embodiments, the 
bin shape may be a fixed shape (e.g., rectangle or square) but 
the bin size may be variable. For example, 100 mx100 m bin 
size may be too granular to determine localization for some 
apps or not granular enough for other apps. Therefore, in 
certain embodiments, it may be possible to increase or 
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20 
decrease bin size as appropriate. The larger the bin dimen 
sions, the less resolution. Therefore, a 100 mx100 m bin size 
has a greater resolution than a 1000 mx 1000 m bin size. 
Referring to FIG. 7, for the purposes of illustration, a 
four-bin by four-bin grid is shown. The raw bin counts in 
720 are smoothed and normalized over the four-bin by 
four-bin grid in 530 and 540. 

In one embodiment, bin size varies based on device 
population. For example, if the value of bin counters is low, 
adjacent bins may be combined and the respective bin 
counters Summed. Variable bin size has an advantage of 
preserving privacy in areas where there is limited data. For 
example, in a rural area, one person’s property may cover 
one or more bins at a certain bin resolution. In this instance, 
variable bin size might be used to combine adjacent bins to 
preserve privacy. It is also possible that bin data will be 
ignored or discarded unless a bin counter threshold value has 
been met. For example, unless a particular bin is greater than 
bin counter threshold value, it will not be factored into the 
app recommendation analysis. 

Variable bin size and shape. In one embodiment, the shape 
and the size of the bins within the grid may be variable. 
Variable grid size and shape may better account for differ 
ence in population density in urban and rural areas. Variable 
grid size and shape may further preserve privacy. There are 
different methods that may be used for defining variable bin 
sizes and bin shapes. One such method that could be used in 
accordance with certain embodiments of the present inven 
tion includes creating non-uniform spatio-temporal tessel 
lations based on crowd-sourced location data, as described 
in subsection (h) (Regional Models Using Tessellations). 
Non-Uniform Spatio-Temporal Tessellations may be used to 
create an adaptive mesh, which is useful for defining poly 
gons where the “local statistics are going to be computed. 

Variable grid size and shape. When the number of sub 
missions is relatively smaller or larger, a variable grid size 
may improve results. In one embodiment, the grid itself may 
be variable sized and/or shaped. For example, a sparsely 
populated area and a densely populated urban area may 
require grids with different resolutions. In some embodi 
ments, grid size may be adaptive. The grid size and the 
number of bins within a grid over a domain of interest may 
vary based on the number of submissions. One method that 
could be used to create variable grids in accordance with 
certain embodiments of the present invention includes cre 
ating non-uniform spatio-temporal tessellations based on 
crowd-sourced location data, as described in Subsection (h) 
(Regional Models Using Tessellations). 

b. Receive Data Submission 
Decimation (in space and time) may be used for reducing 

the resolution of the data, and matching the appropriate 
space-time resolution of the grid bins. Location data may be 
decimated device-side or server-side. For example, in some 
embodiments, precise location data may be not be required. 
For privacy reasons, it may be beneficial to decimate the 
location data to the level that is required. 

Decimated data is aggregated over the bins defined by the 
grid. Aggregation step consists of counting the number of 
Submissions for each app at every space-time bin that has 
data. For example, each space bin (or space-time bin) may 
have a counter. 

FIG. 8 shows an example of raw data for an app Ai (here, 
the Apple Store app available from the App Store) over a 
domain of interest (here, the San Francisco bay area) during 
a 4-day period. The number of Submissions was counted 
over a grid of ~100 mx100 m and a period of 1 day. There 
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are four different “snapshots of raw app counts for each of 
the four different days (810, 820, 830, and 840). 

It can be observed from FIG. 8 that even though the usage 
of the app presents relatively consistent areas of usage over 
the four different days, there is a component of random noise 
component in the data. For example, there is little or no app 
use in the Pacific Ocean or San Francisco Bay for the Apple 
Store app, but day 3 has what could be an outlier app usage 
(835) in an area that appears to be at or near the ocean. 
De-noising the data would increase the accuracy of the 
model. Removing the noise would leave data that is more 
representative of consistent and significant usage of a given 
app. In some embodiments, noise can be removed using a 
thresholding technique. 

c. Estimating Local Usage Intensity 
The crowd-sourced data can be used to model app usage 

intensity and/or device population. Regarding app usage 
intensity, the crowd-sourced data can be used to estimate the 
predictive spatial distribution of app usage intensity for an 
app (e.g., App A) over a domain of interest (e.g., a grid). 
Regarding device population, the crowd-sourced data can be 
used to estimate the predictive spatial distribution of device 
usage intensity (e.g., device population or density) over a 
domain of interest (e.g., a grid). 

In Some embodiments, the grid represents space only 
(e.g., grid G. S for space). For example, given a location 
(e.g., a bin in the grid), the model can estimate the predictive 
spatial distribution of app usage intensity for an app. A time 
element can be added by using a series of time Snapshots of 
grid G. S., where each of the time Snapshots are analyzed 
independently and used together with a dynamic model for 
the time component. 

In some embodiments, the grid represents time and space 
(e.g., G. St for space and time). For example, given a time 
and location (e.g., a bin in the grid for a time and location), 
the model can estimate the predictive spatial distribution of 
app usage intensity for an app. 

Local usage intensity (I) can be defined as the intensity 
of app usage of App A as a function of location (X). That is, 
local usage intensity indicates how intense is app usage for 
a particular app (e.g., app usage intensity), or for devices 
generally (e.g., device population density), at a particular 
location in the grid. I can be estimated based using 
Smoothing function. The Smoothing function can be applied 
to the raw data set. For example, if just the raw data was 
used, then the changes from one bin of the grid to the next 
bin of the grid could be sharp. However, such sharp changes 
may not represent realistic differences, but rather may be the 
result of an imperfect sampling set because the sample set is 
not infinitely large. The Smoothing function provides an 
approximation of what the counts in the bins would be if a 
very large number of data points were obtained. Various 
statistical distributions can be used. 

In one embodiment, a Gaussian Smoothing function is 
applied to the dataset. In some embodiments, a 2D Gaussian 
kernel for smoothing function is applied to the event-derived 
data. This transforms the data from discrete events (e.g., raw 
bin counts) to a continuous spatial distribution over the 
domain of interest. FIG. 9A shows a formulation of the 
Gaussian kernel for the 2D case (Formula Source: http:// 
fourier.eng.hmc.edu/e161/lectures/gradient/node 10.html). 
An example of this kernel is shown in FIG. 9B. In some 
embodiments, convolution of the (per app) raw Submission 
counts is combined with the two dimensional Gaussian 
kernel. The standard deviation (sigma) of the kernel defines 
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the bandwidth for the spatial filter. A larger sigma means 
more Smoothing, whereas a Smaller sigma means less 
Smoothing. 

Turning to an example, FIG. 10A shows event counts over 
a spatial grid (with bins sized 100 mx100 m) aggregated 
during a month-long period. This represents the raw data 
before a smoothing function is applied. Notice there is noise 
in the data and it is difficult to pinpoint the areas with the 
most intense usage or density. FIG. 10B shows the estimated 
intensity (I) of App usage based on Gaussian kernel 
Smoothing and thresholding (based on maximum regional 
intensity). In the illustrated data, a threshold of 7% of the 
max achieved intensity inside the spatial domain is used. 
This means that bins with less than 7% of the bin with the 
maximum value are ignored in a thresholding process. 
Reference numerals 1060 and 1070 show two areas where 
significant app usage occurred after a thresholding process. 
Any suitable threshold could be used, including a minimum 
number of Submissions over a time period, a percentage of 
Submissions, etc. Although a Gaussian Kernel Smoothing 
with thresholding is shown, other Smoothing functions may 
be used to smooth the event-derived data (i.e., the discrete 
event) into a continuous spatial distribution. 

In some embodiments, determining I may include a 
thresholding technique for eliminating noise from the data 
(e.g., de-noising). Thresholding removes data points that are 
not statistically significant, Such as noise. 

d. Identifying Hotspots 
Once a spatial distribution has been estimated, hotspots 

can be identified from the crowd-sourced localized app 
usage data. Presence of hotspot (H) is a value indicating 
whether a particular location X (i.e., a particular bin in a 
grid) is a hotspot for App A. Such as a yes/no flag or 0/1 
binary value. In one embodiment, H may be a number 
representing how “hot” a spot is or is not. 

FIG. 11 shows an example for app Ai (e.g., the Apple 
Store app) over the domain of interest G. S (e.g., the San 
Francisco Bay Area). The number of submissions was 
counted over a grid of 100 mx100 m and a period of 4 days. 
That is, the graph shows a 4-day period, as opposed to the 
1-day periods shown in FIG.8. It can be observed from FIG. 
11 that Ai usage exhibits spatial clusters and hotspots. There 
is also random usage (noise) in FIG. 11. It would be 
beneficial to filter the noise and identify hotspots in a manner 
that is not computationally prohibitive (i.e., time and/or 
processing resource intensive) for large datasets. Several 
examples are described below; however, usage hotspots may 
be detected other manners. 
OGAM 
In one embodiment, hotspots can be detected using Open 

shaw's Geographical Analysis Machine (OGAM). This 
technique scans a geographical area with circles of varying 
sizes testing for localized spatial clustering. FIG. 12 shows 
the results of running OG AM on the raw data from FIG. 11. 
As FIG. 12 illustrates, clusters can be identified using 
OGAM. One such cluster is identified by reference numeral 
1210. 

However, OGAM may be computationally prohibitive as 
the data set grows (in number of apps and in geography). For 
example, as the data domain is expanded, the technique may 
become computationally prohibitive. Even for a small geo 
graphical area (0.25 degreex0.25 degree) and a relatively 
Small set of Apps (approximately 2000), the processing time 
is on the order of 1 day for a non-distributed DB imple 
mentation. Therefore, a faster solution is desirable. Addi 
tionally, it appears that OGAM may produce a high number 
of false positive hotspots. 
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Kernel Estimation 
In some embodiments, Gaussian Kernel Smoothing and 

thresholding can be used to identify clusters or hotspots. 
FIG. 13A shows intensity estimation using OGAM. FIG. 
13B shows intensity estimation using Gaussian Kernel 
Smoothing and a thresholding. Kernel estimation is orders 
of magnitude faster than OGAM. Kernel estimation can also 
be more useful than the OGAM method as kernel estimation 
found less false clusters in areas with low device-population 
density. 
On the other hand, kernel bandwidth has an important 

influence on the results when using kernel estimation. In 
some instances, it is difficult to estimate kernel bandwidth 
for any given app. Additionally, automatic thresholding may 
become necessary when a large number of apps are pro 
cessed. In some instances, there may be a need to capture 
local clusters with a low number of submissions that coexist 
with clusters showing a very high number of Submissions in 
a given region. 

Gaussian Kernel Smoothing and the Laplacian Operator 
In some embodiments, Gaussian kernel Smoothing and 

the Laplacian operator can be combined using the associa 
tivity property of convolution (e.g., Laplacian of Gaussian), 
and LoG can be used to identify hotspots. App usage 
hotspots may be detected by using the Laplacian of Gaussian 
operator over the estimated intensity in order to find the local 
extrema (maxima or minima) as the curvature would be 
negative. The Laplacian is sensitive to noise; therefore it is 
beneficial to perform thresholding before applying the 
Laplacian operator. For example, bins that do not have 
enough counts can be considered to be Zero, therefore 
eliminating local extrema that are due to noise and not actual 
hotspots. For example, if one bin had ten counts and all 
neighboring ones had Zero, this could result in a high 
curvature, but the two counts are likely due to spurious 
usage, and not the result of significant localized usage. 
As previously described, the crowd-sourced localized 

usage data is decimated and aggregated in order to generate 
Submission counts over a spatial grid G. S (G St in the 
space-time case). For each app Ai a set of tuples Tik is 
generated, with the following structure: Tik: <decimated 
latitude, decimated longitude, Submission count for Ai>. 
The dataset D Ai includes all the tuples Tk where sub 

mission count is greater than a given threshold S. That is, 
D Ai={TiO, Ti1, . . . . TiK}, where D Ai is a dataset of 
Submission counts for a specific app Ai over a spatial grid 
G. S. Smin is the minimum Submission count at any slot of 
the spatial grid during the time period of interest. Setting an 
Smin serves several purposes, including preserving privacy 
of users in low usage areas and de-noising (e.g., removing 
app usage that is not considered significant). 

For example, as in FIGS. 10A and 10B, let app Aibe the 
“Apple Store' app and D Ai be the dataset of submission 
counts for app Ai over a spatial grid G. S aggregated over a 
period of one month. The dataset D Ai of decimated and 
aggregated events for app Ai is shown in FIG. 10A. Again, 
each square of the grid is approximately ~100 mx100 m 
(/1000 of a degree of latitude and longitude) and can be 
color-coded or otherwise distinguished by Submission count. 
However, it is hard to see where the hotspots are from the 
raw data. 

Here, the objective is to detect hotspots for usage of app 
Ai based on a dataset D Ai (Submission counts for app Ai 
over a spatial grid G. S). This can be broken down into two 
sub-problems: (1) estimating the spatial distribution Xi of 
usage intensity for app Ai over G. S given D Ai; and (2) then 
detect local maxima of Xi. One method of approaching the 
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first problem of estimating the spatial distribution Xi of 
usage intensity for app Ai over G. S given D Ai can be done, 
for example, as described in Subsection (c) (Estimating 
Local Usage Intensity), above. FIG. 10B shows one embodi 
ment of kernel intensity estimation with a threshold of 7% 
of max achieved inside the spatial domain. This method uses 
the formulation of the Gaussian kernel shown in FIG. 9A. 

Detecting local extrema of Xi can be accomplished esti 
mating the Laplacian. A formulation of the Laplacian of 
Gaussian for hotspot detection is shown in FIG. 14A (http:// 
fourier.eng.hmc.edu/e161/lectures/gradient/node 10.html). 
FIG. 14B shows a kernel for hotspot detection. In some 
embodiments, a discrete Laplacian filter is used so that for 
every location Z (Z long, Z lat), the second spatial deriva 
tive of the app usage intensity is estimated. Using the 
Laplacian of Gaussian (LoG) can be useful in order to 
reduce sensitivity to noise. 

In some embodiments, preprocessing, Such as applying a 
contrast operator, improves the results of the model. A 
contrast operator can assist in de-noising the data. For 
example, in some embodiments, the estimated usage inten 
sity Xi is squared resulting in Yi. That is, for each element 
of the grid G. S the squared intensity is used: intensity 2. 

Using LoG, local maxima can be detected. That is, the 
areas where Laplacian is negative are identified as local 
maxima. In some embodiments, further thresholding is used 
in order to eliminate spurious Laplacian values that result 
from thresholding intensity of usage in the previous stage 
(i.e. Laplacian has to be negative and Smaller than a given 
threshold). In some embodiments, the laplacian is normal 
ized to 0-1 over the regional model. The mapping of 
laplacian=0 is kept: lap. Zero. A hotspot is detected when the 
normalized laplacian (n lap) is less than, for instance 
alpha=0.985, times lap. Zero: in lap <0.985*lap. Zero. Other 
Suitable values can be used depending on the application. 

FIG. 15 shows the results of hotspot detection using LoG. 
The hotspots are circled and labeled for the purposes for 
illustration. The label represents the corresponding Apple 
Retail Store locations. As can be seen, the hotspot detection 
result is very accurate with few false positives. One false 
positive was identified (e.g., a hotspot was identified for the 
Apple Store app where there was not an Apple retail store or 
office); however, this false positive was in an area where 
increased usage. 
The hotspot could also be determined from the raw data 

or the smoothed data. For example, the bin with a maximum 
number of counts within a local vicinity could be identified 
as being the hotspot in the local vicinity. It is also possible 
that more than one bin could be designated as a hotspot. In 
a similar manner, a distance of a bin from a hotspot could be 
taken in account. 

Estimating the local usage intensity and identifying 
hotspots in the manner described above can be useful in a 
number of applications, including detecting hotspots of app 
usage for estimating the local relevance of apps, estimating 
the location of Stores associated with a given app for 
recommending apps at those locations, identifying POIs, 
detecting hotspots of activities associated to particular app 
categories, predicting app adoption/usages based on loca 
tion, and estimating the location of densely populated areas 
for applications including adaptive tiles for pre-caching 
geo-relevant content. Using certain embodiments described 
above, it is possible to determine optimal locations for app 
promotion and marketing based on the spatio-temporal 
mining of crowd-sourced localized app usage data, as 
described in certain embodiments above. 
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In some embodiments, crowd-sourced spatial distribution 
of app usage may be combined with web crawling of app 
websites and points of interest (POI) from maps in order 
detect apps that are relevant at a specific location. In one 
embodiment, the locations of stores associated with particu 
lar apps may be estimated. 

Using certain embodiments described above, it is possible 
to determine categories of apps that are localized. For 
example, categories of apps (e.g., travel apps, productivity 
apps, free apps, games, etc.) may be tagged with location 
data. This usage data may be analyzed by the app recom 
mendation system. Categories of apps may then be recom 
mended to a user based on location. In some embodiments, 
certain categories of apps receive a higher ranking in the 
scoring system. For example, travel apps may be more likely 
localized apps, as compared to social apps. Therefore, 
categories of apps can be weighted and ranked. 

e. Map-Reduce Convolution for Large Data Sets 
Both, app usage estimation and hotspot detection, can be 

implemented using convolution of the input signal with a 
kernel (spatial distribution of usage with gaussian kernel, 
and hotspot detection with a LoG kernel). However, as the 
domain of interest become large, the number of apps 
becomes large, and/or the desired resolution becomes high, 
it may be computationally expensive to estimate intensity 
and/or identify hotspots over all locations in a domain of 
interest. Therefore, a technique to process large datasets is 
needed. 

In some embodiments, map reduce convolution may be 
applied to process large datasets in parallel and estimate 
intensity over a large number of apps and/or a large domain 
of interest. In some embodiments, convolution may be 
performed using a map reduce method for performing 
convolution on large datasets. MapReduce is a programming 
model for processing large data sets, as the processing can 
be distributed on clusters of computers, for instance using 
Apache Hadoop (http://en.wikipedia.org/wiki/MapReduce). 
Using MapReduce convolution the sparseness in event 
driven data can be exploited, this approach contrasts with the 
familiar image kernel convolution problem. In short, there is 
a large domain which contains some areas that are sparse 
and some areas dense. A problem to be solved is: how to 
perform convolution in parallel over this dataset? 

In some embodiments, map-reduce convolution can be 
performed on a dataset D with a given kernel K. Convolu 
tion can include a map stage and a reduce stage. In the map 
stage, the distributive property of convolution can be 
exploited: if D can be separated into two signals. D0 and D1, 
such that D=D0+D1, then its convolution can be computed 
as D*K=D0*K+D1*K. Furthermore, if the dataset contains 
N locations, D can be divided into N convolutions, one for 
each location. At each location the convolution can be 
simplified to the generation of a translated and Scaled 
version of the kernel K, given that convolution of an impulse 
with a kernel K results in a translated version of the kernel 
K. The number of submissions is used as the scale factor for 
the amplitude of the impulse. 

The algorithm: for each point Pi in D generate a scaled 
version of K centered at the location Li of Pi (1 point 
generates a set of points at neighboring locations). For each 
Pi: <lat, long, V) generate: Q={ ... <(lat-1), long, c(0,-1)>, 
<lat, long, c(0,0), <(lat+1), long, c(0,1)> ... }. In the reduce 
stage, group all the generated points Q by location and 
compute the sum of the convolution results obtained in the 
Map stage: Group Qby <lat, long> and compute the sum of 
the convolutions computed in the map stage. The result is the 
convolution of dataset D and kernel K. One advantage of 
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map reduce convolution is scalability. Convolution may be 
done on a world Scale for device population at very high 
resolution (e.g., using a Hadoop cluster). By changing the 
kernel function different goals can be achieved: from 
Smoothing to edge detection and more. 

f. Ranking Apps Based on Local Relevance 
Given the thousands of apps available, it is likely that 

even after de-noising and thresholding there will be more 
apps observed at a given location than what it would be 
desirable to recommend, even at very high resolutions. Also 
there are apps with pervasive usage that could make it into 
too many grids, hurting the discovery component of the 
recommendation system. For this reason, it is beneficial to 
implement a ranking function based on the attributes derived 
from the spatio-temporal distribution of app usage in Such a 
way that recommendations are locally relevant. Apps may 
be ranked based on their local relevance and other informa 
tion. For example, the spatial distribution of an app A in a 
region can indicate how specific is app A to location. That is, 
is usage of app A found everywhere in the San Francisco 
Bay Area? Is the usage found uniformly across many 
locations in a domain of interest'? Or, is app A only, or mostly 
used, at a particular location? Therefore, a technique for 
separating apps with a high, uniform usage distribution 
across all or many areas in the domain of interest from apps 
that are truly localized (i.e., used a frequently some locations 
and infrequently, or not at all, at other locations). 
At a high level, app usage intensity can be analyzed across 

space bins to distinguish between apps with a relatively 
uniform usage distribution and apps with localized usage 
distribution. If the variance in usage intensity over a domain 
of interest is low (e.g., below a threshold), then the app is not 
very localized. If the variance in usage intensity over a 
domain of interest is high (e.g., above a threshold), then the 
app might be localized. FIG. 16 shows an example of a 
histogram of the usage intensity of two apps a 1 and a 2 at 
each location 1 1 through i Nover a domain of interest. The 
app usage intensity data for app a 1 (intensity curve 1610) 
exhibits highly localized qualities in that from 1 1-1 10 there 
is little or no app usage, from 1 11-1 i there is a spike in app 
usage, and from i i-1 N there is little or no app usage. The 
app usage intensity data for App a 2 (intensity curve 1620) 
does not exhibit localized qualities in that there is only minor 
variance in intensity over the domain of interest. 

Distinguishing between localized apps and non-localized 
apps can occur in a variety of ways. In some embodiments, 
there can be a minimum threshold from the peak to the 
trough of the intensity curve. For example, intensity curve 
1610 has a larger peak-to-trough value (1615) than intensity 
curve 1620, which from peak 1625 to trough 1630 is 
relatively small (1635). In some embodiments, apps that 
have a high usage over a predetermined number of locations 
in the domain of interest may be determined to be non-local. 
In Some embodiments, apps that have high usage over 
multiple large regions may not be recommended as local 
apps because the app usage, although it may be high, is not 
locally significant. For example, certain Social networking 
apps likely exhibit use intensity that is relatively uniform 
across a domain of interest and does not exhibit localization. 
If usage of an app is observed in a threshold number of 
locations in a domain, these apps may be considered non 
local. Taking a simplified example, if a domain of interest 
has 100 location bins and a particular app is observed in 75 
of the location bins, that app is used more or less uniformly 
over the domain of interest and it does not exhibit localized 
qualities. In some embodiments, if a threshold percentage of 
location bins have statistical significant app usage, then the 
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app is considered to have a relatively uniform distribution 
and therefore is considered to not be a localized app. 

In some embodiments, the components a ranking model 
could include: (1) spatial entropy of app usage, which can be 
estimated from the conditional probability of location given 
app (hal aj); (2) prior probability of a given app based on the 
marginal probability: P(a); (3) local entropy based on the 
joint probability of app and location (-fijLOG(f)); (4) 
local usage; and (5) a temporal component, such as prob 
ability of usage over time, estimated from number of days of 
observed significant usage of app aj at a given location 
These components are provided for illustration purposes 
only. One or more of the components listed may be omitted 
and/or other added without departing from the scope of the 
present invention. 

Various other methods can be used to identify apps with 
constant, uniform usage over a domain of interest and 
distinguish them from apps with localized qualities. One 
method is described in more detail in FIG. 17. 

FIG. 17 illustrates a high-level flow diagram of one 
embodiment of method 1700 for ranking apps in accordance 
with the present invention. Method 1700 can include defin 
ing a domain of interest and a grid 1710. For example, a grid 
with 50 meter square cells can be defined over the domain 
of interest (e.g., the world). Other suitable cell sizes can be 
used. There can be a tuple for each app at each cell in the 
grid with app usage data. For example, each 50 m by 50 m 
location/cell might have a tuple for each app that includes 
app usage data, Such as an App ID, Usage Intensity for that 
App at that location, a Laplacian for that location, a number 
of days app usage was observed at that location, and other 
Suitable app usage data. 
Method 1700 can include calculating a joint probability 

P(a, 1) 1720. That is, for each location 1 in the grid, what is 
the probability that appa is used in that cell/location? A table 
1800 with the joint probabilities for each app and location 
combination over a domain of interest is shown in FIG. 18. 
Each cell in the table has a joint probability of having a 
usage of App a j at location l i. This can be represented by 
the usage intensity of app a at location 1 i divided by the 
total usage. 

Method 1700 can include calculating a conditional prob 
ability P(1a) 1730, the conditional probability of a location 
given an app. A table 1900 with the conditional probabilities 
over a domain of interest is shown in FIG. 19. For example, 
for each app observed in a particular location, the condi 
tional probability distribution of a location given an app may 
be estimated. The conditional probability of being at a 
location given a particular app is helpful in recommending 
apps to users. The conditional probability can be derived by 
applying Bayes theorem to the joint probability from block 
1720. That is, the conditional probability of being at location 
1 i given appa (i.e., P(1jla i)), is the joint probability over 
the marginal probability. The marginal probability being 
P(a i), where P(a i) is the sum of all j=0 through j=N of the 
joint probabilities P(a i, 1 j). 

Method 1700 can include calculating entropy h gi 1740. 
Based on the conditional probability, the entropy of having 
the particular app at this location may be estimated and 
compared to the regional spatial entropy of the particular 
app. For example, the entropy of specific app A at a given 
location X may be estimated. This estimated entropy may be 
compared to the regional spatial entropy of app A. If the 
localized entropy and the regional entropy are similar, then, 
the app may not be highly localized. In some embodiments, 
entropy h gi can be calculated based on the equation shown 
in FIG. 20A. 
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Method 1700 can have ranking 1750 based on entropy 

h gji, conditional probability, and other data. That is, a 
ranking score may be based on usage intensity, spatial 
entropy, and the like. In some embodiments, a score can be 
formulated as shown in FIG. 20B: Usage' (F Log(f ij)/ 
h_al_aj*P(a_j)*Days Observed'. Therefore, at each loca 
tion 1 i, an app i has a local relevance score. At each 
location, apps of interest can be sorted in descending order 
based on this score. In some embodiments, the top 25 (or 
other suitable threshold) are selected for recommendations 
at each location in the domain of interest. 

In some embodiments, app meta data can be used in the 
ranking process. Certain categories of apps may be more, or 
less, likely to be locally relevant. For example, travel related 
apps might be locally relevant to an airport or train station, 
but Social apps are probably not locally relevant. In some 
embodiments, user feedback after an app recommendation 
can be incorporated into the scoring algorithm for ranking 
future apps. For example, if a first app was recommended to 
a first user for a particular location and the first user 
downloaded and used the first app, this information can be 
used to provide a second user with a recommendation (e.g., 
by increasing the score of the first app in the ranking 
system). Conversely, For example, if a second app was 
recommended to a first user for a particular location and the 
first user did not downloaded or use the second app, this 
information can be used to provide—or decide not to 
provide—a second user with a recommendation (e.g., by 
decreasing the score of the second app in the ranking 
system). 

g. Device Population Estimation 
Device population analysis may optionally be performed 

for improving the accuracy of the app recommendation 
engine. The unique number of Submissions may be counted 
over the defined grid, in order to estimate the device 
population distribution. From this, the space distribution or 
spatio-temporal distribution of device population is esti 
mated from the unique Submission counts. A smoothing 
function Such as Gaussian Kernel Smoothing may be used to 
estimate device population in a similar manner to determine 
app usage intensity, as described above. 

Device population may be used to normalize Submissions 
across densely populated areas as compared to less densely 
populated areas. Normalizing app usage intensity with esti 
mated population density before running hotspot detection 
allows hotspot detection to be less sensitive to increased 
usage that is just related to higher population density. For 
example, a first app where 900 out of 1000 devices are using 
the first app in a particular location might be considered 
more localized than a second app where 10,000 out of 
100,000 devices are using the second app at the particular 
location. That is, a higher percentage of app usage across 
population density may indicate a higher degree of local 
ization. 

In one embodiment, population density and demographics 
may be estimated from crowd-sourced geo-localized app 
usage data. 

h. Regional Models Using Tessellations 
In some applications a Subdivision of the world into 

regional models is needed in order to handle properly 
variations in app usage at different geographical scales (for 
instance between countries that speak different languages). 
Simply using a coarser grid would result in metropolitan 
areas with similar use patterns been split at inconvenient 
locations, hurting the regional model statistics. Moreover, 
different applications have different requirements on the 
properties of Such division. 
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In some embodiments, tessellations can be used to sepa 
rate large urban areas from other less dense regions. For 
example, it might be beneficial for an urban area, such as the 
San Francisco Bay Area, to be part of a different regional 
model than the Lake Tahoe area, even though geographically 
the two areas are not very far apart on a worldwide scale. It 
is expected, for example, that app usage is far more intense 
in San Francisco as compared to Tahoe. However, this does 
not imply that app usage in the Tahoe area is not locally 
significant. For example, 100 app usage Submissions in the 
Tahoe area can be just as locally significant as 10,000 in San 
Francisco area. Dividing the domain of interest into regional 
models in a meaningful way can give significance to usage 
in low density areas and/or de-weight usage in high density 
areas. In a way, generating meaningful divisions of the 
domain of interest can normalize usage data across regions. 
Therefore, it is beneficial to divide the domain of interest 
into regional models such that the statistics in the regions are 
Sufficiently homogenous (e.g., a region typically should not 
divide otherwise similar data points). 

In some embodiments, device population density can be 
used to efficiently subdivide the universe of data into 
regional models. Nevertheless it is often hard to get up-to 
date and/or accurate estimates of Such population density at 
the proper resolution. Therefore, a coarse regular grid is 
used, e.g. 1 degree of latitudex 1 degree of longitude, may be 
used for simplicity. This can result in undesirable artifacts. 
For instance, large metropolitan areas are split at inconve 
nient locations, and this may hurt the regional model prop 
erties for further analysis. 

Applications on spatio-temporal modeling would benefit 
from tessellations that incorporate population density in the 
process of creating the geometry of its cells. In this way the 
models can properly handle variations in population density 
at different geographical scales. Tessellations can be used to 
create Subdivisions of a spatio-temporal domain based on 
the population density estimated from crowd sourced loca 
tion data. 
An exemplary application of dividing the dataset into 

regional models using tessellations could be: (1) collecting 
and analyzing crowd source data, as described herein; (2) 
removing the application element; (3) detecting hotspots for 
device population (rather than app usage) according to the 
methods described herein; and (4) creating adaptive, non 
uniform regions using tessellation techniques based on 
population. The adaptive non-uniform regions can used, for 
example, to define the bins that are used for collecting and/or 
analyzing app usage data. 

In some embodiments, a subdivision of the world into 
regional models can be done by identifying the local 
hotspots of device population using the same method used 
for determining hotspots (described above). The set of 
identified hotspots can be used as the input for building a 
tessellation of the domain of interest (e.g., the world). 

In some embodiments, tessellations of the domain of 
interest are generated using a Voronoi diagram with the 
device population hotspots as seeds. A Voronoi diagram is a 
way of dividing a domain of interest space into a number of 
regions. A set of points (called seeds or generators) can be 
specified beforehand and for each seed there will be a 
corresponding region, or call, consisting of all points closer 
to that seed than to any other. In some embodiments, the 
resulting cells (polygons in the 2D case) can be the regional 
models. 
At block 2110, device population hotspots can be detected 

using methods described herein. FIG. 22 illustrates an 
example of detected device population hotspots in a graph 
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2200. Hotspots can be detected using any suitable method. 
For example, hotspots for device population are identified 
from crowd-sourced data using local maxima detection over 
the spatio-temporal distribution of device usage. In some 
embodiments, the usage data is decimated and aggregated at 
a relatively high resolution compared to the final tessellation 
(e.g., at least one order of magnitude higher). Then, Lapla 
cian of Gaussian can be used over the predictive spatio 
temporal distribution for detecting local maxima. Additional 
details on hotspot detection is described above. 
At block 2120, the set of hotspot locations can used as the 

generators (seeds) for building a tessellation. In some 
embodiments, this can be implemented using a Voronoi 
tessellation algorithm. FIG. 23 illustrates a Voronoi Tessel 
lation based on the hotspots detected at block 2110 in a 
graph 2300 and graphed in FIG. 22. The Voronoi diagram in 
FIG. 23 exhibits some desirable properties, including all the 
generated polygons are convex (when using Euclidian dis 
tance) and there is one polygon for each population hotspot. 
Nevertheless points in continental boundaries generate poly 
gons that are too big because there is no close point with data 
in the direction of the ocean. For example, a polygon for San 
Francisco might extend far out into the Pacific Ocean and 
this may be undesirable for the application. Therefore, the 
diagram might not be practical for applications that need to 
estimate local statistics, such as providing locally relevant 
app recommendation (or for caching or pre-loading locally 
relevant content). 

In some embodiments, a tessellation can be improved by 
estimating continental boundaries. An embodiment of esti 
mating the continental boundaries is illustrated in FIG. 24. 
A tessellation of the world 2400 is shown in FIG. 24. In 
Some embodiments, continental boundaries can be estimated 
by first creating a polygonal buffer Piaround each hotspot Hi 
with radius Rh. 

Next, the union of all the polygons Pican be performed, 
resulting in a multi-polygon Q. A simplified polygon M can 
be generated from Q using a standard polygon simplification 
algorithm. Vertexes V of all the polygons in M can be 
extracted and are used as candidates for additional seeds in 
the Voronoi diagram. 

In some embodiments, a filtered list of additional points 
(Fk) is generated by processing the list of candidate points 
V (vertices of all the polygons in Q). A circle Ci centered 
at each point V with radius R t can be generated, where R t 
is the threshold for merging multiple points. Next, merge 
points associated by X intersecting circles (Ci). Multiple 
point merge can be implemented by computing the centroid 
of the X points to be merged. Then, insert each point Fk into 
the original tessellation and mark them as "no-data” points. 

For the purposes of illustration, take hotspot 2430. 
Hotspot 2430 represents app usage in and around islands in 
the Pacific Ocean. See Zoomed view 2401. A polygonal 
buffer 2440 is created around hotspot 2430 creating a 
polygonal buffer at a predetermined distance R h from 
hotspot 2430. The polygon can be simplified to a polygon 
with vertices 2442, 2444, 2446, and 2448 (or the simplified 
polygon can be generated in the first instance eliminating the 
simplify polygon step). Simplified polygonal buffer 2440 is 
shown as a square but any Suitable polygon algorithm could 
be used to generate a suitable polygon. No data points 2442, 
2444, 2446, and 2448 can be inserted into the original 
tessellation to generate a modified tessellation. They are 
referred to as “no data” points because they are not associ 
ated with an actual calculated hotspot, rather a buffer around 
a hotspot. 
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FIG. 25 shows the improved tessellation 2500 together 
with the original hotspots (gray) and the additional (no-data) 
points added. The adaptive tessellation alone is shown in 
FIG. 26. Note that each polygon has an associated popula 
tion hotspot statistic (“no data for the artificially added 
points to improve the tessellation for real-world localization 
applications). In some embodiments, using this data the 
Voronoi diagram can be further processed, for example, by 
removing “no data” polygons or merging some cells. 
At block 2130, the tessellation can be used for various 

applications. In some embodiments, the tessellation can be 
used for spatio-temporal modeling with adaptive resolution 
based on population density. In some embodiments, each of 
the cells in the tessellation can be used for a regional model 
for providing localized application recommendations. Non 
uniform spatio-temporal tessellations based on crowd 
Sourced location data may be applied to other embodiments 
of the present invention. 

In some embodiments, Subdivision may be required in 
order to pre-cache/pre-load data to mobile devices since 
usually more data needs to be pre-cached/pre-loaded for 
densely populated areas than for rural areas. In this case the 
size of the tessellation cell should adapt inversely propor 
tional to population density. Therefore, tessellations may be 
used to determine how to partition domain of interest for 
aggregation in order to partition domain of interest into tiles 
for delivery to user device (e.g., an asynchronous delivery 
mechanism). Some embodiments of an asynchronous deliv 
ery mechanism are described in U.S. patent application Ser. 
No. 13/843,291, described above. 

In some embodiments, the method can be used for cre 
ating an adaptive mesh for pre-caching WiFi access point 
information, cellular antennas, Bluetooth R) access points, or 
similar beacons or transceivers. For example, instead of 
using the device distribution, the number of access points 
can be used so that the mesh adapts to the access point 
density. 
One having skill in the art will recognize that there are 

other applications for non-uniform spatio-temporal tessella 
tions based on crowd-sourced location data in accordance 
with embodiments of the present invention. 
V. Privacy 
The present disclosure contemplates that privacy is 

important to users of mobile devices. Therefore, embodi 
ments of the present invention take privacy considerations 
into account while providing relevantapp recommendations. 
The goals of preserving user privacy and providing accurate, 
relevant app recommendations to users are aligned. For 
example, the value of crowd-sourced app usage data here 
materializes when there is sufficient data from many differ 
ent users to show meaningful and statistically significant 
data (eliminating noise). In this context, a lone user's 
location and app usage—in isolation is not helpful. Addi 
tionally, in certain embodiments, it is not necessary to have 
extremely precise location data. Accordingly, embodiments 
of the present invention contemplate privacy preserving 
rules. 
As described above, one aspect of the present technology 

is the gathering and use of location data available from 
various sources to recommend apps that may be of interest 
to users. The present disclosure recognizes that the use of 
Such location data in the present technology can be used to 
the benefit of users. For example, the location data can be 
used to better understand user behavior, facilitate and mea 
Sure the relevance of applications, advertisements and deliv 
ered content. Accordingly, use of Such location data enables 
calculated control of the delivered content. For example, the 
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system can reduce the number of times a user receives a 
recommendation for a particular application and can thereby 
select and deliver content that is more meaningful to users. 
Such changes in System behavior improve the user experi 
ence. Further, other uses for location data that benefit the 
user are also contemplated by the present disclosure. 
The present disclosure further contemplates that the enti 

ties responsible for the collection, analysis, disclosure, trans 
fer, storage, or other use of any location data should imple 
ment and consistently use privacy policies and practices that 
are generally recognized as meeting or exceeding industry or 
governmental requirements for maintaining location data 
private and secure. For example, location data should be 
collected for legitimate and reasonable uses of the entity and 
not shared or sold outside of those legitimate uses. Further, 
such collection should occur only after the informed consent 
of the users. Additionally, such entities would take any 
needed steps for safeguarding and securing access to Such 
location data and ensuring that others with access to the 
location data adhere to their privacy and security policies 
and procedures. Further, Such entities can Subject them 
selves to evaluation by third parties to certify their adher 
ence to widely accepted privacy policies and practices. 

Despite the foregoing, the present disclosure also con 
templates embodiments in which users selectively block the 
use of, or access to, location data. That is, the present 
disclosure contemplates that hardware and/or software ele 
ments can be provided to prevent or block access to Such 
location data. For example, in the case of application rec 
ommendation services, the present technology can be con 
figured to allow users to select to “opt in or “opt out of 
participation in the collection of location data during regis 
tration for services. In another example, users can select not 
to provide location information for application recommen 
dation services. For example, devices of users that opt-in for 
localized app recommendation features will tag location data 
to app usage when privacy preserving rules (PPR) are met. 
Device-side, the localized App usage data may be anony 
mized and Submitted to the app recommendation system for 
further processing. In another example, app developers may 
be provided with the capability to “opt in or “opt out of 
localized app recommendations for particular apps that they 
develop. In yet another example, users can configure their 
devices or user terminals to prevent storage or use of cookies 
and other mechanisms from which location data can be 
discerned. The present disclosure also contemplates that 
other methods or technologies may exist for blocking access 
to their location data. 

Therefore, although the present disclosure broadly covers 
use of location data to implement one or more various 
disclosed embodiments, the present disclosure also contem 
plates that the various embodiments can also be imple 
mented without the need for accessing Such location data. 
That is, the various embodiments of the present technology 
are not rendered inoperable due to the lack of all or a portion 
of Such location data. For example, content can be selected 
and delivered to users by inferring preferences based on 
non-personal information data or a bare minimum amount of 
personal information, such as the content being requested by 
the device associated with a user, other non-personal infor 
mation available to the content delivery services, or publi 
cally available information. 
VI. Exemplary Server System 

It should be understood that the present invention as 
described above can be implemented in the form of control 
logic using computer Software in a modular or integrated 
manner. Based on the disclosure and teachings provided 
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herein, a person of ordinary skill in the art will know and 
appreciate other ways and/or methods to implement the 
present invention using hardware and a combination of 
hardware and Software. The various participants and ele 
ments described may operate or use one or more computer 
apparatuses to facilitate the functions described herein. 
Examples of Such subsystems or components are shown in 
FIG. 27, which may illustrate parts of a computer apparatus. 
The subsystems shown in FIG. 27 are interconnected via 

a system bus 2875. Additional subsystems such as a printer 
2874, keyboard 2878, fixed disk 2879 (or other memory 
comprising computer-readable media), monitor 2876, which 
is coupled to display adapter 2882, and others are shown. 
Peripherals and input/output (I/O) devices, which couple to 
I/O controller 2871, can be connected to the computer 
system by any number of means known in the art, such as 
serial port 2877. For example, serial port 2877 or external 
interface 2881 can be used to connect the computer appa 
ratus to a wide area network Such as the Internet, a mouse 
input device, or a scanner. The interconnection via system 
bus allows the central processor 2873 to communicate with 
each Subsystem and to control the execution of instructions 
from system memory 2872 or the fixed disk 2879, as well as 
the exchange of information between Subsystems. The sys 
tem memory 2872 and/or the fixed disk 2879 may embody 
a computer-readable medium. 
Any of the software components or functions described in 

this application, may be implemented as Software code to be 
executed by a processor using any suitable computer lan 
guage Such as, for example, Java, C++ or Perl, using, for 
example, conventional or object-oriented techniques. The 
software code may be stored as a series of instructions, or 
commands on a computer-readable medium, Such as a 
random access memory (RAM), a read-only memory 
(ROM), a magnetic medium Such as a hard-drive or a floppy 
disk, or an optical medium such as a CD-ROM. Any such 
computer-readable medium may reside on or within a single 
computational apparatus, and may be present on or within 
different computational apparatuses within a system or net 
work. 

It should be understood that any of the embodiments of 
the present invention can be implemented in the form of 
control logic using hardware (e.g. an application specific 
integrated circuit or field programmable gate array) and/or 
using computer Software with a generally programmable 
processor in a modular or integrated manner. As user herein, 
a processor includes a multi-core processor on a same 
integrated chip, or multiple processing units on a single 
circuit board or networked. Based on the disclosure and 
teachings provided herein, a person of ordinary skill in the 
art will know and appreciate other ways and/or methods to 
implement embodiments of the present invention using 
hardware and a combination of hardware and Software. 

Such programs may also be encoded and transmitted 
using carrier signals adapted for transmission via wired, 
optical, and/or wireless networks conforming to a variety of 
protocols, including the Internet. As such, a computer read 
able medium according to an embodiment of the present 
invention may be created using a data signal encoded with 
Such programs. Computer readable media encoded with the 
program code may be packaged with a compatible device or 
provided separately from other devices (e.g., via Internet 
download). Any such computer readable medium may reside 
on or within a single computer program product (e.g. a hard 
drive, a CD, or an entire computer system), and may be 
present on or within different computer program products 
within a system or network. A computer system may include 
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a monitor, printer, or other Suitable display for providing any 
of the results mentioned herein to a user. 
Any of the methods described herein may be totally or 

partially performed with a computer system including one or 
more processors, which can be configured to perform the 
steps. Thus, embodiments can be directed to computer 
systems configured to perform the steps of any of the 
methods described herein, potentially with different compo 
nents performing a respective steps or a respective group of 
steps. Although presented as numbered steps, steps of meth 
ods herein can be performed at a same time or in a different 
order. Additionally, portions of these steps may be used with 
portions of other steps from other methods. Also, all or 
portions of a step may be optional. Additionally, any of the 
steps of any of the methods can be performed with modules, 
circuits, or other means for performing these steps. 
The specific details of particular embodiments may be 

combined in any Suitable manner without departing from the 
spirit and scope of embodiments of the invention. However, 
other embodiments of the invention may be directed to 
specific embodiments relating to each individual aspect, or 
specific combinations of these individual aspects 
The above description of exemplary embodiments of the 

invention has been presented for the purposes of illustration 
and description. It is not intended to be exhaustive or to limit 
the invention to the precise form described, and many 
modifications and variations are possible in light of the 
teaching above. The embodiments were chosen and 
described in order to best explain the principles of the 
invention and its practical applications to thereby enable 
others skilled in the art to best utilize the invention in various 
embodiments and with various modifications as are suited to 
the particular use contemplated. 
A recitation of “a”, “an or “the' is intended to mean “one 

or more unless specifically indicated to the contrary. 

What is claimed is: 
1. A method comprising: 
receiving, at an application recommendation system, a 

plurality of app usage records from a plurality of 
mobile devices, wherein the plurality of app usage 
records each comprise an application identifier corre 
sponding to an application and a usage location corre 
sponding to an execution of the application; 

analyzing, by the application recommendation system, the 
plurality of app usage records to determine the app 
usage records for a first application; 

identifying partitions in a region over a geographical area, 
wherein the partitions make up a grid over the geo 
graphical area; 

incrementing a plurality of counters based on the usage 
locations of the plurality of app usage records, each 
counter corresponding to a different partition; and 

for each of one or more of the partitions: 
calculating a statistical value measuring a localized 

usage of the first application within the respective 
partition relative to a plurality of other partitions 
based on a counter of the respective partition and 
counters of the other partitions; 

comparing the statistical value to a threshold; and 
identifying the first application as locally relevant to the 

respective partition in the region of the geographical 
area when the statistical value exceeds the threshold. 

2. The method of claim 1 further comprising: 
decimating the plurality of app usage records received 

from the plurality of mobile devices such that a reso 
lution of the usage locations is reduced. 

RAVE/MSI, EX1033, p. 46



US 9,510,141 B2 
35 

3. The method of claim 1 further comprising: 
providing the first application to a first user as a recom 

mendation when the first user is at a first partition, 
wherein the first application is locally relevant to the 
first partition. 5 

4. The method of claim 1 further comprising: 
providing the first application to a first user as a recom 

mendation when the first user Submits a search relating 
to a first partition, wherein the first application-is 
locally relevant to the first partition. 

5. The method of claim 1, wherein each of the one or more 
partitions is defined as a polygon on a two dimensional map. 

6. The method of claim 1, wherein the application rec 
ommendation system is distributed across a plurality of 
server computers, wherein the servers utilize map reduce 
convolution to calculate the statistical value measuring the 
localized usage at the respective location relative to other 
locations. 

7. The method of claim 1, further comprising: 
Smoothing values of the counters before calculating the 

statistical value. 
8. The method of claim 1, further comprising: 
for each of a plurality of applications: 

computing a variance in the counters for the respective 
application; 

identifying the respective application as not being 
localized when the variance is below a first variance 
threshold; and 

identifying the respective application as potentially 
being localized when the variance is above a second 
variance threshold. 

9. The method of claim 1, wherein calculating the statis 
tical value measuring the localized usage of the first appli 
cation within a first partition includes: 

determining a difference of a first counter of the first 
partition and a minimum of an intensity curve based on 
the counters. 

10. The method according to claim 1, wherein the statis 
tical value comprises one of a raw data count of the 
partitions, a Smoothed count of the partitions, and a value of 
a Laplacian of the Smoothed count of the partitions. 

11. The method according to claim 1, wherein the parti 
tions are space partitions, time partitions, or both space and 
time partitions. 

12. A method of partitioning a geographical domain of 
interest of a geographical area comprising: 

receiving, at a server, a plurality of location records each 
comprising a location and a timestamp from a plurality 
of mobile devices, wherein the plurality of app usage 
records have a timestamp within a time window; 

analyzing, by the server, the plurality of location records 
to determine a device population density over the 
geographical domain of interest, the device population 
density specifying an amount of devices at each of a 
plurality of locations; and 

based on the device population density, partitioning the 
geographical domain of interest of the geographical 
area into non-uniform regions based on the device 
population density, wherein one of the non-uniform 
regions is divided into a grid comprising a plurality of 
partitions and each of the plurality of partitions 
includes a counter that is incremented according to app 
uSage. 

13. The method of claim 12 further comprising: 
detecting a set of device population hotspots over the 

geographical domain of interest by 
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determining extrema of the device population density; 
and 

identifying the extrema as the set of device population 
hotspots. 

14. The method of claim 13, wherein the portioning of the 
geographical domain of interest uses Voronoi tessellations. 

15. The method of claim 14, wherein an input to the 
Voronoi tessellation is the set of device population hotspots 
over the geographical domain of interest. 

16. The method of claim 12 wherein the non-uniform 
regions of the geographical domain of interest are used to 
analyze local app usage data. 

17. The method of claim 12 wherein the non-uniform 
regions of the geographical domain of interest are used to 
asynchronously deliver local app recommendations. 

18. The method of claim 12 further comprising: 
generating a plurality of buffer polygons around each 

device population hotspot, wherein the buffer polygons 
have a predetermined size. 

19. The method of claim 18 further comprising: 
extracting a plurality of vertices from each of the buffer 

polygons; and 
generating a Voronoitessellation based on the plurality of 

Vertices and the set of device population hotspots. 
20. The method of claim 12, wherein the device popula 

tion density is homogenous within each of the non-uniform 
regions. 

21. A non-transitory computer readable storage medium 
having program code stored thereon, the program code 
including instructions that, when executed by a processor in 
a device, cause the processor to execute a method compris 
1ng: 

receiving a plurality of usage records each comprising a 
location and a timestamp from a plurality of mobile 
devices, wherein the plurality of app usage records 
have a timestamp within a time window; 

analyzing the plurality of location records to determine a 
device population density over a geographical domain 
of interest of a geographical area, the device population 
density specifying an amount of devices at each of a 
plurality of locations; 

detecting device population hotspots by determining 
extrema of the device population density; and 

partitioning the geographical domain of interest of the 
geographical area into non-uniform regions based on 
the device population hotspots, wherein one of the 
non-uniform regions is divided into a grid comprising 
a plurality of partitions and each of the plurality of 
partitions includes a counter that is incremented 
according to app usage. 

22. The non-transitory computer readable storage medium 
of claim 21, wherein the portioning of the geographical 
domain of interest uses Voronoi tessellations. 

23. The non-transitory computer readable storage medium 
of claim 21, wherein the non-uniform regions of the geo 
graphical domain of interest are used to analyze local app 
usage data. 

24. The non-transitory computer readable storage medium 
of claim 21, wherein the method further comprises: 

generating a plurality of buffer polygons around each 
device population hotspot, wherein the buffer polygons 
have a predetermined size. 

25. The non-transitory computer readable storage medium 
of claim 24, wherein the method further comprises: 

extracting a plurality of vertices from each of the buffer 
polygons: 
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generating a Voronoi tessellation based on the plurality of 
vertices and the device population hotspots. 

26. The method of claim 1, wherein the plurality of app 
usage records each further comprise a usage timestamp 
corresponding to an execution of the application, and 
wherein the plurality of app usage records have a timestamp 
within a predetermined time window. 

27. The method of claim 1, further comprising: 
computing a Laplacian of the counters for the partitions 

over the geographical area, wherein the statistical value 
for a respective partition is a value of the Laplacian at 
the respective partition. 

28. The method of claim 27, further comprising: 
determining an extremum of the Laplacian; and 
identifying the extremum as a hotspot, wherein calculat 

ing the statistical value measuring the localized usage 
of the first application for a first partition uses a 
presence of the hotspot. 

29. The method of claim 28, wherein the statistical value 
is a ranking score, and wherein the ranking score of the first 
partition is determined based on a first counter for the first 
partition, whether the first partition includes the hotspot, and 
a probability that the first application is being used in the 
first partition. 

30. A non-transitory computer readable storage medium 
having program code stored thereon, the program code 
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including instructions that, when executed by a processor in 
a device, cause the processor to execute a method compris 
ing: 

receiving a plurality of app usage records from a plurality 
of mobile devices, wherein the plurality of app usage 
corresponding to an execution of the application; 

analyzing the plurality of app usage records to determine 
the app usage records for a first application; 

identifying partitions in a region over a geographical area, 
wherein the partitions make up a grid over the geo 
graphical area; 

incrementing a plurality of counters based on the usage 
locations of the plurality of app usage records, each 
counter corresponding to a different partition; and 

for each of one or more of the partitions: 
calculating a statistical value measuring a localized 

usage of the first application within the respective 
partition relative to a plurality of other partitions 
based on a counter of the respective partition and 
counter of the other partitions; 

comparing the statistical value to a threshold; and 
identifying the first application as locally relevant to the 

respective partition in the region of the geographical 
area when the statistical value exceeds the threshold. 
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