
 

Identifying the Activities Supported by Locations 
with Community-Authored Content 

David Dearman and Khai N. Truong 

University of Toronto 

Department of Computer Science 

Toronto, Ontario M5S 3G4, Canada 

{dearman, khai}@cs.toronto.edu 
 

ABSTRACT  

Community-authored content, such as location specific 

reviews, offers a wealth of information about virtually 

every imaginable location today. In this work, we process 

Yelp‘s community-authored reviews to identify a set of 

potential activities that are supported by the location 

reviewed. Using 14 test locations we show that the majority 

of the 40 most common results per location (determined by 

verb-noun pair frequency) are actual activities supported by 

their respective locations, achieving a mean precision of up 

to 79.3%. Although the number of reviews authored for a 

location has a strong influence on precision, we are able to 

achieve a precision up to 29.5% when processing only the 

first 50 reviews, increasing to 45.7% and 57.3% for the first 

100 and 200 reviews, respectively. In addition, we present 

two context-aware services that leverage location-based 

activity information on a city scale that is accessible 

through a Web service we developed supporting multiple 

cities in North America. 
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INTRODUCTION 

Context-aware applications commonly require knowledge 

of a person‘s location and activity. Current methods for 

sensing activity rely on low cost sensors (e.g., RFID, 

accelerometers) worn on the body [2, 5, 14, 15], integrated 

within an environment‘s infrastructure [8, 9, 18, 21, 22] 

and within everyday objects used by people within the 

environment [11, 24]. However, these methods for sensing 

and inferring context lack generality because they classify 

only a limited number of activities and are typically limited 

to a specific environment (e.g., the home [8, 9, 18, 21, 22]) 

or domain (e.g., weight lifting [5]). Furthermore, most of 

the places a person visits will support large and diverse 

ranges of activities, including activities that might be 

specific only to that location. The set of activities a person 

can perform at a location (i.e., the activities supported by 

the location) is not static; rather, the activities can change 

depending on the situations that arise and the people who 

experience them [1, 7]. 

In this work, we propose a novel approach to identifying the 

set of potential activities supported by the location(s) a 

person may visit by processing community-authored reviews 

on Yelp. We exploit this rich source of data to identify the 

potential activities (as verb-noun pairs) that are supported by 

a reviewed location for a large number of reviewed locations 

in order to build a corpus of potential activities for each 

location. The potential activities we identify are based only 

on the respective location‘s reviews, not generalized 

activities based on the location‘s category (e.g., restaurants). 

The activities we identify may not be immediately related 
to a ÕÓÅÒȭÓ ÃÕÒÒÅÎÔ ÁÃÔÉÖÉÔÙ ÏÒ ÔÈÅ live context for an 
environment. However, they characterize a wide variety 

of potential user activities that are supported by a location, 

which is valuable for designing context-aware applications.  

In this paper, we provide an overview of the Yelp 

community; the methods we used to identify activities 

(articulated as verb-noun pairs; e.g., ‗read book‘) from 

Yelp‘s review texts; and a user study to evaluate the 

precision, recall and validity of the identified verb-noun 

pairs. The results of the evaluations show that: 

¶ Community-authored reviews, specifically Yelp 

reviews, are a diverse and comprehensive data source 

that can be processed to identify the activities 

supported by the reviewed location. With respect to the 

40 most common verb-noun pairs we achieve a mean 

precision up to 79.3% and recall up to 55.9%. 

¶ The number of reviews authored for a location has a 

significant impact on precision for the 40 most 

common verb-noun pairs. We achieved a mean 

precision up to 29.5% when processing only the first 

50 reviews, increasing to 45.7% and 57.3% for the first 

100 and 200 reviews, respectively. 
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¶ There is a significant difference in the activities that 

participants describe performing at a location and the 

40 most common verb-noun pairs identified for a 

location. The difference highlights the personal and 

individualized nature of the provided activities in 

contrast to the verb-noun pairs identified in the 

community-authored reviews. 

These findings demonstrate that community-authored 

content can be successfully processed to identify valid 

activities supported by a location. This data source exists, is 

readily available, is constantly growing, and requires limited 

effort to harvest. In addition to evaluating our method, we 

have developed a Web-accessible activity service that 

provides city-wide activity information for multiple North 

American cities and demonstrate its use for research and 

development of context-aware applications. 

RELATED WORK  

The purpose of this work is not to infer what activity a 

person is currently performing but to identify a set of 

potential activities that are supported by a person‘s current 

location and other locations she can visit. 

The activity a person is performing can be sensed and 

inferred by analyzing the physical manifestation of the 

base-level actions that are performed when executing the 

activity [2, 4, 6, 9, 11, 14, 17, 18, 24, 26]. These methods 

are typically constrained to a specific space (e.g., the home 

[8, 9, 18]) and domain (e.g., household activities [11, 18, 

24], modes of transportation [2, 14, 15, 23]) and commonly 

employ low-fidelity sensors (e.g., RFID tags, infra-red 

motion detectors, accelerometers) integrated within an 

environment‘s infrastructure [8, 9, 18, 21, 22] and usable 

objects [11, 24], or worn on the body [2, 5, 14, 15]. 

On-the-body sensing is challenging because it requires a 

tradeoff between simplicity and sensing a greater number 

of features [5, 15]. As a result, accelerometers have been 

explored heavily as a viable activity sensor in recent years. 

For example, Lester et al. instrumented people with a 

multi-sensor board (e.g., accelerometers, audio, barometric 

pressure) showing that accelerometers produced the most 

useful features when classifying a small set of simple 

activities (e.g., sitting, standing, walking, running, driving, 

biking) [15]. Similarly, Lee et al. combined the sensed 

features from an accelerometer and compass worn on the 

body to infer sitting, standing and walking behaviours 

within a controlled environment [14]. Bao et al. 

instrumented people with multiple accelerometers and 

asked them to perform whole body activities (e.g., running) 

and sedentary activities (e.g., lying down) [2]. Chang et al. 

focused specifically on free-weight exercise [5]; using a 

single 3-axis accelerometer placed on the user‘s hand and 

hip, they were able to accurately differentiate among nine 

kinds of exercises. Although these techniques are fairly 

robust, they lack generality. It is challenging to differentiate 

activities that produce similar features from the sensed 

data. As a result, many researchers limit their techniques to 

recognize only a small set of activities determined a priori 

for specific environments. 

Sensing user activities within the home has been the focus 

of many projects [8, 9, 11, 18, 21, 22, 24]. Philipose et al. 

instrumented common household objects with RFID tags to 

detect activities within the home (e.g., making tea) in order 

to show that the specific actions performed with these 

objects and the sequence of these actions is an effective 

method to infer high-level activities [24]. Logan et al. 

instrumented a single dwelling with over 900 low-fidelity 

sensors to evaluate the effectiveness of different sensing 

modalities for recognizing the breadth of high-level 

activities that a person may perform inside the home [18]. 

They found that the type of sensor significantly impacted 

performance, citing the best performance from multiple 

infrared motion detectors because of a logical mapping 

between an activity and a location. Building upon this 

concept, Hodges et al. showed that when an activity is 

known a priori, an object-use fingerprint that models the 

activity can be developed to sense actions using RFID tags 

and infer activities such as ―making coffee‖ [11]. This work 

was extended by Huynh et al. by showing that the object-

use fingerprint used to model an activity can be sensed 

rather than defined a priori [12]. 

In contrast to the more complex distributed sensing 

techniques described above, an alternative approach is to 

use a small number [8] or single [9, 21, 22] sensor 

deployments at critical points in a home‘s infrastructure. 

Fogarty et al. deployed a small number of sensors at critical 

points in a home‘s water distribution infrastructure [8]. 

Using simple microphone sensors, they were able to 

efficiently classify and identify activities associated with 

specific water fixtures (e.g., use of the clothes washer, 

dishwasher, shower and toilet). Froehlich et al. simplified 

the sensing needs by detecting similar activities using a 

single sensing unit that can be installed at any point along 

the water distribution infrastructure [9]. Patel et al. took a 

different approach by implementing a single plug-in sensor 

that detects unique electrical events (e.g., light switches, 

electric stove, TV) [22]. Similarly, they instrumented the 

HVAC air handler within a home to accurately detect 

unique transition events between rooms [21]. 

The techniques described above highlight the simplicity of 

sensing required to infer certain context-constrained events. 

However, as Logan previously noted [18], in real world 

deployments it is difficult to characterize the specific actions 

and sequence of actions that are performed during a high-

level activity. The activities people perform are commonly 

intertwined, and it is not always evident which action is 

associated with which activity [18]. The applicability of 

these sensing platforms to fully account for the complexities 

introduced in different unconstrained environments (e.g., 

public locations) remains to be explored. The underlying 



 

assumption that the set of activities for a location can be 

constrained a priori does not hold. A location, particularly a 

public one, is a dynamic space where the activities that take 

place are dependent upon the situations that arise [1, 7]. That 

said, it is important to take a step back and first develop 

methods to determine the set of potential activities supported 

by a location (e.g., ―purchase book‖) or may occur as a result 

from being in the place (e.g., ―get inspired‖). The purpose for 

identifying and collecting these activities is to bootstrap and 

support a breadth of context-aware applications that require 

contextual knowledge of the activities that can be performed 

at a specific location. 

A LOCATION -BASED ACTIVITY SERVI CE 

Community-generated content offers a wealth of 

information about a location that can be processed to reveal 

greater context about a location [19, 28]. In this work, we 

explore the use of community-authored reviews (e.g., 

Yelp.com) as a rich data source that can be processed to 

identify the potential activities supported by a location. The 

ubiquity and continuous growth of community-authored 

content for diverse and numerous locations make it possible 

to determine location-specific attributes on a city scale. We 

leverage this data source to build an on-line service that 

applications can query for location-specific activity 

information. Our service currently supports city wide 

activity information for San Francisco and the South Bay 

Area, Los Angeles, Seattle, New York, and Toronto. 

Yelp Community Authored Reviews  

Yelp (Yelp.com) is an online community whose members 

author reviews about specific public and commercial 

locations. As of August 2009, ―Yelpers‖ have authored 

over 7 million reviews about their personal experiences 

with restaurants, shopping, beauty, arts, entertainment, and 

events [29]. A review can range from a well-constructed 

narrative, to a short and simple ―it‘s great‖ comment. 

Yelp is generally recognized as the premier location review 

website in North America. The technique described in this 

paper is not limited to Yelp. It is general enough that it can 

be adapted to operate with other location-based review 

communities such as City Search, Kudzu, Insider Pages and 

Google Pages. Twitter provides the infrastructure for an 

alternative type of community that is rapidly gaining 

popularity. However, until recently Twitter did not offer a 

method to easily geo-locate content. Moreover, the 

geographic position associated with a ―tweet‖ is based on 

the poster‘s location, not necessarily the location described 

in the ―tweet‖.  

Yelp reviews are associated with a specific location and are 

therefore less ambiguous. In addition, a Yelp review is 

specific to a single instance of a business or entity. For 

example, New York‘s Central Park and San Francisco‘s 

Dolores Park are categorically similar, but the activities 

these locations support are significantly different. The 

activity extraction process we discuss in the next section is 

able to identify activities that distinguish the two apart 

(e.g., ―check zoo‖, ―take rowboat‖, ―play chess‖ for Central 

Park; and ―play tennis‖, ―sit hill‖, ―drink beer‖ for Dolores 

Park), along with activities that are more commonly 

supported by parks in general (e.g., ñride bike‖, ―walk 

dog‖, ―walk paths‖). 

Deriving Activities from Community -Authored Content  

The process of deriving the activities supported by a unique 

location from Yelp‘s reviews is accomplished by the 

activity service (Figure 1) in four steps; (1) harvest the 

review texts and related attributes (e.g., date authored) for 

each unique location; (2) parse the review texts to identify 

each sentence; (3) tag each word of a sentence with its part-

of-speech and extract local verb-noun pairs to form 

activities; and, (4) populate and update the activity 

database with the identified verb-noun pairs. In this section, 

we discuss each step in greater detail. 

Harvest 

First, the review harvester retrieves the attributes (e.g., 

name, URL, latitude, longitude, number of reviews) that 

describe a unique location using the Yelp Phone API; these 

attributes are then archived in the activity attribute 

database. The URL attribute identifies the unique location‘s 

Yelp webpage, which contains the review texts. The URL 

is accessed and the review texts are extracted using XPath. 

Given that reviews are continually being authored, the 

review harvester can be configured to extract new reviews 

on a predefined schedule. The retrieved review texts are 

then parsed by the sentence tokenizer. 

Parse 

The sentence tokenizer then receives the review texts and 

parses the text into its individual sentences using the 

Stanford Part-Of-Speech Tagger [25] implementation of the 

English maximum entropy sentence tokenizer. The review 

texts are pre-processed and modified to ensure that sentences 

terminate with appropriate use of punctuation. The words for 

each sentence are then tagged with their part-of-speech. 

Tag and Extract 

The part-of-speech tagger evaluates each sentence using 

the Stanford Part-Of-Speech Tagger to identify the part-of-

speech use (e.g., verb, noun and pronoun) of each word. 

The activity finder then traverses the sequence of tagged 

words in a sentence to identify the verbs. A verb is ignored 

if it is less than three characters in length or matches a stop-

list word. For each valid verb, the word-pair finder 

identifies all the local nouns (nouns within 5 words 

following the verb) and pairs the verb with the nearest 

noun; a sequence of nouns is concatenated to form a single 

collocation. If a local noun is not found, the verb is ignored. 

Although the proper noun for a verb is not always found, 

this method allows for quick pairing of logically local verb-

noun pairs. These verb-noun pairs represent the potential 

activities supported by the location. The word-pair finder 



also records if the verb-noun pair is written in 1
st
 (i.e., I, 

we), 2
nd

 (i.e., you) or 3
rd

 (i.e., he, she) grammatical person. 

Populate and Update 

Finally, the activity finder converts each verb and noun to 

their respective base-word (e.g., ―purchases‖ is converted 

to ―purchase‖) using WordNet [28] and archives the 

original verb-noun pair, the base-word verb-noun pair and 

the grammatical person in the word-pair database. The 

base-word allows for commonly identified verb-noun pairs 

to be quickly associated with one another. We also 

maintain a frequency count of repeated verb-noun pairs. 

EXPERIMENTAL VALIDAT ION 

The evaluation of the verb-noun pair dataset was 

accomplished through two formative studies where 

participants (with personal experience with the locations 

selected) are asked to: 

¶ Provide activities that they have personally performed 

or experienced at one of the locations. 

¶ Validate each of the 40 most common verb-noun pairs 

for each of 14 locations as actual activities supported 

by the respective location. 

The combined list of activities provided by participants and 

the verb-noun pairs validated by participants serve as a list 

of known activities that are supported by a specific location. 

We acknowledge that this list of activities does not 

represent all of the activities supported by a location. 

However, identifying an exhaustive set of potential 

activities is a non-trivial task. Each new person may 

articulate a new or nuanced activity that has not been 

previously considered. Instead, our approach enables us to 

determine the rate of the true positive, false positive and 

false negative activities with respect to a list of the most 

common verb-noun pairs for a location. We define each as: 

¶ True positive ï a verb-noun pair that is validated (by a 

participant) as an activity supported by a location and 

is correctly identified as an activity for the location. 

¶ False positive ï a verb-noun pair that is rejected (by a 

participant) as an activity supported by a location and 

is incorrectly identified as an activity for the location. 

¶ False negative ï an activity that is supported by a 

location and not included in the list of most common 

verb-noun pairs for the location. 

In turn, we are then able to determine the precision (defined 

as the number true positives divided by the number of true 

positives and false positives) and recall (defined as the 

number of true positives divided by the number of true 

positives and false negatives) for our system as it pertains 

to the 40 most common verb-noun pairs and the list of 

known activities as described by 59 users for 14 different 

locations. As previously mentioned, an evaluation of these 

rates across the entire data set is not possible because an 

exhaustive list of activities for a location is intractable. 

Location Selection  

The fourteen locations we selected for the evaluation are 

presented in Table 1. We selected these locations because 

they were the most heavily reviewed locations in the three 

most commonly reviewed Yelp categories [29]: restaurants 

(L1-4), arts & entertainment (L5-8) and retail (L9-14) 

combined represent 61% of Yelp reviews. In addition, we 

divided the shopping category into books/music (L9-11) 

and clothing (L12-14). The three geographical regions 

(New York, San Francisco and Los Angeles) were not 

selected intentionally, but rather occurred as an effect of 

selecting heavily reviewed locations for the chosen 

categories. 

Procedure  

We conducted two formative studies to collect and validate 

known activities for the 14 locations using separate online 

questionnaires. This approach allowed us to reach a large 

number of geographically distributed participants and meet 

our specific recruitment requirements (i.e., a participant 

must have personally been to the location they are 

providing feedback on). Each participant completed only 

one questionnaire and provided responses for only one 

location. 

Provide Activities Questionnaire 

The purpose of this questionnaire is to identify activities 

that people familiar with the test locations have previously 

performed at these locations. In addition, the activities are 

articulated in their own terms. Participants completed an 

online questionnaire asking them to ―list at most ten 

activitiesïwritten as verb-noun pairsðthat [they] have 

personally performed at the location‖ with respect to one 

location. Each participant completed one questionnaire 

only. We recruited the participants for this evaluation by 

contacting members of Yelp who had written the most 

recent reviews for our fourteen locations. In total, we 

contacted 294 potential participants—21 participants for 

each location. Because members‘ email addresses are not 

publicly listed we contacted each member using the mail 

 

Figure 1. The system architecture and process of extracting 

the verb-noun pairs from the community authored reviews. 



 

functionality built into Yelp‘s community interface. 

Restrictions imposed by Yelp limited us to contacting three 

members per day. Each email contained text inviting the 

person to participate in the study and a personalized URL 

to the survey. The personalized URL ensured that multiple 

submissions from a single participant could be identified 

and removed. The reviews from the participants who 

responded to the survey were excluded from our analysis. 

Of the 294 potential participants, 59 completed the survey, 

a 20% response rate: 34 female, 24 male, and 1 unknown. 

The age of respondents varied, with the majority between 

18-29 years of age: 18-29 (38), 30-39 (12), 40-49 (3), 50-

59 (4) and unreported (2).  

Validate Verb-Noun Pairs Questionnaire 

The purpose of this questionnaire is to determine which of 

the 40 most common verb-noun pairs for a location are true 

positives (valid activities) and false positives (verb-noun 

pairs the system returns as valid activities, but are in 

actuality not valid). Participants completed an online 

questionnaire asking them a single question – ñé indicate 

if the listed activities can be performed at [location name]ò 

The questionnaire was unique for each location and 

contained a list of the 40 most commonly identified verb-

noun pairs (in decreasing order by instance count) with 

respect to the location. Participants were instructed to 

indicate if each verb-noun pair is a valid activity that can or 

cannot be performed at the respective location with the 

following instructions: 

¶ can perform ï ñYou have performed, observed 

someone performing or believe the activity can be 

performed hereò 

¶ cannot perform ï ñThe activity cannot be performed 

here or the activity as written does not make senseò 

We employed snowball sampling to recruit participants for 

this evaluation, choosing not to recruit participants from 

Yelp because of the complexity and length of the 

recruitment process. A recruitment email was sent to 

friends and colleagues who live in the three respective 

cities. The email invited them to participate by completing 

one or more of the questionnaires, but only for locations 

they have personal visited. We encouraged them to forward 

the email to other people they believed may be able to 

participate. In total, we directly emailed 20 individuals and 

67 people eventually completed the survey: 44 female, 21 

male, and 2 unknown. The age of respondents varied, with 

the majority between 18-29 years of age: 18-29 (33), 30-39 

(23), 40-49 (6), 50-59 (2) and unreported (3). 

Method of Analy sis  

As mentioned previously, the primary metrics of our 

analysis revolve around evaluating the true positives, false 

positives and false negatives with respect to the most 

commonly identified verb-noun pairs for a location, across 

the fourteen test locations. The process for identifying 

verb-noun pairs is liberal by design, but ensures there is 

significant diversity in the verb-noun pairs that are 

identified. However, the process also results in a large 

number of false positives. To increase precision and reduce 

the number of overall false positives within the verb-noun 

data set, we evaluated alternate methods of filtering the 

verb-noun pairs {1
st
 person, f>1} against no filtering {no 

filter}:  

¶ no filter ï the verb-noun pairs are not filtered; all of the 

verb-noun pairs are considered. 

¶ 1
st
 person ï the verb-noun pairs are filtered to include 

only those written in the 1
st
 grammatical person. 

¶ ä>1 ï the verb-noun pairs are filtered to include only 

those with an instance count greater than one. 

We emphasize verb-noun pairs written in the first 

grammatical person (1
st
 person) because they are 

potentially activities the author has performed. Third 

grammatical person implies the author is describing another 

person‘s activity and the subject is ambiguous for a second 

Id Location Name City # Reviews (n) Yelp Categories 

L1 Burma SuperStar San Francisco 1797  Restaurant; Burmese 

L2 Gary Danko San Francisco 1616  Restaurant; American (New) 

L3 Shake Shack New York 1019  Restaurant; Burgers; Food Stands 

L4 tƛƴƪΩǎ Iƻǘ 5ƻƎǎ Los Angeles 1612  Restaurant; Hot Dogs 

L5 California Academy of Science San Francisco 937  Arts & Entertainment; Museums 

L6 De Young Museum San Francisco 666  Arts & Entertainment; Museums 

L7 San Francisco Museum of Modern Art San Francisco 567  Arts & Entertainment; Museums 

L8 The Getty Center Los Angeles 549  Arts & Entertainment; Museums 

L9 Green Apple Books San Francisco 708  Shopping; Music & DVD; Bookstores 

L10 Amoeba Music San Francisco 684  Shopping; Music & DVD 

L11 Strand Book Store New York 406  Shopping; Bookstores 

L12 UNIQLO New York 468  {ƘƻǇǇƛƴƎΤ aŜƴΩǎ /ƭƻǘƘƛƴƎΤ ²ƻƳŜƴΩǎ /ƭƻǘƘƛƴƎ 

L13 Century 21 New York 358  Shopping; Department Stores; Thrift Stores 

L14 H&M San Francisco 475  {ƘƻǇǇƛƴƎΤ aŜƴΩǎ /ƭƻǘƘƛƴƎΤ ²ƻƳŜƴΩǎ /ƭƻǘƘƛƴƎ 

Table 1.  The 14 unique locations selected from Yelp to be evaluated. The locations span four different categories: restaurants 

(L1-4), museums (L5-8), shopping book/music (L9-11) and clothing (L12-14). The reviews were extracted October 18, 2009. 



grammatical person. The verb-noun pairs for the data sets 

are sorted in descending order according to their frequency. 

In addition to filtering the results, we also manipulate the 

method of comparing the known activities against the 

identified verb-noun pairs when searching for a match. 

When we compare the known activities provided by the 

participants in the provide activities questionnaire we first 

convert the verb and noun to their base word. Converting 

the activity to its base word ensured a fair comparison 

when matching the terms with the identified verb-noun 

pairs because the ambiguity of tenses and modifiers is 

removed. We use three different methods to compare the 

known activities with the identified verb-noun pairs: 

¶ Exact terms ï compare verb-nouns pairs using the base 

word for the terms. 

¶ Similar terms ï compare verb-noun pairs using 

statistically similar permutations of the base words [16]. 

¶ Synonyms ï compare verb-noun pairs using 

synonymous permutations of the base words provided 

by WordNet. 

The similar word lists are derived from Dekang Lin‘s 

online thesaurus where similarity is based on statistical 

dependency [17]. For each verb and noun, we selected at 

most 10 synonymous and similar terms. 

Event-count measures (e.g., number of identified verb-noun 

pairs) are analyzed using the nonparametric Kruskal-Wallis 

test to identify significant differences. Post-hoc pairwise 

comparisons are conducted using the Mann-Whitney U, 

controlling for Type 1 error using Holm-Bonferroni. 

RESULTS 

The process of extracting the verb-noun pairs from the 

Yelp review texts generated 120,188 verb-noun pairs for 

the 14 locations combined. The number of verb-noun pairs 

for each of the 14 locations is presented in Table 2. The 

participants of the provide activities questionnaire 

identified 446 activities for the 14 locations, an average of 

31 activities per location. 

Number of Community -Derived Verb -Noun Pairs  

A Kruskal-Wallis test revealed a significant difference in 

the size of the verb-noun dataset for filter type, χ
2 

(2, N=42) = 

26.44, p<0.001. As expected, the f>1 and 1
st
 person filters 

significantly reduced the number of verb-noun pairs in the 

verb-noun dataset in comparison to no filter, both at 

p<0.001. In addition, the 1
st
 person filter significantly 

reduced the number of verb-noun pairs in the verb-noun 

dataset in comparison to the f>1 filter, p<0.001. 

Precision of the Most Common Verb -Noun Pairs  

Participants of the validate verb-noun pairs questionnaire 

accepted, when using no filter and the 1
st
 person filter, the 

majority of the 40 most commonly identified verb-noun pairs 

as valid activities with respect to their locations. The 

precision averaged across the 14 locations is 79.3% 

(444/560) when using no filter and 78.2% (438/560) when 

using the 1
st
 person filter. The average precision measure 

which is sensitive to the ranked ordering of the 40 most 

common verb-noun pairs (Table 3) is 88.3% and 88.9% 

respectively. Close examination of the precision for each of 

the 40 verb-noun pairs—according to their ranked order—

shows that (Figure 2) precision is highest for the 10 most 

commonly identified verb-noun pairs and decreases as we 

delve deeper into the dataset. No significant difference was 

observed for precision with respect to filter type. 

Recall of the Most Common Verb -Noun Pairs  

As we mentioned previously, the participant-provided 

activities and the validated verb-noun pairs can be merged 

to form a complete list of known activities for our locations. 

On average, there are 57 known activities for each location. 

We utilize this number of known activities as the 

denominator in our calculation of recall. However, given 

we limit our evaluation to the 40 most common verb-noun 

pairs and we have on average 57 known activities for a 

location, the maximum recall value we can achieve is 

70.2%.  The recall is 55.9% and 55.5% for no filter and 1
st
 

person filter respectively (Figure 2). No significant 

difference was observed for recall based on filter type.  

Id Location pairs 

Filter 

no filter 1st person ấҔм 

L1 Burma SuperStar 16831 10197 5137 1871 

L2 Gary Danko 20865 12767 6608 2322 

L3 Shake Shack 9534 6413 3075 987 

L4 Pink's Hot Dogs 14003 8688 4026 1392 

L5 Cali. Academy of Sci. 14748 9997 4433 1525 

L6 De Young Museum 7907 6197 2744 738 

L7 San Francisco MOMA 5632 4492 2188 500 

L8 The Getty Center 5173 3848 1382 503 

L9 Green Apple Books 5670 3852 1773 472 

L10 Amoeba Music 5373 4116 1968 470 

L11 Strand Book Store 3628 2658 1194 308 

L12 UNIQLO 3520 2788 1325 345 

L13 Century 21 3516 2871 1160 306 

L14 H&M 3788 3019 1510 354 

 Avg. 8585 5850 2752 864 

Table 2. The number of verb-noun pairs extracted from the 

Yelp review text. The values are for unique verb-noun pairs.  

  Precision Average Precision 

  no filter 1st person no filter  1st person 

 n % n % % % 

Validated 444 79.3 438 78.2 88.3 88.9 

P
ro

v
id

e
d exact 32 5.7 29 5.2 23.2 24.7 

similar 66 11.8 62 11.1 26.7 26.7 

synonym 73 13.0 73 13.0 34.6 31.6 

Table 3. The precision and average precision; averaged 

across the 14 locations. 



 

Identifying Particip ant -Provided Activities  

Although we already know that the majority of the common 

verb-noun pairs are valid activities, we wanted to evaluate 

these verb-noun pairs with respect to their coverage of the 

activities that participants report having performed at the 

locations. As presented in Table 3, the precision when using 

the participant-provided activities (independent of filter type 

and method of comparison) is low. Of the 446 participant-

provided activities, we are able to identify at most 73 

(16.4%) when the comparison is conducted using 

synonymous terms; the number of false negatives is high at 

373 (83.6%). However, it does not mean the activities do not 

exist with the complete set of verb-noun pairs. 

When evaluating the dataset more deeply we are able to 

identify the majority of the participant-provided activities 

(Figure 3). A Kruskal-Wallis test revealed that the type of 

filter and the method used to compare terms has a 

significant impact on the number of participant-provided 

activities we can identify within the verb-noun dataset,  

χ
2

(2,N=126) = 8.40, p<0.05 and χ
2

(2,N=126) = 79.12, p<0.001 

respectively. The number of participant-provided activities 

that we can identify deeper in the dataset is significantly 

higher when synonymous terms are used to compare terms, 

rather than similar (p<0.005) and exact terms (p<0.001). 

Additionally, similar terms resulted in a significantly higher 

match percentage than exact terms (p<0.001). The number 

of participant-provided activities we can identify deeper in 

the dataset is significantly higher when no filter is applied 

to the dataset than with the 1
st
 person (p<0.01) or f>1 

(p<0.05) filters. No significant difference was observed 

between the 1
st
 person and f>1 (p=0.886) filters. 

Number of Reviews Authored for a Location  

The number of reviews authored for a location has a strong 

influence on the precision of the location‘s 40 most 

common verb-noun pairs (Figure 4) and the number of 

participant-provided activities that can be identified within 

the verb-noun dataset (Figure 5).  

Using the complete set of known activities (the participant-

provided activities plus the validated 40 most common 

verb-noun pairs) for the locations, we are able to achieve a 

mean precision of 29.5% for the 40 most common verb-

noun pairs when processing only the first 50 reviews, 

increasing to 45.7% and 57.3% for the first 100 and 200 

reviews, respectively. Similarly, we are able to identify up 

to 43.2% of the participant-provided activities (using 

synonyms to perform the term comparison) within the 

complete set of verb-noun pairs when processing only the 

first 50 reviews, increasing up to 60.1% and 69.8% for the 

first 100 and 200 reviews, respectively. 

 
Figure 2. The mean precision and recall calculated at each 

position of the 40 most common verb-noun pairs, averaged 

across the 14 locations. We present only no filter because the 

results overlap significantly with the 1st person filter. 

 

Figure 3. The percentage of participant-provided activities 

that are identified in the set of verb-noun pairs grouped by 

method of comparison and filter, averaged across the 14 

locations. The error bars represent one standard deviation. 

 
Figure 4. The mean precision of the 40 most common verb-

noun pairs when varying the number of reviews processed, 

averaged across the 14 locations. X-axis is the number of 

processed reviews. The values are for no filter. 

 
Figure 5. The percentage of participant-provided activities 

that are identified in the set of verb-noun pairs when varying 

the number of reviews processed, averaged across the 14 

locations. X-axis is the number of review processed. The 

values are for no filter. 
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Regression analysis reveals that the growth of precision (R-

sq: 0.886), exact (R-sq: 0.955), synonyms (R-sq: 0.956) and 

similar (R-sq: 0.969) can be modeled as a logarithmic 

function (Figure 4). With precision, we begin to see the 

logarithmic growth level out at approximately 400 reviews. 

Although sustained reviewing does little to improve 

precision and percentage of identified activities, it 

accentuates the frequency of common verb-noun pairs which 

helps to differentiate them from seemingly random verb-

noun pairings. 

Difference between Activities for Similar Locations  

The fourteen locations we sampled (Table 1) are 

categorically different, encompassing restaurants (L1-4), 

museums (L5-8), and retail stores for books/music (L9-11) 

and clothing (L12-14). The majority (n=567; 60.1%) of the 

40 most common verb-noun pairs that are valid for a 

location are different between locations within a category, 

p<0.001. For example, ―see Picasso‖ is an activity that is 

identified only for the San Francisco Museum of Modern 

art, while ―buy membership‖ is an activity that is identified 

for all three of the museums we sampled. 

Types of Community -Derived Activities  

An analysis of the 883 valid community-derived activities 

was completed using grounded theory affinity clustering [3, 

10]. Two researchers performed an affinity analysis 

clustering similar responses. The process of clustering 

responses was repeated for three iterations until a 

consensus was reached on the three high-level activity 

categories (see Table 4). Each of the researchers then 

independently re-categorized all the activities using the 

three categories. The re-categorization resulted in an 

overall high level of observed agreement (0.98) and inter-

rater reliability (Cohen‘s Kappa: 0.947, p<0.001). 

The majority of activities (77.5%) we are able to identify are 

physical activities (Table 4: C1), characterized as a physical 

action or a purposeful interaction with a person or object. For 

example, when at a restaurant a person may ―eat [a] 

hamburger‖ or when in a book store she may ―buy [a] book‖. 

Although research on activity inference traditionally focuses 

on sensing the physical manifestations of an action, many of 

the activities we identified are not physically performed. A 

cognitive activity (C2: 11.4%) is entirely mental, involving 

an awareness and reaction to the environment or stimulus. 

For example, a person can go to the park to ―enjoy life‖ or a 

museum to ―appreciate art‖. Similarly, a perceptual activity 

(C3: 9.2%) pertains the person‘s senses. For example, a 

person might go to a museum to ―watch people‖ or ―view 

art‖. Using the community-authored reviews we can identify 

some of these alternative activities that are difficult to sense. 

SUMMARY & DISCUSSION 

Yelp‘s community-authored reviews offer a rich data 

source that can be processed to identify activities 

(articulated as verb-noun pairs) that are supported by a 

location, for a large number of locations. Participants 

confirmed that the majority of the 40 most commonly 

identified verb-noun pairs extracted from the community-

authored reviews are valid activities. A mean precision of 

up to 79.3% and recall up to 55.9% was achieved across the 

14 locations we evaluated. Although we employ a simple 

frequency analysis to identify the 40 most common verb-

noun pairs for a location, the simplicity of our approach 

still highlights verb-noun pairs which are valid activities 

that characterize a location. In the future, we aim to employ 

more sophisticated methods of natural language processing 

to help us reduce the number of false positives within the 

complete set of verb-noun pairs and identify activities that 

are unique to a specific location in contrast to activities that 

are globally unique to a category of locations. 

Our comparison of the participant-provided activities 

against the 40 most common verb-noun pairs resulted in a 

low mean precision across the test locations. At most, 73 of 

the 446 provided activities were identified. However, the 

disparity between the precision of the validated activities 

and the participant-provided activities (which we know are 

all actual activities) highlights the personal and 

individualized nature of these activities in contrast to the 

common verb-noun pairs that can be identified through the 

community authored reviews. A deeper examination of the 

complete set of verb-noun pairs revealed that on average up 

to 85.0% of the participant-provided activities can be 

identified with the complete set of verb-noun pairs, the 

majority of which (79.5%) have a frequency greater than 1. 

The number of reviews authored for a location has a strong 

influence on precision. We were able to achieve precision up 

to 29.5% when averaged across the 14 locations when 

processing the first 50 reviews, increasing to 45.7% and 

57.3% for the first 100 and 200 reviews respectively. In 

addition, we are able to identify on average up to 43.2% of 

the participant-provided activities when processing the first 

50 reviews, increasing up to 60.1% and 69.8% for the first 

100 and 200 reviews respectively. These results indicate that 

we can obtain significant precision within 200 reviews and 

that thousands of reviews do not necessarily diversify the set 

of valid verb-noun pairs, but would reinforce the validity of a 

valid verb-noun pair by increasing its relative frequency. 

Two-hundred reviews may seem significant, however 

reviews can be combined from multiple sources (e.g., City 

Search, Kudzu, Insider Pages, Google Pages) to ensure the 

greatest number of reviews are considered for a location. 

ID Activity Category Example n % 

C1 Physical buy book 685 77.6% 

C2 Cognitive appreciate art 101 11.4% 

C3 Perceptual watch people 81 9.2% 

 Unclassified  16 1.8% 

Table 4. Three categories of activities we identified when 

evaluating the 40 most common verb-noun pairs. 



 

The timeliness of an activity is an important feature that will 

influence the activities validity—we do not address this issue 

currently. The activities a location supports can change over 

time, meaning that some activities operate on a set schedule 

while others are available ad-hoc. Given that reviews are 

continuously being authored—more frequently for some 

locations than others—it may be possible to identify the 

temporal features or when an activity is no longer valid. For 

example, if an activity is mentioned frequently and 

contiguously across the reviews for a location, but suddenly 

ceases to be mentioned, this change may indicate a change in 

the validity of the activity for this location. 

CONTEXT-AWARE SERVICES ENABL ED 

The activities we are able to identify for a location can 

support a breadth of context-aware applications. In this 

section, we present two such applications (Figure 6 & 7). 

Activity Compass: Characterizing Supported  Activities  

Localized searches services (e.g., Google Mobile [13]) assist 

users to discover nearby locations to perform their activities, 

but these services require the user know what activity she 

wants to locate. However, in some instances the user may 

first need to discover what activities her environment can 

support before she can identify a specific location. This is 

true for people exploring a new city or neighborhood, or the 

visually impaired who do not have visual cues to identify 

features offered by their environment. In support of this 

need, we are developing and evaluating a mobile application 

called Activity Compass (Figure 6) which characterizes the 

activities supported by the user‘s environment. 

Activity Compass presents the user with common activities 

that characterize the forward direction of the device at three 

distance measures. The text size of the activity emphasizes 

the frequency with which the activity is mentioned within a 

fixed distance—larger means more locations support it. The 

presentation of activity, distance and direction can offer a 

new perspective on the affordances of a user‘s environment 

(new or familiar). 

BetterErrands: Context -Aware Support for Running Errands  

It is common for people to maintain a list of tasks or 

errands. Numerous web services (e.g., Google Tasks, 

Remember the Milk) have been developed to assist users 

manage and maintain their lists. However, these services do 

not offer the ability to opportunistically discover locations 

where the user‘s tasks or errands can be performed. To 

address this limitation, we have developed Better Errands 

(Figure 7), a web-based service that synchronizes with 

Google Tasks. Better Errands queries the activity service 

for locations that support the activities in the user‘s Google 

Tasks list and presents these locations to the user. The 

locations are then reflected back in Google Tasks. A mobile 

interface to the errands service allows the user to 

opportunistically identify new plans for completing her 

errands based on her location. 

CONCLUSION 

In this paper, we validate the use of community-authored 

content, specifically location-based review authored on Yelp 

as a source to identify activities that are supported by the 

respective location. We show that the community-authored 

reviews provide a diverse and comprehensive data source 

and that the 40 most common verb-noun pairs identified 

from the reviews for a location achieve a mean precision of 

up to 79.3% and recall of up to 55.9%. Although we do not 

evaluate alternate location-based review communities, the 

method we propose can support alternate types of 

communities and can be used to aggregate verb-noun pairs 

identified across communities. Finally, we present two 

context-aware services that leverage location-based activity 

information on a city scale accessible through a Web service 

we developed supporting multiple cities in North America. 
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