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Introduction 
In WP5 of the CODALoop project, we aimed at furthering the understanding on how to enable a 
systematic analysis of the sustainable energy lifestyles of individuals and communities on social 
media. The objective is to explore the potential usefulness of social media as an alternative source 
to collect data about energy consumption. 
 
While in the previous documents (Alessandro Bozzon E. B., 2017) (Alessandro Bozzon A. M., 2018) 
we reported our contributions, in this document we both analyze the performance of our pipeline, 
in term of precision, recall and accuracy of the classifier and discuss to what extent social media can 
be used as a complementary data source for the description of energy-consuming activities. 
 
To do so, we evaluate the performance of the social data analysis and sense making pipeline through 
a case study in Amsterdam and Istanbul. Unfortunately, we were not able to perform a case study 
on the city of Graz since, probably due to the size of the city, there was not enough social media 
activity to get meaningful results. 
 
The document is structured in as follow: first, to make this document self contained, we summarize 
the domain ontology and the social media analysis pipeline previously shown in Deliverable 5.B 
(Alessandro Bozzon A. M., 2018). Then we describe the evaluation of the ontology and the data 
processing pipeline and provide some insights about the potential of social media as complementary 
source for describing user energy consuming activities.  This deliverable contains content from this 
Master thesis  (Kok, 2018) and the journal paper (Roos de Kok, 2019). 
 

The Social Smart Meter Framework 
In order to make the deliverable self contained, here we summarize the the design of the ontology 
and the data processing pipeline first described in in Deliverable 5.B (Alessandro Bozzon A. M., 2018). 
 

Social Smart Meter Ontology 
 
The ontology was created with two objectives in mind: (i) understand the domain of energy-
consuming activities and (ii) identify relevant and important concepts and how these are 
interrelated, by providing terms for describing and representing our knowledge about this domain 
in a structured manner (B. Chandrasekaran, 1999). 
In addition, the ontology allows for an unambiguous conceptual description of the targeted domain 
and can be also used to enable better interaction among different fields of studies concerned with 
energy consumption. 
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Figure 1: Conceptual data model of energy-consuming activities. 

As depicted in Figure 1,  an Individual consumes energy by performing an Activity at a Location, at 
a certain time, and for a certain period of time. That activity can be of multiple types: Dwelling, 
Mobility, Food Consumption, and/or Leisure. 
 
A Location can either be a Path or Place. A Place can be a geographical location (e.g., a town or 
country) or a venue (e.g., a restaurant or airport) and is characterized by its corresponding 
coordinates and a category. A Path is composed of multiple (at least two) places, among which the 
origin and destination. 
 
In case of a domestic activity, generally, one or more Appliances are used. Among appliances, Brown 

Goods (small household electrical entertainment appliances) and White Goods (major household 
appliances) are distinguished (Dario Bonino, 2015). 
 
In food consumption-related activities (having breakfast or lunch, dining, cooking, etc.), the Food 
product itself and Ingredients, the Tableware used for consumption, the food Source, and the 
(cooking) Process are relevant entities. Among processes, cooking and Modification are 
distinguished. Modification involves a technique used to modify raw food into food that is ready for 
cooking. 
 
In leisure, several subcategories can be distinguished, among which: culture, event, gastronomy, 
playful, relaxation, social interaction, etc. In general, leisure activities require the use of one or more 
Artifacts, for instance, an appliance. 
 
An activity that involves mobility is characterized by the transportation along a path. People travel 
by a certain Mode of transport, for which the type indicates whether the mode of transport is public 
or private. 
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Figure 2: Conceptualization of social media activity. 

For our ontology it is also important to include social media data. Therefore, based on the existing 
ontologies and studies (John G. Breslin, 2015), we created a conceptual data model, depicted in 
Figure 2, including the following elements: 

• A User has a social media user account, including a user Profile, containing information such 
as name, gender, age, etc. 

• A User can create one or more social media Posts, which can be placed at a timeline or 
newsfeed to share those with other social media users. 

• A Post contains one or more Items, which can be of type image, video, link, etc. 
• Within Post, a User Mention a concept, such as another User or a Location. This mention 

provides a link to this concerning concept.  Often, more information about the location is 
available, such as the corresponding coordinates or the location category. 

 
 

User

userID: String
nickname: String

Profile

name: String
gender: String
location: String
birth: Date

has follows

type:String
since:Timestamp

Group

groupID: String
title: String

in

Calendar

calendarID: String
has

Post

postID: String
title: String
text: String
time: Date

creates

has

Video

Image

Link

Event

eventID: String
title: String
time: Date

in

Item
contentID: String
title: String
url: String

Tag

tagID:String
value: String

has

At

Location

title:String
latitude:double
longitude:double

Mention

mentionID: String
mention

in

TimelineHas

on

1

1

1

1

0..1

1
1

1

0..*

0..* 0..*

1 0..*1

0..*

1

1

0..*

0..*

0..*

0..* 0..*

0..*
0..*

0..*

1



 7 

 
 
 
 
 
Data Processing Pipeline 
 

 
Figure 3: Overview of the data processing pipeline 

As shown in Figure 3, the data processing pipeline is composed of three modules: Data Collection, 
Data Enrichment and Classifier. 
 
During the first stage, the data is collecting through the APIs of the selected data sources. 
Both data (image, and text data) and metadata (user, time, and place data) are collected. 
 
In the second stage, different enrichment steps are performed. First, for each social media post, 
computer vision and natural language processing techniques are applied to respectively the image 
and text. For the images, we use both object and scene recognition models to extract information 
regarding the items present in the picture and the context where the photo was taken, while for the 
text we apply state-of-the-art processing methods and word disambiguation techniques. 
We enrich the information about the place by looking for its category on external data sources such 
as Foursquare and Google Places. 
 
Finally, using the enriched data, the social media post is classified to one or more of the energy-
consuming activity categories using a hybrid rule and dictionary-based approach. 

Ontology Evaluation 
The ontology has been designed according to the Methontology guidelines (Fernández-López, 1997) 
and the requirements were specified using competency questions as suggested in (Mari Carmen 
Suárez-Figueroa, 2009) shown in Table 1. These questions can be also used to evaluate the quality 
of the ontology. 
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Table 1: Competency Questions used to design the ontology 

# Competency Question 
1 Does the individual perform an energy-consuming acticity? 
2 If so, what type of energy-consuming activity is performed by the individual? 
3 At what place is the activity performed by the individual? 

- To what type does this place belong? 
- Whate are the coordinates of this place? 

4 At what time is the activity performed by the individual? 
5 What is the duration of the activity? 
6 Does the individual use an object to perform this activity? 

- If so, what kind of object? 
7 In case a mobility activity is performed, what kind of mode of transportation is used? 

- What path was taken? 
8 In case a leisure activity is performed, what items are used? 

- What is the energy consumption of the items?  
9 In case of a dwelling activity is performed, what kinds of appliances are used? 

- What is the energy consumption of the appliances? 
10 In case of a food consumption activity, what kind of food is consumed? 

- What ingridients are included? 
- How is this food processed? 
- Dows this process requires appliances? What kind? 
- Where is the food processed? 

11 How many energy-consuming activities are performed at a certain palces during a 
certain time span? 

 
 
In order to determine whether the ontology is a good representation of the domains of energy-
consuming activities and social media activity, we tried to create istances conforming to the 
ontology. A couple of social media posts were selected and used as a base for the instantiation.  
 

 
Figure 4: Example of ontology instance 
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The first example (Figure 4) involves an Instagram post an anonymous user account, which belongs 
to an individual. The post is composed by a message (including tags and a user mention) and an 
image. The tag #drinks denote a food consumption activity, whereas the tags #music and #fun 
indicate a leisure activity. In addition, drinks (indicating a food consumption activity), a television, 
and a game console (both indicating a leisure activity) are recognized. No place is added to the post. 
Given this information, we may assume the social media post refers to multiple energy-consuming 
activities. Firstly, we can derive that the individual is gaming along with watching television. The 
television and game controller are the appliances that are used for this activity that belongs to both 
the dwelling and leisure category. Secondly, we deduce the individual is drinking juice (= food) from 
a glass (= tableware). Hence, numerous of the competency questions from Table 1 can be answered, 
which is displayed in Table 2. 
 

Table 2: Answer to competency questions in the example of Figure 4 

# Competency Question Answer 
1 Does the individual perform an energy-

consuming acticity? 
Yes 

2 If so, what type of energy-consuming activity is 
performed by the individual? 

Dwelling, leisure and food 
consumption 

4 At what time is the activity performed by the 
individual? 

September 19th, 2014 

5 What is the duration of the activity? ~120 minutes 
6 Does the individual use an object to perform this 

activity? 
- If so, what kind of object? 

Yes 
- a television, game controller 

and a glass 
8 In case a leisure activity is performed, what items 

are used? 
- What is the energy consumption of the 

items?  

Television and game controller. 
- ~200W, ~2.5W 

9 In case of a dwelling activity is performed, what 
kinds of appliances are used? 

- What is the energy consumption of the 
appliances? 

Television and game controller. 
- ~200W, ~2.5W 

10 In case of a food consumption activity, what kind 
of food is consumed? 

- What ingridients are included? 
- How is this food processed? 
- Dows this process requires appliances? 

What kind? 
- Where is the food processed? 

Juice 
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Figure 5: Example of ontology instance 

The second example (Figure 5) involves an Instagram post by another anonymous user account. The 
post is composed by a message (including a tag), an image, and a place. The message's text token 
borrelen (which could be translated to “having drinks and snacks” in English) denotes a food 
consumption activity, which is also endorsed by the dining table and multiple food objects 
recognized in the image. The place (Maastricht, Netherlands) does not indicate a specific energy-
consuming activity; yet, it does provide more context about the activity that is performed by the 
individual. Based on the previous assumptions, we imply that the social media post refers to an 
energy-consuming activity of type food consumption. We deduce the individual is having drinks and 
snacks; more specifically, roasted (= process) bread (= food) from a platter (= tableware), spread (= 
food) from a bowl (= tableware), and wine (= food) from a glass (= tableware).  
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 3 shows the answers to the competency questions gathered from this post. 
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Table 3: Answer to the competency questions of the example of Figure 5 

# Competency Question Answer 
1 Does the individual perform an energy-

consuming acticity? 
Yes 

2 If so, what type of energy-consuming activity is 
performed by the individual? 

Food consumption 

4 At what time is the activity performed by the 
individual? 

August 23th, 2015 

5 What is the duration of the activity? ~60 minutes 
6 Does the individual use an object to perform this 

activity? 
- If so, what kind of object? 

Yes 
- Platter, bowl, glass 

10 In case of a food consumption activity, what kind 
of food is consumed? 

- What ingridients are included? 
- How is this food processed? 
- Dows this process requires appliances? 

What kind? 
- Where is the food processed? 

Bread, spread and wine 
- Roasting 
- Oven (~240W) 

 
No problems were encountered while instantiating the social media posts using object diagrams. 
For these posts, the ontology makes sense and can be used for the intended uses described before. 
Notice that for answering the competency question number 11 several posts are needed, that is 
why it’s not covered in this section.  

Evaluation of the data processing pipeline 
 

Data Collection 
 
We collected data from June 22nd until June 27th, and July 27th until July 28th, 2018. At first, only 
social media posts created in Amsterdam were collected to provide a first round of insights and 
tuning of our pipeline. Hereafter, social media posts created in Istanbul were collected as well in 
order to compare the results between the two cities. 
 

Table 4: Number of collected social media posts per day 

Date Amsterdam Istanbul 
Instagram Twitter Instagram Twitter 

22/06/2018 16099 3602 - - 
23/06/2018 15794 3220 - - 
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24/06/2018 16365 2594 - - 
25/06/2018 15426 3024 - - 
26/06/2018 14985 3685 19887 4476 
27/06/2018 16966 1929 28346 8931 
27/07/2018 17854 1684 22127 4818 
28/07/2018 17779 3656 21082 11522 

Total 131268 23394 91442 29747 
 
 
We observe that, in general, more social media posts are created in Istanbul than in Amsterdam. 
Given that Istanbul's population is more than 15 times as large as Amsterdam's population, this is 
expected. In both cities Instagram yielded more posts than Twitter. 
 

Performance Analysis 
 
The performance of the framework was evaluated using the standard metrics of precision, recall, 
accuracy and F1-score. Precision is the ratio between the posts classified correctly in one of the 
categories and all the classified posts, recall is the ratio between posts classified correctly in one of 
the categories and all the set of relevant posts. Accuracy is the fraction of posts correctly classified, 
taking into the account also the true negatives (i.e., the posts correctly not classified in any 
category). Finally, the F1-score is the harmonic average of the precision and recall. 
 
The groundtruth was created through an online survey. We asked the users to assess whether a 
social media post relates to an energy-consuming activity (and if so, to what).  
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Figure 6: Example of question for the creation of the groundtruth 

Figure 6 shows an example of question. 
 
 
 
Table 5 to Table 7 summarize the evaluation metric values for each category of energy-consuming 
activities individually, as well as for the total. The evaluation metrics are calculated for different 
classification thresholds (from 0.3 to 0.7), in order to find the best-performing one. The framework's 
overall accuracy varies from 0.69 to 0.78. The accuracy for the classification of leisure activities is 
relatively low compared to the other categories due to many false negatives - i.e., social media posts 
that are not classified to leisure while, based on ground truth, they should be. Furthermore, the 
precision for dwelling activities is rather low whereas the accuracy is relatively high due to many 
true negatives - i.e., social media posts that (based on ground truth) do not refer to dwelling 
activities and are indeed not classified to this category by our classification model. 

 

Table 5: Accuracy of the pipeline at different threshold levels 

 Accuracy 
Threshold 0.30 0.35 0.40 0.50 0.60 0.70 
Dwelling 0.85 0.87 0.89 0.9 0.9 0.91 
Food 0.82 0.84 0.86 0.85 0.78 0.73 
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Leisure 0.60 0.57 0.56 0.54 0.48 0.37 
Mobility 0.81 0.82 0.82 0.82 0.8 0.74 
Overall 0.77 0.78 0.78 0.78 0.74 0.69 

 

 
Figure 7: Values of evaluation metrics w.r.t. the classification threshold 

 
 
In Figure 7 the evaluation metric scores are plotted for the different threshold values. As expected, 
the recall scores decrease while increasing the threshold - i.e., less and less relevant social media 
posts have sufficient high confidence scores to exceed the threshold. As for the precision, we 
observe that the scores are fluctuating for different threshold values. Increasing the threshold 
results in less true positives, as well as less false positives. However, the numbers of true and false 
positives do not decrease proportionally. Also, there are very few social media posts with a high 
confidence score for dwelling. For a threshold greater than 0.4, the precision is zero for dwelling. 
 

 

 

 

 

Table 6: Precision and recall values for each energy consuming activities at varying values of threshold. The values of the precision 
and recall for the Dwelling category for threshold greater than 0.4 are 0 because no posts were classified in that category 

Precision Recall 
Threshold 0.30 0.35 0.40 0.50 0.60 0.70 0.30 0.35 0.40 0.50 0.60 0.70 
Dwelling 0.23 0.27 0.20 0.00 0.00 0.00 0.38 0.38 0.13 0.00 0.00 0.00 
Food 0.68 0.79 0.95 0.95 0.92 1.00 0.81 0.69 0.58 0.56 0.34 0.16 
Leisure 0.80 0.88 0.89 0.87 0.89 1.00 0.61 0.49 0.46 0.45 0.34 0.15 
Mobility 0.63 1.00 1.00 1.00 1.00 1.00 0.74 0.33 0.33 0.33 0.26 0.04 
Overall 0.59 0.73 0.76 0.70 0.70 0.75 0.63 0.47 0.38 0.34 0.24 0.09 

 
Table 7: The F1-Score value for each energy consuming activity category at varying levlel of threshold. The values fro the Dwelling 

category for threshold greater than 0.4 are undefined because no post was classified in that category 

 F1-Score 
Threshold 0.30 0.35 0.40 0.50 0.60 0.70 
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Dwelling 0.29 0.32 0.15 - - - 
Food 0.74 0.73 0.73 0.70 0.50 0.27 

Leisure 0.69 0.63 0.61 0.33 0.49 0.26 
Mobility 0.68 0.50 0.50 0.50 0.41 0.07 
Overall 0.60 0.54 0.50 0.60 0.47 0.20 

 
 
Based on Figure 7 a threshold of either 0.30 or 0.35 appears to result in the best performance. For 
a threshold of 0.30, a precision of 0.59 is obtained whereas a threshold of 0.35 results in a precision 
of 0.73. Furthermore, these thresholds (0.30 and 0.35) respectively result in recall scores of 0.63 
and 0.47 and in F1-scores of 0.60 and 0.54. Based on the F1-score, a threshold of 0.30 seems to be 
better performing. Yet, it is dependent on the context whether it is more important to have a higher 
precision or recall score - i.e., whether it is more important to classify as many social media posts as 
possible correctly or to discover as many as possible that are referring to energy-consuming 
activities. In case the quantity of energy (in terms of kWh consumption or CO2 emission) during an 
activity is analyzed, a higher precision is considered more beneficial. However, when a qualitative 
overview of all energy-consuming activities performed by an individual is required, it is more 
advantageous to have a higher recall score. For our case study a threshold of 0.35 was selected. 
 

Use Cases 
 

Table 8: Percentage of classified social media posts per category of energy consuming activity 

Category Amsterdam Istanbul 
Dwelling 3.25% (1326) 4.18% (589) 

Food 20.36% (8321) 21.99% (3100) 
Leisure 44.75% (18274) 41.49% (5850) 
Mobility 31.64% (12921) 32.35% (4561) 

 
In this section we give a deeper look to the posts that were classified in any of the four energy 
consuming activities. 
Table 8 shows the fraction of posts classified in each category of energy-consuming activities for 
both cities. In general, we observe that few social media posts are classified to dwelling. Our rule-
based classification approach demands evidence for the user being at home before it classifies a 
post to dwelling. It is very difficult to derive this evidence from the social media post because rarely 
people checkin at their own home. 
 
For both Amsterdam and Istanbul, the leisure category has the largest share (approximately 40%) 
compared to the other categories. The mobility category has the second largest share 
(approximately 30%). The category of food consumption has a rather small share (approximately 
20%). However, nearly all social media posts that are classified to food consumption are also 
classified to leisure based on the rule-based approach - a food consumption activity that is 
performed at some othermplace than home is also considered a leisure activity. This explains why 
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the share of the leisure category is more than twice as large as the share of the food consumption 
category. 

 
Figure 8: Overall overview of Amsterdam 

 
Figure 9: Overall overview of Istanbul 
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The two cities are characterized by a different spatial distribution of social media posts classified to 
energy-consuming. In Amsterdam (Figure 8) most social media posts are created around the city 
center - the neighborhood with the highest density (Burgwallen-Nieuwe Zijde) also include the city  
enter. In Istanbul (Figure 9), multiple districts share a high amount of energy consuming activities; 
Başakşehir and Beşiktaş on the European part of the city and Kadıköy on the Asian part. 
 

 
Figure 10: Map visualizing the count of social media posts classified to dwelling (in green), food consumption (in orange), leisure (in 

pink) and mobility (in blue) activities in Amsterdam and Istanbul 
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Dwelling 

 
Figure 11: Bar charts visualazing the most occurring terms in social media posts classified to dwelling activities in Amsterdam (a) 

and Istanbul (b) 

For both cities, few social media posts are classified to dwelling. For Amsterdam (Figure 10(a)), the 
posts in this category were mainly created in the city center while in Istanbul (Figure 10(b)), the 
posts are more evenly distributed with a higher concentration in the European part of the city 
(especially in the Başakşehir district). 
 
As shown in Figure 11, the text terms that are most informative for a dwelling activity in Amsterdam 
are “House”, “TV”, and “gaming”. In images, “tv”, “laptop”, and “keyboard” are the most frequent 
recognized objects that indicate a dwelling activity for both cities. These seem to indicate activity 
related to leisure or work. 
 
No informative place terms were found in the social media posts because homes do no have 
categories in the sources we use in the data enrichment phase. 
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Food 
 

 
Figure 12: Bar charts visualizing the most occurring terms in social media posts classified to food consumption activities in 

Amsterdam (a) and Istanbul (b) 

As shown in Figure 10(c), the city of Amsterdam shows the highest concentration of food energy 
consuming activities in the city center. On the other hand, Istanbul, as shown Figure 10(d), shows 
peaks in the Beşiktaş district and in the northern neighborhoods. 
 
Based on the top frequent terms in Figure 12, images seem to be most informative to identify food 
consumption activities. Furthermore, “food” and “coffee” were the top frequent text terms 
indicating a food consumption activity in both cities.  
Besides that, individuals appear to create food consumption-related post most often while checking 
in at a “Bar” (Amsterdam), “Café” (both cities) or “Restaurant” (both cities). 
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Leisure 

 
Figure 13:Bar charts visalizing the most occurring terms in social media posts classified to leisure activities in Amsterdam (a) and 

Istanbul (b) 

In Figure 10(e) the distribution of social media posts in Amsterdam classified to leisure activities 
seems to be somewhat more distributed over the different neighborhoods. When zooming in on a 
few particular neighborhoods (Burgwallen-Nieuwe Zijde, Museum- kwartier, and Amstel 
III/Bullewijk) some interesting observations are made. 
 
In general, the city center (Burgwallen-Nieuwe Zijde) is characterized by many tourists, who are 
partying, visiting the flower markets, going to museums or enjoying the canals, among other things. 
This is reflected in the top frequent text terms: “night”, “holiday”, “party” (text), “Flower Shop”, 
“Art Museum”, and “Hotel” (places) are some terms that comply with these activities. 
 
Museumkwartier is the neighborhood where many of Amsterdam's most famous museums are 
situated. In fact, we find that the top occurring term in this in this neighborhood are related to these 
museums: “museum" (text), “art_gallery” and “museum/indoor” (image), and “Art Museum” 
(place). 
 
Amstel III/Bullewijk is known for Amsterdam's soccer stadium and the major concert halls.  
As expected the top occurring terms are: “concert” and “music” (text), ``arena/performance" and 
“stage/indoor” (image), and “Concert Hall” and “Soccer Stadium” (place). 
 
The distribution of the leisure-related social media posts over Istanbul's districts (Figure 10 (f)) is 
rather similar to the food consumption-related distribution: most dense in the center and west of it 
(the Başakşehir district, where also the stadium of the homonymous soccer team is present). 
Interestingly, it seems that in Istanbul the majority of leisure activities take place in Shopping Mall. 
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Mobility 
 
 

 
Figure 14: Bar charts visualizing the most occurring terms in social media posts classified to mobility activities in Amsterdam (a) 

and Istanbul (b) 

Since Amsterdam's train station is situated in the city center, it makes sense that this neighborhood 
is most dense regarding the count of social media posts classified to mobility (Figure 10(g)). This is 
also due to the canal trips in the city center that individuals (mainly tourists) tend to post about. 
 
In Figure 10(h) two of the western districts (Başakşehir and Eyüp) are the densest regarding mobility 
activities. Multiple highways run through these neighborhoods (and particulary Eyüp connects the 
Black Sea to the Golden Horn) as well as a large highway junction. 
 
If we look at the terms (Figure 14), we notice that in Istanbul are present more term related to 
transportation by car (e.g., Gas Station, Car Wash, parking_lot, car, etc..). 

 
Figure 15: Bar chart visualizing the frequency of displacements (average distance between post in kiloemeters) in Amsterdam and 

Istanbul 
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If we compare the frequencies of displacements of both cities (Figure 15) we can observe that while 
in Amsterdam people tend to travel for short distances (between 1 and 5 kilometers), in Istanbul 
the chart shows a long tail distribution. Since Istanbul is significantly larger in size than Amsterdam, 
this is in line with our expectations. 
 

Result Discussions and Future Directions 
 
In both cities, few social media contents referring to dwelling activities were captured by the 
framework. This may be due to the fact that social media users do not consider their regular 
domestic activities interesting enough to share with other social media users. 
 
More posts related to food consumption were captured, but, by looking at the most occurring terms, 
they seem to occur out of home.  
 
Then, as expected by the typical usage of social media, we detected many posts related to leisure 
energy consuming activities. Moreover, they seem to reflect the types of venue present in a 
particular district, for instance, in the Museumkwartier neighborhood in Amsterdam, we identified 
many social media posts referring to musea and art. 
 
Finally, people do not create explicit social media content about their mobility activities. When they 
are traveling, they are more likely create content about activities they performed before. However, 
we can use the distance between posts to detect if a transportation activity occurred. 
 
Even if the two cities present the same ratio of energy consuming activities, they show a different 
geographical distribution; while in Amsterdam the activities are localized near the city center and in 
Amstel III/Bullewijk (where the soccer stadium and the major concert halls are present), in Istanbul 
the activities are distributed in different neighborhoods, mainly Başakşehir, Beşiktaş and Kadıköy.  
Probably, this is due to the different features of the two cities: Amsterdam has a well-defined center, 
where the main venues are localized; while in Istanbul, given also the different size, have them 
scattered in different part of the city. 
 
By looking at the most occurring terms, we notice a small difference between the characterization 
of the energy consuming activities in the two cities. In the food category we can see place categories 
more related to the Turkish cuisine (e.g., Turkish restaurant and kebab restaurant), and many leisure 
activities in Istanbul seems to take place in shopping mall. Finally, for the mobility category, in 
Istanbul we notice a higher occurrence of terms related to transportation by car. 
 
Looking back at the objective of WP5 – that is, to design models of data gathering, integration, 
analysis, and sense making from sensors, social networks, social statistics and existing energy-
related data sources – the following insights can be provided. 
 
Social media can be used to detect activities that fall in the broad category of indirect energy 
consuming activities – i.e., activities related to the production, transportation and disposal of a 
variety of consumer goods and services (Wokje Abrahamse, 2007). As expected from the typical 
usage of social media, people post on social media when they are partying, having a fancy dinner 
out; more rarely they share their activities at home.  
 
Nevertheless, this should not be seen as a flaw of our approach, but it should suggest that indeed 
social media can be used as a complementary source of information regarding energy consuming 
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activities. In fact, domestic activities are already partially captured by traditional data sources, while 
the indirect ones are either neglected (Wokje Abrahamse, 2007) or the methods used for collecting 
them have low temporal resolution and are costly (e.g., surveys). 
 
We acknowledge this approach is not free from limitations.  
Social media are inherently biased: they are used by only a set of the population (e.g., youths, 
tourists, etc.) and for purposes different from sharing energy-consuming activities. Moreover, the 
information shared on social media it is often ambiguous and noisy (e.g., a picture of a tram does 
not mean that the user is traveling). 
The issue of ambiguity and noise is partially mitigated by our rule-based approach, which shows 
promising performance. 
However, the goal of this work is to investigate to what extent social media can be used as a 
complementary source of information for energy-consuming activities. A study of demographic 
representation is out of the scope of this work. 
Language can be an issue when applying our method in areas where English is not the native 
language. However, this is addressed with multi-language dictionaries and by the use of embeddings 
trained on the main language spoken in the considered area (e.g., Dutch for Amsterdam). In 
addition, this issue only concerns the analysis of the text of the social media post, and not the image 
or the location. 
 
We were not able to tap into existing energy-related data sources (e.g., smart meter data, 
consumption data, surverys), so our validation focused on the performance of our pipeline. 
Traditional data sources can provide a better understanding of the relation between energy 
consumption and social media usage. 

Bibliography 
Alessandro Bozzon, A. M. (2018, May 17). Design of social media analysis and sense making 2.0. 

CODALoop Deliverable 5.b. 
Alessandro Bozzon, E. B. (2017). Design of social data analysis and sense-making version 1.0. TU 

Delft. 
Alessandro Bozzon, E. B. (2017). Design of social data analysis and sense-making version 1.0. TU 

Delft. 
B. Chandrasekaran, J. R. (1999). What are ontologies, and why do we need them? IEEE Intelligent 

Systems and their Applications, 20-26. 
Dario Bonino, F. C. (2015). PowerOnt: An Ontology-Based Approach for Power Consumption 

Estimation in Smart Homes. IoT360 2014: Internet of Things. User-Centric IoT (p. 3-8). 
Cham: Springer International Publishing. 

Fernández-López, M. A.-P. (1997). Methontology: from ontological art towards ontological 
engineering. AAAI-97 Spring Symposium Series .  

Jennifer Golbeck, M. R. (2008). Linking Social Networks on the Web with FOAF: A Semantic 
Web Case Study. . Twenty-Third AAAI Conference on Artificial Intelligence, AAAI 2008, (p. 
13-17). Chicago: ACM. 

John G. Breslin, A. H. (2015). Towards Semantically-Interlinked Online Communities . ESWC 
2005: The Semantic Web: Research and Applications (p. 500-514). Heraklion: Springer 
Berlin Heidelberg. 

Kok, R. d. (2018). Automatic Processing of User-Generated Content for the Description of Energy-
Consuming Activities at Individual and Group Level. Delft: Delft University of Technology. 

Mari Carmen Suárez-Figueroa, A. G.-P.-T. (2009). How to Write and Use the Ontology 
Requirements Specification Document. Proceedings of the Confederated International 
Conferences, CoopIS, DOA, IS, and ODBASE 2009 on On the Move to Meaningful Internet 
Systems: Part I (p. 966-982). Vilamoura, Portugal: Springer. 



 24 

Roos de Kok, A. M. (2019). Automatic Processing of User-Generated Content for the Description 
of Energy-Consuming Activities at Individual and Group Level. Energies. 

Wokje Abrahamse, L. S. (2007). The effect of tailored information, goal setting, and tailored 
feedback on household energy use, energy-related behaviors, and behavioral antecedents,. 
Journal of Environmental Psychology, 265-276. 

 
 
 
 
 
 


