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A B S T R A C T   

Leadership in Energy and Environmental Design (LEED) certified buildings aim to offer a sustainable and healthy 
building environment. Previous studies have shown mixed and inconsistent results on whether occupants in 
LEED-certified buildings are more satisfied than in non-LEED-certified counterparts. Those studies are usually 
based on surveys or questionnaires for commercial buildings and were limited by sample size and pre-defined 
question structures. Since most people would spend more time at home after experiencing the COVID-19 
pandemic due to the flexibility to work remotely, assessing the satisfaction with residential buildings benefits 
future environmental design and certification system development. In this work, we propose a natural language 
processing-based approach for such assessment. The study collected 16,761 online reviews of 232 LEED-certified 
and 129 non-LEED-certified apartment buildings from social media, then applied topic modeling and sentiment 
analysis to evaluate occupants’ satisfaction. Based on topic modeling, we categorized online comments into three 
topics, 1) location and transportation, 2) running cost, and 3) health and wellbeing. The subsequent sentiment 
analysis has shown a statistically significant but small or negligible enhancement in the satisfaction occurring in 
LEED-certified apartments compared to non-LEED-certified ones concerning all three topics. The “significant but 
small or negligible uptick” has also been found in online star rating and indoor environmental satisfaction. The 
only exception with a large effect size is lighting which is found to be significantly more satisfying in LEED- 
certified apartments. Nevertheless, the statistical significance in online star rating disappears when normal
ized by rent price and property house value.   

1. Introduction 

Leadership in Energy and Environmental Design (LEED), developed 
by the non-profit U.S Green Building Council (USGBC), is one of the 
most widely used green building rating systems. As of 2019, there are 
nearly 100,000 projects registered and certified LEED commercial pro
jects [1]. LEED can support all building types, such as offices, schools, 
hospitals, and homes. It is comprised of 9 credit categories, from 
regional priority to indoor environmental quality (IEQ). A project pur
suing LEED certification can earn one of four LEED rating levels — 
Platinum (>80 points), Gold (60–79 points), Silver (50–59 points), and 
Certified (40–49 points)—based on the total points earned across those 
categories [2]. 

Occupants’ satisfaction with buildings can be attributed to IEQ (e.g., 
lighting, temperature, air quality), workplace, and building features 

such as aesthetic appearance, furniture, cleanliness, level of privacy, and 
amount of personal control [3,4], in addition to running energy cost [5]. 
The largest database of occupant indoor environmental quality survey 
by the Center for the Built Environment (CBE) focuses on seven areas of 
indoor environmental performance and has been implemented in more 
than 1000 buildings with over 100,000 individual occupant responses as 
of March 2017 [6]. Based on the analysis of a subset of the dataset, office 
buildings with LEED certification outperformed non-LEED-certified 
buildings in occupants’ satisfaction regarding building overall, cleanli
ness, colors and textures, and air quality, even though the effect sizes of 
the difference was negligible [4]. Using the same dataset, Lee and Kim 
[7] concluded that LEED-certified buildings received higher satisfaction 
with office furnishings, thermal comfort, indoor air quality, cleanliness 
and maintenance but lower satisfaction with office layout, lighting, and 
acoustics. The CBE database has revealed marginal advantages of LEED 
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certification in promoting occupants’ satisfaction in office buildings. 
Besides the results from the CBE database, Table 1 summarizes the 

previous nine studies on occupants’ satisfaction with a variety of factors 
associated with LEED-certified and non-LEED-certified buildings. There 
are many studies on LEED buildings in general but not specifically 
focusing on the comparison of satisfaction between the two building 
types. Therefore, those studies were excluded in Table 1. Overall, mixed 
reported findings have been observed on whether LEED-certified 
buildings are more satisfying or not, which could be attributed to the 
differences in building location, ages, occupancy period, samples size, or 
building green features [8]. For instance, teachers in LEED-certified 
school buildings had a higher satisfaction rate in lighting, thermal 
comfort, indoor air quality but less satisfaction with acoustics than those 
in school buildings without LEED certification [9]. However, 
LEED-certified hospitals have produced elevated satisfaction in terms of 
all IEQ factors based on quite a small sample size [10]. 

Four of the nine studies in Table 1 focused on office buildings, but 
only one study has been reported on residential apartments in terms of 
occupants’ satisfaction with indoor air quality [11]. People spend nearly 
90% of their time indoors [12] with half of this time being spent at home 
[13,14]. The role of residential buildings has become even more crucial 

especially after the COVID-19 pandemic since many people would have 
more flexibility to work from home [15]. As a result, occupants’ satis
faction with residential buildings has become more important than ever 
before. 

All the reviewed studies relied on questionnaires to determine oc
cupants’ level of satisfaction. The design of those questionnaires typi
cally adopts a top-down approach that leaned toward the perspectives of 
designers, researchers, and policymakers as opposed to occupants. In 
particular, the structured questions usually have challenges/limitations 
to reveal occupants’ attitudes on aspects not included in the question
naires, not to mention response rate, timeliness, and longitudinal 
tracking. Second, it is cost-prohibitive to survey a substantial number of 
buildings, especially residential ones, using questionnaires. Unlike 
surveying occupants in large commercial buildings where building 
managers can easily distribute questionnaires to hundreds of occupants, 
reaching out to the occupants of residential buildings (e.g., multi-family 
apartments) is considerably difficult. 

One way to avoid those challenges is the bottom-up method. On the 
Internet, there is an abundance of information from occupants regarding 
their satisfaction with buildings in the format of star ratings and written 
comments (Fig. 1). Although the comments are unstructured, the 

Table 1 
Prior studies on occupants’ satisfaction with LEED-certified and non-LEED-certified buildings.  

Studies Sample size Data collection method Building 
function and 
Location 

Findings Significance level of differences (p < 
0.05) 

[20] 15 LEED-certified 
buildings, 6 self-nominated 
green buildings, and 160 
non-LEED-certified 
buildings 

Online questionnaire 
(Respondents: N = 33285 
totally) 

Offices, USA LEED-certified office buildings performed 
better in most aspects of IEQ, but there 
was no significant difference in lighting 
and acoustic quality between LEED- 
certified and non-LEED-certified 
buildings. 

Statistically significant differences in 
satisfaction with most aspects of IEQ. 

[9] 3 LEED-certified schools,10 
conventional schools, and 
20 energy-retrofitted 
schools 

Questionnaire 
(Respondents: N = 103 
totally) 

Schools, Canada LEED-certified school buildings 
performed better in most aspects of IEQ 
but worse in acoustics. 

Statistically significant differences in 
teachers’ satisfaction with IEQ. 

[21] 12 LEED-certified offices 
and 12 conventional offices 

Online questionnaire 
(Respondents: N = 2545 
totally for core the survey 
module) 

Offices, Canada 
and the north 
USA 

LEED-certified office buildings performed 
better in most aspects of IEQ and 
wellbeing, but worse in acoustics and 
lighting quality. 

Statistically significant differences in 
overall environmental satisfaction, 
satisfaction with noise from HVAC, 
thermal preference, and visual and 
physical symptom frequency. 

[7] 15 LEED-certified buildings 
and 200 conventional 
buildings 

Online questionnaire 
(Respondents: N = 3769 
for LEED, N = 36719 for 
non-LEED) 

Offices, USA LEED-certified buildings performed 
better in most aspects of IEQ but worse in 
lighting and acoustics quality. 

N/A 

[10] Two LEED-certified 
hospitals and one 
conventional hospital 

Questionnaire 
(Respondents: N = 54 for 
LEED, N = 25 for non- 
LEED) 

Health care 
facilities, USA 

LEED-certified hospitals performed better 
in all aspects of IEQ than the conventional 
hospital without LEED certification. 

Statistically significant differences in the 
satisfaction with IEQ. 

[11] 18 LEED-certified 
apartments and 13 
conventional apartments; 
61 home visits 

Questionnaire 
(Respondents: N = 37 
totally) 

Apartments, 
USA 

LEED-certified buildings performed 
better in most aspects of indoor air 
quality. 

A statistically significant difference in the 
perception of stuffy air, observation of 
pests and inadequate ventilation. 

[4] 65 LEED-certified office 
buildings and 79 non-LEED- 
certified office buildings 

Online questionnaire 
(Respondents: N = 10129 
for LEED, N = 11348 for 
non-LEED) 

Mainly for 
offices, USA 

LEED-certified buildings performed 
better in air quality, building 
maintenance, colors and textures, and 
cleanliness but worse in amount of light, 
ease of interaction, visual privacy, visual 
comfort, amount of space, noise, and 
sound privacy. However, the effect sizes 
are negligible. 

Statistically significant differences have 
been reported in all investigated factors 
except for temperature, furniture 
adjustability, and comfort of furnishing. 

[22] One LEED-certified mix- 
used building, one 
conventional mix-used 
building 

Questionnaire 
(Respondents: N = 53 for 
LEED, N = 72 for non- 
LEED) 

Mix-used 
building, China 

LEED-certified buildings performed 
better in summer temperatures and 
overall IEQ satisfaction but worse in 
lighting, noise, and temperatures in 
winter. 

Statistically significant differences in the 
satisfaction with temperature and 
lighting. No significant difference in the 
noise satisfaction. 

[23] One LEED-certified factory 
and one non-LEED-certified 
factory 

Questionnaire 
(Respondents: N = 35 for 
LEED, N = 35 for non- 
LEED) 

Factories, Sri 
Lanka 

LEED-certified factory performed better 
in views to outside, cleanliness, furniture, 
privacy, and lighting, while worse in 
thermal comfort, provision of ventilation 
for work, and having control over indoor 
environment. 

Statistically significant difference in 
thermal comfort, provision of ventilation 
of work, having control over indoor 
environment, views to outside, 
cleanliness, furniture, privacy, and 
lighting.  
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information can be processed using text-mining techniques such as 
Latent Dirichlet Allocation (LDA) [16] and can shed light on occupants’ 
satisfaction with residential buildings. 

Text mining and sentiment analysis have been widely applied in 
many areas to analyze users’ satisfaction and attitudes. Berezina et al. 
[17] used a text-mining method to understand what factors may satisfy 
or dissatisfy hotels customers; Moreover, Villeneuve et al. [18] 
employed a text-mining method to study the sentiment feelings of IEQ 
issues of Airbnb guests; Kar [19] investigated factors affecting user 
satisfaction in mobile payments based on Twitter tweets through 
sentiment analysis and topic modeling using LDA. The primary advan
tages of using social media data are two-folds, 1) it provides a substantial 
amount of public data with significantly more reviews compared to 
distributed questionnaires, and 2) occupants’ open-ended comments 
have diminished biases compared with predefined structured questions 
found in questionnaires. 

The objective of this study is to compare occupants’ satisfaction 
between LEED-certified and non-LEED-certified apartments in the 
United States through topic modeling and sentiment analysis of publicly 
posted comments on social media. We selected apartments as the target 
building type because more online comments are available for apart
ments than other types of residential buildings. Our goal and contribu
tions are to shed light on the following research questions:  

1. Do LEED-certified apartments have a higher star rating than non- 
LEED-certified apartments?  

2. Which latent topics are the most popular and of interest to occupants 
based on their online comments?  

3. How does occupants’ satisfaction vary for different factors (e.g., IEQ, 
running cost) of the apartments both with and without LEED 
certification?  

4. Would rent price and land value affect occupants’ satisfaction in 
LEED-certified and non-LEED-certified apartments? 

The subsequent sections include Methodology to retrieve apartment 
characteristics from USGBC and online review from social media, and to 
conduct statistical analysis, Results and Discussions to present the major 
findings to address the above-mentioned research questions, and 
Conclusions. 

2. Methodology 

Fig. 2 depicts the workflow of the methodologies in this work 
including 1) acquisition of online ratings and comments from social 
media, 2) data cleaning with regular expression (Regex) matching [24] 
and stop-words removal [25], 3) topic modeling to extract keywords and 
latent topics to classify sentences, 4) sentiment analysis at the sentence 

level, and 5) hypothesis testing on the difference in sentiment values 
(indicators of satisfaction) between LEED-certified and 
non-LEED-certified apartments. 

2.1. Data acquisition 

We identified commercial apartments in the United States from the 
USGBC database by applying a filter of project type “Multi-Family 
Residential: Apartment” [26]. Under these specifications, there were a 
total of 490 LEED-certified and 794 non-LEED-certified residential 
apartments in the United States until October 2018. The 
non-LEED-certified apartments had applied for certification but failed. 
For each building, the database provides the address, project name, 
LEED system version, rating level (if certified), certification date (if 

Fig. 1. Online reviews (star rating and written comments) on apartments from social media; (a) Yelp.com; (b) Apartmentratings.com.  

Data acquisition

Data pre-processing 
Clean online comments

Topic modeling (LDA)
Find keywords from online 

comments & summarize topics

Sentence classification
Classify comment sentences 

into topics

Sentiment analysis
Calculate sentiment values for 

each sentence

Collect online star-rating 
and written comments

Statistical analysis
Test hypotheses with statistics

Fig. 2. Methodology workflow.  
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certified), and other information. The database can be publicly accessed 
on an online repository (https://doi.org/10.17632/hw59ryytdf.1). 
Next, we searched each building using its address and project name, and 
from these gathered occupants’ posted comments and rating scores 
(from 1 = worst to 5 = best) using a developed web crawling tool or 
manually (if necessary). It turned out that most online comments are 
aggregated on three apartment review websites (Yelp.com, Apartmentra 
itngs.com, and Apartment.com). The search resulted in 8,230 online 
reviews (1,182,531 words) for 232 LEED apartments and 8,531 online 
reviews (1,284,763 words) for 129 non-LEED apartments matching the 
building projects in the LEED database (Table 2). Each review data point 
included star rating, descriptive written comments, and date of the 
review. 

2.2. Data pre-processing 

Online comments sometimes contain less important or noisy infor
mation, so a data pre-processing step is required before conducting an 
in-depth analysis. Our data pre-processing step removes the following 
information:  

• Information such as symbols and URL links that were removed by 
Regular Expression (Regex) matching.  

• Stop words, like “a”, “is”, “the”, “do” etc. that were taken out by 
employing the Natural Language Toolkit (NLTK) stop words [27] list. 
Stop words do not express any emotion [28] or satisfaction but can 
affect topic modeling results and an optimal topic number [29]. 

2.3. Topic modeling 

Topic modeling is a widely used tool to mine data, analyze latent 
semantic structures, and find topics in unclassified texts [16]. In this 
study, we employed an LDA method, a generative probabilistic model of 
corpus [16]. LDA is the most widely used topic modeling approach [30], 
which adopts an unsupervised learning technique to uncover hidden 
topics information from a collection of messages. LDA method applies a 
hierarchical structure of “document-topic-word.” Each document (w) is 
considered as a probability distribution over topics, and each topic is a 
probability distribution over words. 

Fig. 3 shows the graphical model representation of the LDA model. 
When performing topic modeling, the topic number (k) is an unknown 
value to be defined by the user. The selection of a proper k is a step
pingstone for topic modeling since different k values may lead to 
different topic results. 

One metric to optimize k is to minimize perplexity that measures the 
quality of latent topics. A lower perplexity value implies a higher model 
conditional likelihood, in other words, a better model [31]. For instance, 
Chen et al. [32] and Ghosh [33] found an ideal k in the range of 30–50 
with the lowest perplexity. However, the selection of k cannot solely rely 
on perplexity since it only crudely indicates an acceptable amount of 
topic loss. In addition, topic interpretation from a specific discipline (e. 
g., social science) should be incorporated in the selection process [34]. 
In this study, we chose k according to both perplexity and qualitative 
exploration on comprehensive information coverage based on our best 
understanding of LEED and non-LEED buildings. 

Preliminary modeling results contained words like “favourite”, 
“name”, “anyone” which may be irrelevant to occupants’ satisfaction. 
These suspiciously irrelevant words were removed when the coherence 
score, which can identify if a topic is semantically interpretable [35], 

resulted from the topic modeling increased without those words. 

2.4. Online comments classification using supervised learning 

Since a sentence of online comments may contain mixed topics and 
sentiments, it needs to be classified into each founded latent topic before 
sentiment analysis. As for sentence classification, we used a seed word 
dictionary as described below, and matched the dictionary with online 
comments. If a sentence referred several topics, it will be classified into 
all relevant topics rather than be counted only once. There are several 
ways to build a dictionary. The popular method is a heuristic approach 
of combining human annotation and Wordnet’s Synset, which are sets of 
cognitive synonyms expressing a particular concept [36]. But it doesn’t 
work in our case due to professional specificity. For example, when we 
try to find Synset of “air”, the Wordnet will find words like “bare”, 
“beam”, “line” and many other words irrelevant to an apartment. 
Therefore, we build a relevant expanded word dictionary by selecting 
topic relative words from online comments and LEED reference guides 
[37–40]. The detailed dictionary is described in Table A1 of the 
appendix. 

2.5. Sentiment analysis 

Sentiment analysis, also known as opinion mining, is a process of 
understanding written contexts and is generally used to determine 
whether the context contains positive, neutral, or negative opinions 
[41–43]. Sentiment analysis in this work is a probabilistic supervised 
machine learning approach based on the Naïve Bayes algorithm as 
follows. 

ĉ = argmax
c∈C

P ⏞⏟⏟⏞
likelihood

(d|c)
⏞⏟⏟⏞
prior

P(c)
(1)  

CNB = argmax
c∈C

P(c)
∏

f∈F
P(f |c) (2) 

Here C denotes a set of all possible classes (negative, neutral, posi
tive) and c is one of the classes; d denotes a document (each sentence of a 
comment from social media). F means all features value pairs (e.g., 
location-near, cost-high), and f is one of these feature pairs. 

The Naïve Bayes classifier performs well when the output is cate
gorical, while it may do poorly for regression problems by discretizing 
the target value [44]. To overcome the limitation and guarantee the 
accuracy of the Naïve Bayes model, we used the following Bayes equa
tion for regression: 

p(Y|E)=
p(E,Y)

∫
p(E,Y)dY

=
p(E|Y)p(Y)

∫
p(E|Y)p(Y)dY

(3)  

where the likelihood p(E|Y) is the probability density function (pdf) of 
the evidence E for a given target value Y, and the prior p(Y) is the pdf of 
the target value before any evidence has been seen. 

In this study, the sentiment analysis was conducted with NLTK and 
the sentiment analysis application programming interface (API) pro
vides polarity values. The final output was a floating-point value from 
− 1 (negative sentiment) to +1 (positive sentiment). In this study, we 
considered binary classifications, namely, a negative sentiment as 
dissatisfaction and a positive value to be satisfaction. A higher absolute 
sentiment value implies that the occupants are more satisfied or 
dissatisfied with their apartment. 

Table 2 
Statistics of the comments.   

# of apartment # of comments Average # of sentences per comment Average # of words per comment Average # of words per sentence 

LEED 232 8230 10 144 15 
Non-LEED 129 8531 11 151 14  
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2.6. Statistical analysis 

The initial data analysis with the Shapiro-Wilk normality test showed 
that all datasets were non-normally distributed. Therefore, we assessed 
the difference of the median with the Wilcoxon signed-rank test. The 
statistical significance was based on p＜0.05(*), p＜0.01(**), and p＜ 
0.001(***). Cohen’s d was used to calculate the effect size of the dif
ference that |d|< 0.147 “negligible”, |d|< 0.33 “small”, |d|< 0.474 
“medium”, otherwise “large”, following our previous method [45]. 

3. Results and Discussions 

In this section, we display a geographical map on the distribution of 
LEED and non-LEED multi-family residential apartments reviewed in 
social media, in addition to occupants’ satisfaction based on the online 
star rating and sentiment analysis. This section also reports occupants’ 
topics of interest. Besides, the satisfaction with indoor air quality, 

thermal comfort, acoustics, lighting, and layout are discussed by 
comparing with prior studies. 

3.1. Geographical distribution of LEED and non-LEED multi-family 
residential apartments 

Fig. 4 shows the distribution of 232 LEED-certified and 129 non- 
LEED-certified apartment buildings assessed in this study. The back
ground colors show the median value of housing prices in 2018 [46]. 
Both LEED and non-LEED certified apartments that applied for but did 
not obtain certification are more concentrated in coastal states such as 
California and New York. Those states are generally populous and 
ambitious to achieve sustainability and environmental goals by moti
vating developers to voluntarily pursue third-party certifications for 
their real estate projects [47]. 

Fig. 3. Graphical model representation of topic modeling of online reviews using LDA. M denotes the number of documents; α is the parameter of the Dirichlet prior 
on the per-document topic distribution; β is the parameter of the Dirichlet prior on the per-topic word distribution; θ is the topic distribution for a document; ϕ is the 
word distribution for the topic; Z is the topic for a word in the document; Wn,v is the specific word. The circles in blue shades represent the distribution of each latent 
topic. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 4. Distribution of LEED-certified and non-LEED-certified multi-family residential apartments reviewed on social media. The numbers in each state represent # of 
non-LEED apartments (# of LEED apartments). The asterisk after the name of a certain state means the state has more LEED apartment buildings than non-LEED ones. 
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3.2. Occupants’ satisfaction with LEED-certified and non-LEED-certified 
residential apartments 

The rating of online reviews in most social media ranged from one 
(worst) to five (best) stars. In this work, we coded the star rating using a 
5-scale Likert scale, very dissatisfied (1 star), dissatisfied (2 stars), 
neutral (3 stars), satisfied (4 stars), and very satisfied (5 stars) to facil
itate the analysis of occupants’ overall satisfaction with an apartment 
building. Fig. 5 shows the percentage of the different satisfaction levels 
for the LEED-certified and non-LEED-certified apartments. 

The total percentage of reviews with satisfied (4 stars) and very 
satisfied (5 stars) is 69.3% for LEED-certified apartments and 56.4% for 
non-LEED-certified apartments. There are more star ratings in the bins of 
Very satisfied (5-star) and Very dissatisfied (1-star) than others, suggesting 
an under-reporting bias when online reviewers are more motivated to 
post extreme and negative ratings [48]. It should be noted that such bias 
could also occur in studies using questionnaires [49]. The median rat
ings are very satisfied (5 stars) for LEED-certified and satisfied (4 stars) 
for non-LEED-certified apartments. The Wilcoxon signed-rank test re
ports a statistically significant difference (p < 0.001) between the me
dian rating of the two apartment types, though the effect size of the 
difference is negligible according to Cohen’s d (|d|<0.33). In other 
words, LEED-certified apartments are perceived slightly more satisfying 
than non-LEED-certified apartments according to online star ratings. 
However, the crude rating results could not reveal how occupants feel 
about specific aspects of the apartments, which necessities a detailed 
analysis of the contexts and topics of posted comments. 

3.3. Topic modeling 

The latent semantic structures of occupants’ online comments can be 
revealed through topic modeling. A “topic” in topic modeling is defined 
as a cluster of keywords that co-occur in the same documents according 
to certain patterns through unsupervised learning. Perplexity measure is 
a commonly used computational metric to determine the number of 
topics summarizing an online review [16]. We identified the number of 
topics discussed in online comments based on the perplexity calculated 
with Gensim [50] as well as a manual inspection of keyword semantics 
since computational algorithms based on perplexity solely can identify 
nuances that are not semantically meaningful [51]. 

Generally, the optimal number of topics resulted from an LDA model 
exists when the perplexity value is the minimum [16], but the method 
should only serve as the initial selection of models with an acceptable 
amount of information loss [34]. Fig. 6 depicts the lowest perplexity 
when the topic number is three. However, the manual analysis after 
reading online comments found that important information related to 

“pet-policy” and “amenities” is not included in any identified topic. A 
similar issue occurs as the topic number is two or four. Therefore, 
considering both perplexity and interpretability, we found that five 
topics can generate both comprehensive and semantically meaningful 
information. 

For each of the five topics, Table 3 lists ten keywords and their 
calculated weight calculated based on frequency and topic relevancy 
extracted from LDA. We then summarized what themes were covered 
under each topic by manually examining the semantics of the included 
keywords. For instance, Topic 1 is comprised of three themes, Location 
and transportation (“car”, “neighbour”), Pet-policy (“dog”), and IEQ 
(“floor”, “hear”, “door”, “wall”). Overall, the five topics consist of six 
themes in total, 1) Location and transportation, 2) IEQ, 3) Pet-policy, 4) 
Management service, 5) Running cost, and 6) Amenities. A theme can 
appear in multiple topics (Table 3), such as IEQ included in both Topic 1 
and Topic 5. Therefore, to facilitate the comparison and analysis of oc
cupants’ satisfaction, we reorganized the five topics based on shared 
themes and distilled them into three independent topics (Location and 
transportation, Running cost, and Health and wellbeing) by consulting with 
the categories of popular rating systems like LEED, Building Research 
Establishment Environmental Assessment Method (BREEAM), and 
Green Building Tool [52] (see Table 4). The process can be illustrated in 
Fig. A1 of the appendix. 

Fig. 7 summarizes the distribution of occupants’ topics of interest 
characterized by the percentage of sentences discussing a topic for both 
LEED-certified and non-LEED-certified apartments. Occupants in LEED- 

Pe
rc

en
ta

ge
  o

f s
ta

r r
at

in
gs

 (%
)

25

100

50

75 56.0

13.2
5.5
5.8

19.5

39.4

17.0

9.6

10.9

23.0

LEED                      non-LEED

(a)

0

St
ar

 ra
tin

gs

(b)

LEED              non-LEED

***
5

4

3

2

1
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Fig. 6. The perplexity of topic modeling for various topic numbers.  
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certified apartments appear to be more (61.0% vs 56.3%) attentive to 
factors pertaining to “Health and wellbeing” than those in non-LEED- 
certified counterparts. A possible reason is that the topic covers more 
themes such as “amenities,” “management services,” “pet-policy,” 
“appliance,” and “indoor environment” and is related to a larger sample 
of words like “noise”, “air”, “view” and “clean” than the other two 
topics. Nevertheless, it is surprising that “running cost” has been dis
cussed the least of time, only 11.7% for LEED-certified and 12.5% for 
non-LEED-certified apartments. 

The top three weighted keywords in the online review for LEED- 
certified apartments are “staff”, “friendly”, “area” as opposed to 
“staff”, “management”, and “parking” for non-LEED-certified apart
ments (Fig. 8). The heat maps indicate that online reviews primarily 
focus on apartment management service, which is supported by the 
commonly appeared words (e.g., “staff”) based on frequency for both 
apartment types. Nevertheless, leisure facilities are discussed more often 
for LEED-certified apartments. For example, “amenities”, “pool”, and 
“gym” appear more frequently in those apartments. However, “mainte
nance” is a popular topic in online reviews for only non-LEED-certified 
apartments. Furthermore, the heat maps show no clear trend of 
weight change for most keywords. 

3.4. Sentiment analysis of occupants’ satisfaction 

Occupants’ satisfaction with the three topics regarding LEED- 
certified and non-LEED-certified apartments are evident through senti
ment analysis of online review comments. Fig. 9 shows the distribution 
of the sentiment values of all sentences for each topic between LEED- 
certified and non-LEED-certified apartments. Generally, occupants 
have been satisfied with the three topics for both apartment types, as 
indicated by the slightly positive median sentiment values ranging from 
0 to 0.25. Occupants are more satisfied with “location and trans
portation,” “running cost” and “health and wellbeing” for LEED-certified 
apartments than those without LEED certification. While the differ
ences are statistically significant (p < 0.001) in terms of all the three 
topics, the effect sizes of those differences are negligible according to 
Cohen’s d (|d|<0.147). It is therefore concluded that LEED-certified 
apartments generate negligibly higher satisfaction with “location and 
transportation,” “running cost,” and “health and wellbeing.” 

3.5. Satisfaction with various IEQ factors 

IEQ is an essential element contributing to people’s health and 
wellbeing. Occupants’ sentiment with IEQ factors, such as thermal 
comfort, acoustics, lighting, indoor air quality, and layout inevitably 
influences their general satisfaction with the topic “health and well
being.” Fig. 10 shows that LEED-certified buildings outperform non- 
LEED-certified counterparts for all the five IEQ factors generated by 
topic modeling, with different significant levels and effect sizes. The 

Table 3 
Keywords of initial five topics extracted from comments.  

Topic 1 (Themes: Location and 
transportation, Pet-policy, IEQ) 

Topic 2 (Themes: Management 
service, Running cost,) 

Topic 3 (Themes: Running cost, 
Management service,) 

Topic 4 (Themes: Location and 
transportation, Running cost) 

Topic 5 (Themes: Management service, 
Location and transportation, Amenity, 
IEQ) 

Keywords Weight Keywords Weight Keywords Weight Keywords Weight Keywords Weight 

people 0.019 apartment 0.039 rent 0.033 parking 0.094 staff 0.037 
dog 0.018 maintenance 0.026 pay 0.027 free 0.028 friendly 0.030 
apartment 0.018 staff 0.024 management 0.023 park 0.024 location 0.030 
floor 0.013 move 0.023 tenant 0.017 store 0.021 apartment 0.030 
hear 0.012 resident 0.023 water 0.014 spot 0.023 area 0.030 
door 0.012 live 0.023 lease 0.013 food 0.015 building 0.026 
building 0.012 property 0.018 money 0.011 shop 0.015 live 0.025 
car 0.009 management 0.016 trash 0.009 shopping 0.012 amenity 0.019 
neighbour 0.009 service 0.015 unit 0.009 restaurant 0.012 clean 0.018 
wall 0.009 office 0.014 office 0.009 close 0.011 build 0.017  

Table 4 
Comparison of the extracted themes and topics with LEED credit categories.  

Themes (identified by 
initial topic modelling) 

Summarized three 
new topics 

Coincident LEED credit 
categoriesa 

Location and 
transportation 

Location and 
transportation 

Location and transportation, 
Sustainable sites, Regional 
priority 

Running cost Running cost Water efficiency, Energy and 
atmosphere, Material and 
resources 

Management services Health and 
wellbeing 

IEQ 
Pet-policy 
Amenities 
IEQ  

a The LEED credit categories are not completely covered by the identified 
themes from topic modelling or vice versa, suggesting online comments can shed 
extra light on occupants’ satisfaction that cannot be revealed by a predesigned 
questionnaire following the LEED categories. 
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large distinction in satisfaction occurs for lighting only. It is observed 
that acoustics is the least satisfying while thermal comfort receives the 
highest satisfaction rate in apartments both with and without the LEED 
certification. Similar findings were also reported previously [13]. 

Furthermore, we compared the results from sentiment analysis with 
four previous studies conducted in buildings with different functions 

such as houses and offices (Fig. 10). The original scale (− 1 to 1) of the 
sentiment values was adjusted linearly to − 3 (very dissatisfied) to 3 
(very satisfied) to facilitate the comparison. Albeit the differences in 
sample size and methodology. 

3.6. Rent price, land value, and star rating 

Generally, people would expect to get services or products of equal or 
superior value to what they have paid. Thus, occupants’ satisfaction 
might be related to not only building characteristics (e.g., IEQ) but also 
rent price, as suggested by studies [53,54] that competitive price can 
increase customer satisfaction. LEED certification awards buildings in 
locations that promote less vehicle travel distance and better liveability 
[55], associated with high property value. This can be observed by 
higher median house property value where LEED buildings are located 
in Fig. 11a. The difference between the median house property value of 
the two apartment types is statistically significant with a medium effect 
size (Cohen’s d). 

Surprisingly, the increment in the property value does not neces
sarily result in an elevation in the rent price per bedroom number for 
LEED-certified apartments. Fig. 11b depicts that the median rent prices 
per room are not statistically different between apartments with or 
without LEED certification. 

3.6.1. Impact of rent price and land property value on star ratings 
To study how much satisfaction people can get for every dollar they 

spend, we normalized the star rating (from 1 to 5 stars) of each apart
ment by the rent price per room to monetize occupants’ overall satis
faction. In Fig. 12, the normalized star rating of LEED-certified 
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apartments is not statistically (p = 0.073) higher than that of non-LEED- 
certified apartments, indicating that occupants in the LEED-certified 
apartment are not statistically more satisfied as for the price they pay 
for the rent. Besides, the correlations between star rating and normal
ized price of LEED-certified and non-LEED-certified apartments are 
− 0.04 and 0.16 separately, suggesting a weak relationship between rent 
price and star rating. 

3.7. Sampling biases and limitations 

Sampling biases occur when the samples of a stochastic variable 
cannot represent the true distribution in the population due to non- 
random reasons. Sampling biases pose a challenge to evaluate occu
pants’ satisfaction with buildings for many research methods, including 
pre-designed questionnaires and online comments. We discuss common 
biases during sampling in this section followed by the limitations of this 
study. 

Under-reporting bias is resulted from self-selection or voluntary 
response. A voluntary questionnaire on occupants’ satisfaction might 
attract more respondents who are more sensitive to incentives or in
clined to express negative opinions [49]. In this work with social media 
data, we found that 1-star ratings and 5-star ratings have a higher weight 
on the data distribution, partially congruent with a prior finding on 
under-reporting bias that online reviewers are more motivated to post 
extreme and negative ratings [48]. 

Non-response bias can occur when there is a systematic difference 
between responders and non-responders. As a key indicator of data 
quality [57], response rate affects survey bias and statistical precision. A 
questionnaire with a low response rate is more likely to suffer from 
non-response bias. Some journals [58] request a minimum response rate 
of up to 60% for a manuscript to be considered for peer review. Despite 
that the criterion is not necessarily applicable for the research on oc
cupants’ satisfaction, obtaining a high response rate is crucial for data 
validity. The dataset [3] on occupants’ satisfaction with IEQ using 
questionnaires only has a response rate higher than 5%, suggesting a 
possible skew in the sampled population. Even though a survey using 
social media data has little relevance to this bias due to the nature of the 
method, it can suffer from another one: under-coverage bias. 

Under-coverage bias in the sampling means that participants cannot 
adequately represent the population. People who have limited access to 
the Internet could have difficulties posting their comments online. On
line social media data tend to skew towards those created by young, 
urban, minority individuals [59]. Also, apartment owners while living in 
the property may not review their building on social media. Similarly, 
under-coverage bias also exists when questionnaires are administered by 
email [7,20], since occupants who lack access to email servers are less 
likely to participate. The under-coverage bias is often coincident with 
convenience sampling. 

The bias resulted from convenience sampling involves samples 
drawn based on their ready availability in terms of geographical prox
imity or known contacts. Since distributing questionnaires to occupants 
could be cost-prohibitive, reaching out to respondents within the same 
community is a common strategy [11,23]. Compared to questionnaires, 
online comments may suffer less from this bias but still cannot abstain 
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from it easily. For example, this study does not consider online com
ments written in languages other than English. 

The abovementioned sampling biases are common but may not be 
exhaustive in the research on occupants’ satisfaction. No matter what 
approach is employed, one should try to take strategies to mitigate po
tential biases including oversampling [60], post-survey adjustment 
(imputation and reweighting [61]), encouraging non-responsive par
ticipants, making efforts to gain the participation of all intended par
ticipants, and so forth. 

Besides sampling biases, this study is limited in the categorization of 
polysemy keywords and instinct drawbacks of the data-driven approach. 
The applied LDA method may not be robust sufficiently to exploit the 
contextual semantics of a word. For example, “area” could be related to 
either apartment location or square footage. In this paper, we had to 
manually read the comments containing those words to address this 
limitation. The weaknesses of the data-driven approach are embedded in 
this work. In particular, the LEED rating system consists of numerous 
credit categories but many of them are not reflected in online comments. 

Despite the methodological shortcomings of this work, using online 
comments to assess occupants’ satisfaction shows multiple advantages 
in addition to a large sample size. Social media data allow longitudinal 
analysis over a course of years that is extremely difficult to conduct 
using questionnaires. When online data carry more refined information 
on building characteristics, the approach can also be applied to evaluate 
why occupants’ satisfaction is influenced by these factors. This hidden 
information could be difficult to reveal with a predesigned question
naire. Nevertheless, online data and questionnaires should supplement 
each other rather than replacing one with the other because both offer 
unique advantages from different perspectives. We suggest multimodal 
approaches, if possible, to better understand occupants’ satisfaction in 
future studies. 

4. Conclusions 

The goal of this study is to compare occupants’ satisfaction level of 
LEED-certified and non-LEED-certified apartments by analyzing online 
reviews posted on social media with natural language processing (NLP). 

The approach can supplement questionnaires distributed to a selected 
population for this purpose that are generally limited by sample size and 
pre-defined question structure. 

The online review data regarding apartments can be categorized into 
three topics, 1) location and transportation; 2) running cost and 3) health 
and wellbeing. Occupants have discussed health and wellbeing more 
frequently (accounting for 56–61%) on social media. Facilities for lei
sure (e.g., pool, gym) are discussed more often for LEED-certified 
apartments compared to non-LEED-certified ones. 

The sentiment analysis shows that both apartment types have posi
tive median sentiment values for all three topics, indicating that occu
pants are satisfied with their apartments in general. Overall, LEED- 
certified apartments have slightly higher satisfaction than non-LEED- 
certified counterparts for most investigated perspectives. Additionally, 
the enhancement is mostly negligible or small according to the calcu
lated effect sizes. In particular, the significant but negligible or small 
uptick has been found in 1) online holistic star rating, 2) sentiment 
values of all the three topics, and 3) satisfaction with IEQ factors except 
for lighting. When the star rating is normalized by the rent price and 
house property value, no statistical difference (p = 0.073) can be found 
between the two apartment types. 

Both pre-designed questionnaires and online comments in social 
media could suffer from sampling biases to different extent. Since each 
method has instinct advantages and shortcomings, if possible, a multi
modal approach is suggested to applied to increase research validity. 
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Appendix  

Table A1 
Word dictionary for all the topics  

Topics Themes Seed words 

Location & 
Transportation 

Location school, warehouse, center, retail, healthcare, community, public, mail, surrounding, farmland, industry, residential, site, visibility, 
alleys, safe, security stores, hospital, landscape, landmark, courtyard, plaza, grocery, market, supermarket, bank, mall, theater, 
pharmacy, gym, laundry, library, clinic, university, restaurant, warehouse, hotel, vendor, Church, club, studio, café, college, 
healthcare, telecommunication, landfill, waterway, housing, daycare, education, postsecondary, nursery, sun, winds, weather, rain, 
mapping, slope, stability, flood, wetlands, lakes, streams, shorelines, rainwater; 

Transportation walking, vehicle, bus, stop, station, bicycle, Uber, car, ferry, sidewalk, pedestrian, transit, corridor, distance, commute, carpool, 
connectivity, shuttles, pavement, walkways, roadways, bikeway, path, convenience, motor, automobile, streetcar, rail, carshare, 
rideshare, passenger, route, tour, trips, travel, freight, lane, on-street, off-street, fleet, truck, dock, conveyance; 

Running cost Cost, Bill, money, capital, rent, payment, charge, maintenance, purchase, price, economic, sustainable, consumption, efficiency, saving, 
budget, power, depletion, lifecycle, waste, value, burden, discount, finance, benefits, water, gas, fuel, oil, steam, electricity, propane, 
load, metering, grid, solar, PV; 

Health & Wellbeing Amenities pool, park, garden, seating, parking, utility, recreation, entertainment, sports, infrastructure, sanitation, flora, fauna, planting, 
vegetation, trees, greenfield, view 

Management 
services 

Respond, assist, service, lease, office, management, staff, arrangement, agency, housekeeping, regulation, code, policy, trash, 
stewardship, organize, contractor, hospitality, cleaning, cleanliness, pest, leakage, hygiene, recycling, repair; 

Pet-policy Dog, cat, pet; 
Appliance equipment, machine, elevator, fryer, griddle, drawer, cooker, cooking, toaster, refrigerator, freezer, device, dishwasher, steamer, 

stove, oven, range, drain, tank, disposer, plug, fireplace, woodstove, showerhead, plumbing, network, broiler, faucet, lamp, alarm; 
Indoor 
environment 

Thermal comfort: hot, warm, heat, cold, cool, chill, temperature, radiation; 
Acoustic: noise, voice, sound, loud; 
Lighting: daylight, luminaire, luminance, illuminance, sunlight, dim; 
IAQ: CO2, smoke, smoking, fume, odour, contaminant, airflow, emission, VOC, moisture, humidity, ozone, particle, smell, pollution, 
ventilation, air-conditioning, fan, exhaust, combustion, chemical, biological, particulate, toxicity, vent, formaldehyde, tobacco, 
exposure; 

(continued on next page) 
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Table A1 (continued ) 

Topics Themes Seed words 

Layout: restroom, ceiling, roof, floor, window, bathroom, design, space, cabinet, locking, hallway, stairwell, closet, basement, porch, 
lavatory, urinals, balcony, rooftop, toilets, shower, furniture, kitchen, storage, doors, material, garage, wallwash, paints, coating, 
carpet, area, vestibule, refurbish, gate, decorate, cabinetry, lobby, construction;  

Fig. A1. Diagram of topic modelling and topic reorganization  
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