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A B S T R A C T

Building alteration and redevelopment play a central role in the revitalization of developed cities, where the
scarcity of available land limits the construction of new buildings. The adaptive reuse of existing space reflects
the underlying socioeconomic dynamics of the city and can be a leading indicator of economic growth and
diversification. However, the collective understanding of building alteration patterns is constrained by sig-
nificant barriers to data accessibility and analysis. We present a data mining and knowledge discovery process
for extracting, analyzing, and integrating building permit data for more than 2,500,000 alteration projects from
seven major U.S. cities. We utilize natural language processing and topic modeling to discover the thematic
structure of construction activities from permit descriptions and merge with other urban data to explore the
dynamics of urban change. The knowledge discovery process proceeds in three steps: (1) text mining to identify
popular words, popularity change, and their co-appearance likelihood; (2) topic modeling using latent
Dirichlet allocation (LDA); and (3) integrating the topic modeling output with building information and ancillary
data to discover the spatial, temporal, and thematic patterns of urban redevelopment and regeneration. The
results demonstrate a generalizable approach that can be used to analyze unstructured text data extracted from
permit records across varying database structures, permit typologies, and local contexts. Our machine learning
methodology can assist cities to better monitor building alteration activity, analyze spatiotemporal patterns of
redevelopment, and more fully understand the economic, social, and environmental implications of changes to
the urban built environment.

1. Introduction

City agencies maintain vast databases of information relevant to city
management, urban planning, and infrastructure investment, but these
resources are often buried deep in legacy information technology sys-
tems, cordoned off from the general public and other agencies by in-
accessible data structures and non-standard formats (Bettencourt, 2014;
Kontokosta, 2018). Increasing access to these city administrative re-
cords can provide new sources of information to understand urban
activity patterns and neighborhood dynamics. However, most admin-
istrative data represent a “digital exhaust”, where the potential uses are
often far different than the original rationale for collecting the data
(Harford, 2014). To extract new insights from these data sources, effi-
cient and scalable data mining and analytical modeling techniques are

needed (Offenhuber & Ratti, 2014).
Within the city administrative structure, the Department of

Buildings (DOB) is responsible for the safety and regulation of the built
environment.1 Construction activities reflect the economic, regulatory,
and social dynamics of the city and are an important indicator of ma-
terial consumption, population growth and loss, energy use, and waste
generation (Sartori, Bergsdal, Müller, & Brattebø, 2008). Building al-
terations,2 in particular, play a central role in the revitalization of de-
veloped cities, where the scarcity of available land limits the con-
struction of new buildings. The adaptive re-use of existing space reflects
the underlying economic activity of the city and can be a leading in-
dicator of economic development and diversification.

However, it is often challenging to extract large-scale data for re-
search and analysis from a city's building department. Although these
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departments maintain detailed records of permit applications, altera-
tion work, and violations (among other related activities), these data
are collected primarily for code enforcement and regulatory com-
pliance. As such, data are often structured to facilitate data entry and
archival preservation, and not collected, organized, or coded for ana-
lysis and decision support. These barriers to data sharing across agen-
cies and to integration with other ancillary data create unnecessary
roadblocks for the general public and other city agencies.

This study presents a generalizable data mining methodology to
extract and analyze building construction permit data at high spatial
and temporal resolution. Using natural language processing (NLP) and
topic modeling, we develop a scalable approach to understand the
thematic structure and spatiotemporal patterns of building alteration
activities extracted from building department records. We apply this
method to seven U.S. cities (New York City, Boston, Los Angeles, San
Francisco, Chicago, Seattle, and Austin) and demonstrate how it can be
used to standardize data for analysis across cities and agencies with
varying data definitions and structures, as well as localized geographic,
political, and land use characteristics.

To the best of our knowledge, there are no existing studies on
knowledge discovery in databases (KDD) using detailed construction
permit application data. Our goal is to objectively identify building
alteration topical themes based on permit descriptions. Our research (1)
creates an extensive alteration permit database by integrating records
from multiple cities; (2) applies topic modeling to discover the thematic
structure of alteration activity; and (3) analyzes the spatiotemporal
patterns of building alteration as an indicator of the hyperlocal dy-
namics of urban development. We first introduce our research moti-
vation followed by data descriptions and ancillary data integration
methods. We then describe our methodology that includes text mining,
topic modeling, and time-series analysis. A discussion follows of our
results for each of the seven cities, and their implications for urban data
science and data-driven city planning. The paper concludes with a
summary of key findings, methodological limitations, and future work.

2. Research motivation

Construction activities - including new development, demolition,
and alteration - have a profound local impact on resource consumption,
economic growth, and neighborhood change (Beccali, Cellura, Fontana,
Longo, & Mistretta, 2013; De Melo, Goncalves, & Martins, 2011; Helms,
2003; Juan, Gao, & Wang, 2010; Lees, 2003). For instance, retrofitting
existing buildings has become a primary method to improve energy
efficiency in cities, but the lack of measurement and monitoring makes
the nature and scale of this type of construction activity largely un-
known (Kontokosta, 2013). Although many cities have digitized
building permit applications to enable public dissemination of relevant
information (Shadbolt et al., 2012), these data are structured for en-
forcement and record-keeping, resulting in untapped “data tombs”
(Fayyad & Uthurusamy, 2002; Neef, 2014). Moreover, each city man-
ages permit data based on its specific urban and regulatory context,
resulting in a range of naming conventions, variable definitions, and
included fields. Although this practice may be sufficient for local ad-
ministrative functions, the lack of standardization constrains informa-
tion sharing and comparative studies within and across cities (Ku & Gil-
Garcia, 2018).

Of all the information contained in construction permit records, the
job description is a particularly under-utilized resource. Most DOB
applications require a licensed engineer or architect to provide a de-
scription of the scope of work when filing a permit application. This is
typically a manual process using free-form text boxes or handwritten
descriptions. NLP and machine learning can be used to extract se-
mantic, topical, and other patterns from this text. Thematic structure
discovery using topic modeling may complement conventional ap-
proaches (e.g., label, category, keyword) for classifying construction
activities. Cities, then, could leverage this knowledge to adopt an

approach similar to online product recommendation systems to provide
insights into construction trends, suggest other work not considered by
the applicant, and improve the efficiency of code enforcement review.

The adoption and diffusion of next-generation information tech-
nology in the public sector have begun to transform city administration
(Goldsmith & Crawford, 2014; Lane, 2018; Naik, Kominers, Raskar,
Glaeser, & Hidalgo, 2015). A recent survey reports that 35% of 500 U.S.
cities surveyed utilize an online construction permitting system, with a
14% increase between 2015 and 2017 (William Riggs & Chavan, 2015;
William Riggs & Steins, 2017). Some have suggested a cloud-based
computing framework for intersectoral construction data management
(Eirinaki, Dhar, & Mathur, 2016). Using NYC Open Data as an example,
the researchers propose a “smart” city permit framework with a re-
commendation engine trained on historical permit data (Eirinaki et al.,
2018). In addition, a number of studies have considered cross-domain
data integration processes for improved information exchange. For
example, one such study proposes a digital building permit to fill an
existing gap between site-based Geographic Information System (GIS)
and Building Information Modeling (BIM) data (Chognard, Dubois,
Benmansour, Torri, & Domer, 2018). In addition to more efficient ad-
ministration, there is significant value in applied analytics that leverage
construction permit data (Hvingel, Baaner, & Schrøder, 2014). Use
cases include spatial modeling for construction intensity assessment
(Brandão, Correia, & Paio, 2018), spatiotemporal analysis for post-
disaster recovery monitoring (Go, 2014; Stevenson, Emrich, Mitchell, &
Cutter, 2010), and econometric modeling to estimate the impact of
construction activity on real estate markets (Fisher, Lambie-Hanson, &
Willen, 2011; Hernández-Murillo, Owyang, & Rubio, 2017;
Pollakowski, 1995). Together, these studies highlight the value of
construction permit data for both scientific research and real-world
urban management.

At the metropolitan and regional scales, alteration of existing
buildings represents an economic indicator of urban development and
real estate market strength. The U.S. Census Bureau collects data on
new residential construction authorized by building permits at state,
metropolitan area, and county levels. Both public and private sectors,
including the Department of Housing and Urban Development and the
Federal Reserve Board, use construction activity as an indicator for
analyzing regional economies, estimating mortgage demand, and
monitoring housing investment, as well as forecasting construction in-
dustry labor markets and material demand (U.S. Census Bureau, 2018).
Building alterations are a significant component of construction activ-
ities, particularly in high-density cities (Bendimerad, 2007). A near-
real-time assessment of the location, extent, nature, and cost of building
alterations could provide an important indicator of the health of local
and regional economies beyond what could be determined by surveys
alone.

In addition to the economic implications, there are increasing con-
cerns about potential health risks associated with building alteration. In
certain types of buildings, construction activities may generate health
hazards due to exposure to debris and dust from lead-based paint, as-
bestos, or other toxins (New York State Department of Health, 2015).
For example, the U.S. Environmental Protection Agency (EPA) has
identified 11 target alteration actions with potential lead exposure
(Battelle, 1997). Since aging building stocks are associated with both a
greater likelihood of alteration activity and higher potential exposure,
cities must address these public health risks, especially for vulnerable
populations (Centers for Disease Control and Prevention, 1997). For
example, conducted a study in NYC to investigate potential lead ex-
posure during construction activity Reissman, Matte, Gurnitz,
Kaufmann, & Leighton, (2002). The results reveal elevated blood lead
levels in children living in buildings constructed before 1950 during
renovation or repair work. Through more comprehensive monitoring of
construction activities - including their location and scope - it would be
possible to raise awareness and inform building residents and owners of
potential health risks based on anticipated construction work and
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building characteristics.

3. Data

We assemble our primary data by extracting and integrating over
2.5 million construction permit records from seven major U.S. cities:
New York City (NYC), Los Angeles, Chicago, Austin, San Francisco,
Seattle, and Boston. We acquire these publicly-available datasets in
tabular format (.csv) from each city's open data portal as of August
2018, and exclude permits from 2018 due to the incomplete year.
Table 1 summarizes the permit volume, time range, permit type, and
total number of buildings for each city. The variation in permit ty-
pology reflects the lack of standardization in construction permit
tracking, differing requirements in local building codes, and the nature
of predominant construction-related activities in each city. While all
cities have categories for new construction and demolition, alterations
are ill-defined by a range of terms, including “addition”, “renovation”,
“repair”, and “remodel”, as well as context-specific categories, such as
“swimming pool” in Los Angeles. Seattle, as another example, is the
only city that specifies “tenant improvement” as a distinct category.
While specific formats and requirements may vary, cities collect many
common fields, such as job type, a unique building or property iden-
tifier, a unique permit number, issuance date, estimated project cost,
and a text description field. Table 2 illustrates samples from permit data
in NYC. A job description summarizes the scope of work in text format,

including proposed actions and major building components affected. It
provides a rich bundle of information beyond the simple permit type
classification.

We collect property and tax lot information as ancillary data to
analyze construction activity in the context of the specific building and
parcel characteristics (Table 3). Many cities maintain a land use data-
base that contains property information with unique identifiers. In
NYC, the Department of City Planning (DCP) maintains the Primary
Land Use Tax Lot Output (PLUTO) database that includes lot area,
Borough-Block-Lot identifier (BBL), address, building gross floor area,
number of units, land use, tax assessment, and built year, among other
features (NYC Department of City Planning, 2016). We merge permit
data and PLUTO by BBL to identify the geo-location (latitude and
longitude) of construction activity. Building identification systems vary
by city; San Francisco adopted a similar system to NYC with unique
block-lot numbers, while Boston uses a land parcel identifier for each
tax lot. Despite these variations, ancillary data integration as a gen-
eralizable process only requires minor adjustments based on each city's
building identifier system.

4. Methodology

Topic modeling is an unsupervised machine learning technique for
analyzing collections of text such as news, literature, or documents
(DiMaggio, Nag, & Blei, 2013; Wallach, 2006; Wang & Blei, 2011;

Table 1
Building permit data summary.

City Buildingsa Permits Time Frequency Major permit types (sample size)

NYC 1,082,349 1,058,547 2000–2017 Daily Major alterationb (72908)
Minor alteration (816195), Minor work (228473)
New construction (19463), Demolition (21508)

Los Angeles 1,140,678 573,508 2013–2017 Weekly Alteration/ repairb (129051), Additionb (1929)
HVACb (63817), New (8506), Demolition (9137)
Grading (11186), Plumbing (123632)
Electrical (176314), Pool (1746)
Fire Sprinkler (27303), Sign (8606)

Chicago 820,606 534,187 2007–2017 Daily Renovation/alterationb (111825)
New construction (20783), Demolition (15786)
Electric wiring (193736), Easy permit (145286)
Elevator equipment (13123), Sign (33648)

Austin 585,916 433,482 2000–2017 Daily Remodelb (275029), Additionb (24578)
Addition/remodelb (27988), Repairb (60375)
Demolition (8010), Change outb (44067)
Interior demolition (1617)

San Francisco 177,023 198,900 2013–2017 Weekly Additions/ alterations/ repairsb (14663)
New construction (349), Construction-wood (950)
Over-the-counter permit (178844), Sign (3403)
Demolition (600), Grade/excavate (91)

Seattle 284,017 86,051 2006–2017 Daily Addition/ alterationb (59918)
Tenant improvement (3141)
New construction (14324)
Demolition (4759), Curb cut (541)

Boston 120,994 96,977 2009–2017 Daily Renovation-interiorb (31475), additionb (1656)
Change of occupancyb (5919), plumbing (38690)
Interior/exterior workb (19237)

a Based on building footprint shapefile.
b Data within these permit types as major alteration.

Table 2
Sample building alteration permit data in NYC.

BIN # BBL Permit type Time Cost ($) Description

4159xxx 4074020xxx Major alteration 2000/06 14,098 Legalize existing attic space as living space conjunction use with 1st fl.
Legalize existing cellar toilet and partitions for home occupation.

1018xxx 1008850xxx Major alteration 2001/01 414,779 Renovation of existing 4 story and cellar space, addition of new 3 story structure. Conversion of existing
commercial to new 12 unit resident and commercial building.

1012xxx 1006427xxx Major alteration 2001/06 34,156 Enlarge and convert existing sun room. Renovate existing kitchen and install new fixtures.

Notes: This table illustrates partial key information and does not include full permit data attributes.
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Wang, Bowers, & Fikis, 2017). Among current approaches, latent
Dirichlet allocation (LDA) is a popular topic modeling method that has
been widely used in categorization and recommendation systems (Blei,
Ng, & Jordan, 2003; Nguyen, Billingsley, Du, & Johnson, 2015). LDA is
a probabilistic graphical model that maps each text description into a
set of words and related probability of appearance based on the dic-
tionary created from a bag-of-words (Chuang, Manning, & Heer, 2012).
Previous research demonstrates that LDA can be an efficient method for
thematic discovery from a large collection of text data (Hong &
Davison, 2010). There are also a number of novel applications of LDA

using new data sources, such as classifying social media content (Martin
& Schuurman, 2017), detecting redundancy in clinical record notes
based on topic similarity (Cohen, Aviram, Elhadad, & Elhadad, 2014),
and extracting opinions from online reviews (Titov & McDonald, 2008).
The growth of user-generated spatiotemporal data has created in-
creasing interest in thematic patterns by place, activity, and event. Such
exploratory studies include identifying the function of locations based
on geo-tagged social media posts (Hu & Ester, 2013), extracting travel
activity from spatial patterns of topics (Hasan & Ukkusuri, 2014),
mapping the geography of public awareness (Ghosh & Guha, 2013), and
tracking email communications over time (Wang & McCallum, 2006).
Topic models can then be applied to news recommendations, web
personalization, and social media trend detection (Jordan & Mitchell,
2015; Mobasher, 2007; Wang & Blei, 2011).

Fig. 1 illustrates our data mining and knowledge discovery process.
The first step is data preparation to merge heterogeneous data sources
and to clean data by removing omitted values, dropping duplicates, and
correcting entry errors. Using the cleaned permit descriptions, a text
mining algorithm extracts information from unstructured texts to gen-
erate structured tabulated data. The second step uses tokenized text
data to build a topic model for thematic structure discovery. The final
step is to join the topic modeling output with building information to
discover spatial, temporal, and thematic patterns of building alteration
activity. We develop this pipeline in the Python environment with
multiple open-source packages.

4.1. Text mining

After data cleaning, text tokenization converts each description
from a sequence of words into a list independent of grammar or syntax
as a “bag-of-words” (Aldous, 1985). We use the Natural Language
Toolkit ®(NLTK) to remove unnecessary words including stop words,
punctuation, conjunctions, email addresses, and newline characters
(Leskovec, Rajaraman, & Ullman, 2014). We also remove frequently
mentioned words that do not inform alteration actions (Table 4). Based
on the distribution of permit scope of work description lengths (in
characters), we drop those with fewer than 23 characters (0.01 per-
centile). Using part-of-speech (POS) tagging, we lemmatize words to
their common base form and only keep nouns (e.g., fixture, cellar,
basement), verbs (e.g., move, install, renovate), and adjectives (e.g.,
commercial, horizontal, new). To visually inspect the relationship be-
tween words, we utilize truncated singular value decomposition (SVD)
for text vectorization and dimension reduction to map words in two-
dimensional space with x-y coordinates, so the distance indicates the
closeness by the chance of co-occurrence in the same description
(Deerwester et al., 1990).

Using the cleaned permit description data, we run a three-step text
mining algorithm for information extraction to identify top words, the
popularity change of words, and their co-appearance likelihood. First, a
list of unique words from all descriptions is collected. Using this list, the
algorithm iteratively searches through each description and appends
word-appearance as key-value pairs to a dictionary. For any word that
is mentioned multiple times within one description, it counts as one to
prevent over-counting. We identify the most popular words by sorting
total appearances in the final dictionary. Second, we run a similar
counting process, but with subsets in different years to generate year-
specific dictionaries of word appearances. A concatenation of all dic-
tionaries then ranks top words per year to track popularity change over
time. Finally, we use a conditional operator for each top word to gen-
erate binary variables to indicate if the description contains each top
word. Correlations of these binary variables provide a statistical mea-
sure of the likelihood of word co-appearance.

4.2. Topic modeling

We adopt LDA and its terminology to organize the information

Table 3
Common fields in building permit and ancillary data collected by cities.

Data Variable name Description

Permit data Building ID Unique building identifier
Lot ID Unique tax lot identifier
Cost Estimated cost
Permit type A categorical variable
Issued date A date-time variable for issuance date
Description Texts summarizing activities

Building & tax lot data Building ID Unique building identifier
Lot ID Unique tax lot identifier
built area Total gross floor area
Floors Number of floors
Units Total units
Age Building age by built year
Location Geo-location (latitude, longitude)
Land use Land use types or zoning class

Fig. 1. Data mining and knowledge discovery framework for building con-
struction activity.

Table 4
Frequent generic words in permit description.

Nouns Verbs

Program, code, file, permit Apply, issue, obtain, refer, relate
Dwell, type, job, drawing Comply, provide, use, show, plan
Application, project, certificate Build, submit, propose, indicate
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hierarchy as words, document, corpus, and topics (Blei et al., 2003). A
topic is an abstract subject according to the pattern of bags of words in
documents of a corpus. The topics are “latent” since there is an un-
known number of topics (Blei, 2012). In LDA, each topic represents a
probability distribution of words collected from the corpus, and a
document represents a probability distribution of topics (Steyvers &
Griffiths, 2007). LDA summarizes each topic as a N-dimension vector
with different probability-of-appearance for all unique words. Since the
identified topics are not explicit, LDA relies on salient words with the
highest probabilities to represent a semantic theme for each topic
group. These salient words are not mutually exclusive to a single topic.
The LDA model output quantifies the thematic composition of each
description with K different percentages that sum up to 1, representing
the proportions of all K topics in a description.

We use pyLDAvis® to inspect model outputs and identified topics
(Mabey, 2018; Rehurek, 2018; Rehurek & Sojka, 2011; Sievert &
Shirley, 2014). The LDA model objectively quantifies the thematic
composition of each description based on its topic likelihood. The re-
sults describe each description as an array of probabilistic measures
summarizing the proportion of different themes (Griffiths & Steyvers,
2004). If the thematic composition is not even, the primary theme is the
one with the highest probability. For example, if a permit contains 14%
topic 1, 59% topic 2, and 27% topic 3, we infer it is predominantly
related to topic 2. LDA is appropriate in this analysis since each al-
teration project may involve multiple, complementary activities. LDA
requires a predefined number of latent topic k, which is usually decided
based on domain knowledge, research objectives, or practical use cases
(Chang, Gerrish, Wang, Boyd-Graber, & Blei, 2009). We choose three

Fig. 2. (a) Citywide permits by construction type and (b) distribution of description length.

Table 5
Top salient words by topic.

Topic 1 (renovation) Topic 2 (addition) Topic 3 (change of use)

NYC Plumbing partition interior install fixture
renovation convert minor kitchen unit bathroom
change cellar room work plan mechanical stair
floor wall roof renovate remove basement boiler
finish construction exterior window plumb

Conversion propose extension rear addition
enlargement vertical horizontal family residence
building occupancy legalize add cellar plan attic
legalization build floor renovation construct
submit frame erect yard deck bedroom house
porch

Change convert building office store file cellar
amend residential floor legalize obtain basement
apartment commercial create construction
occupancy build extend single remove eat apt bulk
medical accessory conjunction road retail

Boston Kitchen floor bathroom wall paint renovate tile
cabinet electrical unit ceiling remove interior
remodel plumbing bath door room finish partition
drywall demo plaster light fixture carpet vanity
add hvac shower sprinkler retrofit soft change
ordinance maher compliance seismic upgrade
require wall revision

Window repair structural door change remove
exterior roof basement rear deck wall porch
damage stair vinyl trim water wood entry house
interior need building board paint insulation
frame concrete rebuild addition rear bathroom
deck remodel bedroom roof window stair
interior kitchen room

Office include sprinkler change interior renovate
occupancy permit restaurant egress unit alarm
room store retail finish minor build tenant
equipment upgrade apartment demolition mechanical
single addition residential scope lobby storage unit
ordinance addition legalize kitchen antenna ground
remove legalization residential ord nov

San Francisco Separate mandatory alarm construction include
building structural door exterior provide office
work retail finish service restaurant floor nfpa

Level garage road horizontal floor door bath
exterior renovate basement yard vertical remove
facade rehab ground finish wall

Propose convert adu comply storage floor cabinet
studio equipment accessory building roof add modify
wall maher build panel

Chicago Wall electrical room revision antenna equipment
remove door site kitchen bathroom window
addition repair exterior change roof previous
plumbing mechanical unit facility associate
fixture service structural masonry upgrade ceiling
parking

Single basement addition interior residence rear
deck frame residential stair eration unit garage
wood masonry brick erect roof open repair
renovation plumbing electrical exterior new
remodel violation car building dormer

Interior eration office self inspection conditional cert
tenant correction plumbing renovation electrical
floor change build retail audit suite partition
restaurant mechanical business occupancy certified
commercial propose certify demolition work include

Seattle Close incomplete expire accessory garage addition
alter seismic remove basement wall voluntary
parking family structure rear detach detached
foundation retrofit convert upgrade single retain
complete inspection final portion review expired

Addition interior deck basement inspection
repair window kitchen bathroom roof remodel
exterior main structural remove door stair wall
porch replace non damage unit floor replacement
bedroom kind enclose entry portion

Tenant improvement office occupy commercial
change interior retail restaurant portion structural
minor non suite antenna facility corner
communication service center equipment road
medical rooftop mechanical warehouse mix utility
include floor

Austin Elec residence service hvac new water exist
residential heater upgrade eud line repair service
watt story gas loop meter city plumbing refer
home electrical outside sf replace austin
commercial

Addition remodel bathroom kitchen add garage
room porch window residence wall bedroom
interior sf repair partial exterior door demo deck
remove plumbing rear roof create closet electrical
cover light wood

Remodel interior office change tenant create retail
finish duct work complete admnbus air heat central
service restaurant prof finish suite medical personal
unit residential apt administrative sale restroom
apartment building

Words in bold are relatively distinct in a topic group and consistent across different cities.
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topics to align with major alteration activities related to renovation,
change of use, and addition. A common practice is to start with a re-
latively smaller number of topics and then to inspect how salient words
appear across topics. To identify different themes, we summarize each
topic with salient words by ranking frequency of appearance. These top
salient words indicate a theme for each topic (Zhao et al., 2015). For
example, if a topic has top words “renovate”, “retrofit”, and “upgrade”,
its theme is more likely related to renovation.

Since a topic model quantifies each description with k probabilistic
measures as compositional data, we use Plotly® to generate ternary
plots based on each permit's topic probabilities as a visualization of its

thematic composition (Pawlowsky-Glahn, Egozcue, & Tolosana-
Delgado, 2015). A ternary plot graphically maps each data point in an
equilateral triangle according to its three variables v1, v2, v3 (Howarth,
1996). This method can extend for k topics by visualizing data into a k-1
simplex geometry with k vertices representing all topics. We rescale
topic probabilities πi1, πi2, and πi3 into a range between 0 and 255, such
that three probabilities can be mapped as a single value in an RGB (Red-
Green-Blue) color scheme.

Fig. 3. Simplex plots and maps visualize thematic patterns of building alterations.
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5. Results

5.1. Construction permit database

We build a comprehensive database of construction projects
(n=1,408,339) with common features, including permit identifier,
issuance date, permit type, estimated cost, latitude and longitude, as
well as the city-specific building identifier and parcel identifier. We
preserve the original permit typology defined in Table 1 and regroup
data into three categories as alteration, new construction, and demo-
lition. A cross-city comparison shows the relative proportions of the
three construction types (Fig. 2a). In Boston, alterations account for
more than 90% of total building permits issued. In contrast, Austin has
roughly equal percentages of new construction and renovation (40% of
total permits, respectively), indicating how these data can be used to
understand localized patterns of urban development and redevelop-
ment. The text length of permit descriptions ranges from 20 to 250
characters across the studied cities (Fig. 2b). Los Angeles only allows 75
characters as a maximum length, possibly due to its online filing system
settings; therefore, we do not include Los Angeles for topic modeling.
After removing the unnecessary space, conjunctions, and generic terms
defined in Table 4, we collect 54,023 unique words with 4,448,998
appearances in total. Top salient words include terms describing which
building components are involved (e.g. plumbing, fixture, frame,
water), where alteration work occurs (e.g. kitchen, bedroom, bathroom,
porch, garage), and what specific actions are proposed (e.g. convert,
renovate, legalize, replace, remodel, repair).

5.2. Alteration thematic discovery

Since LDA does not explicitly identify topics, top salient words for
each group indicate the underlying theme (Table 5). LDA models do not
assign each word exclusively to a single topic, so a word may appear in
more than one topic group. Assuming a topic model captures context
with salient words, it is necessary to interpret each word along with
other words within the same topic group. Some words (in bold) are
relatively distinct in a topic group and consistent across different cities,
indicating three unique thematic groups of alterations. Topic 1 relates
to renovation, which can include upgrading building systems, replacing
fixtures, or adding new equipment; Topic 2 relates to addition that ty-
pically involves changing the physical structure or bulk of the current
building, such as adding floors or expanding existing floor area; and
Topic 3 relates to change of use, such as converting office space to re-
sidential or adding a new food establishment use. We can describe an
alteration activity by the probabilistic distributions of these three major
alteration themes. This measure may better represent alteration activ-
ities in practice, since a project will often involve some aspects of re-
novation, addition, or change of use in varying proportions.

The visualizations below reveal spatial patterns of alteration activ-
ities and the influence of urban form (density, distance to urban center,
or street network), building typology (single-family, multifamily, or
condominiums), zoning regulations, and ownership types (Fig. 3). Since
not every city defines its central business district (CBD) with explicit
boundaries, we mark landmarks that commonly define the city center
(indicated as stars in Fig. 3). These landmark buildings are: the Empire
State Building (NYC), Government Center (Boston), Transamerica Pyr-
amid (San Francisco), Willis Tower (Chicago), Columbia Center

Fig. 4. Time-series of (a) alteration growth, (b) total alteration spending growth, (c) monthly median cost per project in six cities, and (d) monthly average
renovation topic probability.
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(Seattle), and Texas Capitol (Austin). In Boston, Chicago, and Seattle,
there is a clear thematic pattern associated with the distance to the
CBD. This pattern indicates more renovation-dominated activity in the
urban center, possibly due to the older, existing building stock and
higher property values. Given the multitude of factors influencing the
location and extent of alteration activity, the spatial representations are
intended to provide only illustrations of the geographic distribution of
thematic groups.

Time-series analysis reveals the long-term changes in construction
activities in different cities. Fig. 4a shows the quarterly percentage
change of building alteration permits issued. Austin, Seattle, Boston,
and San Francisco experienced a positive change over time, indicating
sustained growth of alteration activities. The alteration growth rate in
Austin peaked in 2010 and then decreased, following a similar trend as
in Boston and San Francisco. NYC, however, has a negative change rate
since 2007 that implies decreasing alteration activity over time. This
trend is possibly due to the impact of the subprime mortgage crisis and
resulting economic recession beginning at the end of 2007. Fig. 4b
shows the percentage change of total alteration spending as a proxy for
overall alteration intensity, accounting for both permit volume and
estimated cost. Contrary to Fig. 4a, total spending in NYC returned to
positive growth from 2012 to 2016, possibly due to the increased
average construction cost per project, while remaining relatively con-
stant or declining in the other cities. Fig. 4c measures median spending
per project as a proxy for construction costs in different cities. An in-
creasing cost-per-project can be the result of higher material costs,
rising labor costs, longer project duration, and larger scope of work.
While a majority of cities experienced relatively constant per project
costs, NYC witnessed an approximately five-fold increase between 2001
and 2017. Fig. 4d shows the monthly average renovation probability
per project, which is the average likelihood of renovation compared to
all other alteration types. The overall average topic probabilities

indicate the prevalence of renovation actions involved in building al-
terations (Austin>Boston>NYC>Chicago> San Francisco>
Seattle) according to topic modeling output. The results indicate that
retrofitting probability keeps stable with seasonal fluctuations in most
cities, while San Francisco and Boston demonstrate a decreasing trend
in renovation probability per project.

The text mining process computes the annual total appearances per
word to rank topic salient words as an indicator of topic changes over
time. Using NYC as an example, Fig. 5 shows the prevalence of certain
words changed dramatically from 2000 to 2017. While “remodel” is
stable as the most popular term, “extension”, “convert”, and “legalize”
have gained popularity as top salient words. There is also an increasing
incidence of “boiler”, perhaps reflecting the impact of a recent local law
requiring the replacement of older, heavy fuel oil boilers.

5.3. Validation

Topic models generate probabilistic output that estimates the like-
lihood of alteration decisions. This provides insights for cities, like NYC,
where the permit typology is not defined by alteration actions. While
NYC does not define permit types as “renovation” or “addition”, it does
provide predefined check-boxes for applicants to indicate specific ac-
tions (e.g., boiler, plumbing, horizontal enlargement) involved in the
proposed alteration. Our model results reveal how a specific decision is
associated with different topic likelihood distributions (Fig. 6). The
results show that alterations associated with mechanical and boilers
have a higher topic likelihood of renovation. In contrast, alterations
with enlargement have a higher topic likelihood of addition. In fact,
horizontal enlargement and vertical enlargement are not commonly
found in the same permit application, evidenced by the moderate cor-
relation (corr. = 0.3) between the respective check-box binary vari-
ables. The similar topic likelihood distributions indicate equivalent

Fig. 5. Annual topic salient words ranking by appearance, New York City.
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likelihoods of renovation, addition, and change of use for projects with
either horizontal or vertical enlargement.

For cities where permit categories are based on specific actions, the
descriptive summary of topic likelihood per permit category provides a
validation of topic modeling output. Table 6 demonstrates different
topic compositions based on the originally defined alteration categories
in Boston and Austin. Results reveal a relationship between the original
category selection and the dominating topic (e.g. category “Renova-
tions-Interior” contains 56.3% textual content related to renovation).
The topic modeling outputs can be used to identify construction ac-
tivities that initially selected other categories, but contain a high like-
lihood of renovation work.

6. Discussion and implications

Topic modeling provides new insights by quantifying the composi-
tion of construction activity based on the thematic structure of permit

descriptions. Conventional categorization has an explicit limitation
since it allocates each permit to a single group. In reality, these project
types are not mutually exclusive. For instance addition (changing the
structure of the building by adding rooms, removing walls, or ex-
panding the square footage) and renovation (upgrading building sys-
tems and home improvement) work may occur concurrently in a single
project. For such reasons, few cities provide clear definitions for each
building alteration category. Table 7 summarizes the terminology used
to describe building alteration activity and how these vary by source.
This analysis provides two key insights. First, currently there is no
universal definition for building alteration, and its explanation varies
with commercial, administrative, and legal context. Second, it may be
impractical to create a rigid classification system for alteration activity,
since alteration projects often involve multiple intersecting and inter-
related actions. Therefore, a topic model has the unique benefit of
quantifying each permit description based on its composition of un-
derlying topics, which enables a dynamic categorization for pattern
discovery.

Admittedly, this study has several limitations to be addressed in
future work. First, since LDA is a unsupervised generative probabilistic
approach, the number of latent topics k needs to be predefined.
Although a statistically-best k derives from optimizing topic coherence
values, this approach often generates an excessive number of topics that
are too complex in practice. On the other hand, a smaller k may lead to
a model that is too coarse to identify distinct topics (Zhao et al., 2015).
Since this study aims to objectively decompose each description by a
fixed number of thematic groups, we argue that topic distinctiveness is
relative and a smaller k yields an appropriate balance between practical
application and thematic complexity for output interpretation and vi-
sualization. Second, LDA topic modeling maps each description with k
topic probabilities, but it does not capture correlation among topics. To
address the above limitations, it is possible to optimize k based on a

Fig. 6. Topic likelihood distributions by alteration decisions and check-box selection, New York City.

Table 6
Building alteration topic composition in Boston and Austin.

City Average topic likelihood
Original category

Renovation Addition Change of use

Boston Renovations-interior 56.3% 26.0% 17.7%
Addition 16.7% 37.8% 45.5%
Interior/exterior work 25.0% 56.1% 18.9%
Change occupancy 13.2% 15.6% 71.2%

Austin Repair 53.9% 36.3% 9.8%
Change out 60.2% 8.0% 31.8%
Remodel 29.0% 23.8% 47.3%
Addition 11.1% 80.8% 8.1%
Addition and remodel 7.5% 84.7% 7.8%
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topic tree with hierarchical relationships using Bayesian non-para-
metric models (Blei, 2012). Third, this study assumes that text de-
scriptions are independent of time and location, which is a common
assumption in topic modeling. However, recent studies, and our own
results, indicate that topics may shift along time, which ultimately re-
quires a “Topic-over-Time” (ToT) model that integrates both text and
time into a generative process for more precise topic classification
(Dubey, Hefny, Williamson, & Xing, 2013). Finally, permit job de-
scriptions are relatively short compared to other text data, such as news
articles, email messages, or customer review comments. Short de-
scriptions create sparsity in the documents, which can constrain the
performance of topic modeling. In this study, we deliberately drop the
case of Los Angeles due to its very short permit description (with an
average length of 60 characters compared to 120 in other cities). In-
terestingly, Twitter data shares similar characteristics in that it has
limited text length (no more 140 characters before 2017 and now ex-
panded to 280) (Naveed, Gottron, Kunegis, & Alhadi, 2011). Recent
studies investigate various techniques to improve topic models for short
text data, by training a model on aggregated documents (Hong &
Davison, 2010) or clustering distributed representations of words
(Sridhar, 2015). Therefore, future work will explore various NLP
techniques to improve topic modeling for sparse documents.

Since identifying the theme for each topic relies on subjective
human interpretations, it requires domain knowledge from the building
and construction industry. Previous research indicates that domain
knowledge related to the likelihoods of word co-appearance can be used
as a prior to improve LDA models (Andrzejewski, Zhu, & Craven, 2009).
Therefore, we plan to invite a group of experts, including DOB officials,
architects, and contractors to further validate the topic model and im-
prove our knowledge discovery framework.

In practice, this study contributes to data-driven methods for cities
to identify the scope and spatiotemporal patterns of alteration activity
from building permit records. As alteration has surpassed new con-
struction as the dominant development activity in most developed
countries, cities need better insight and understanding of alteration
activities, particularly considering the impact of existing buildings on
global carbon emissions, public health, and economic growth
(Bloomberg & Pope, 2017; Kontokosta, 2016; Sartori et al., 2008). Our
results demonstrate the potential of using NLP to develop a general-
izable and flexible algorithm to measure alteration decisions. This work

provides the methodological foundations for near-real-time construc-
tion activity analytics. Our model is built upon extensive data proces-
sing and exploratory analysis to identify common variables across all
seven studied cities. Although this analytical pipeline creates a gen-
eralizable process, we do not suggest that machine learning should
replace current permit categorization. Instead, we provide a com-
plementary approach to classify alteration activity while preserving
existing typologies and recognizing the implications of each city's legal
regularly, administrative, and technical context.

7. Conclusion

Our exploratory analysis attempts to identify the thematic structure
of building alteration activities using construction permit data and
scope of work descriptions. We develop a generalizable and re-
producible approach to extract common variables and process text data
from digital permit records in multiple cities. Ultimately, this study
contributes to the growing literature on urban data science and artifi-
cial intelligence in city management. By introducing a novel application
of NLP to an under-utilized urban data source, we aim to support data-
driven decision-making through high-resolution modeling of the dy-
namics of the built environment.

This study demonstrates the potential of latent topic modeling for
building alteration activities based on permit descriptions. Topic
modeling enables a probabilistic measure of complex building altera-
tion decisions, which can enable future recommendation and analy-
ticals systems. We introduce a generalizable analytical pipeline to seven
major cities in the U.S. to test the feasibility and value of analyzing
building alteration permit data. The results show the power of data
mining and modeling using text-rich alteration descriptions along with
ancillary building and land parcel information. This approach may as-
sist cities to better monitor building alteration activity, analyze spa-
tiotemporal patterns, and more fully understand the economic, social,
and environmental implications of changes to the urban built en-
vironment.

Acknowledgments

This material is based upon work supported by the National Science
Foundation, Grant #1653772.

Table 7
Building alteration terminology defined by various sources.

Terminology Definition Source

Renovation Renovation may involve remodeling, renewal of an outdated or damaged structure or associated equipment and
materials, or partial demolition and any reconfiguration or replacement of interior partitions.

NYC DOB

A renovation means you're updating an existing structure with cosmetic changes. Realtor.com
Renovating means to make new again. An out-of-date kitchen, updated with new finishes and fixtures, has been
renovated. Replacing old windows with new ones is a renovation project.

Zillow.com

This can include everything from restoring an older home to a dated kitchen renovation or garage remodel to a
dreary bathroom.

homeadvisor.com

Extensive alteration work in addition to work on the exterior shell of the building and/or primary structural
components and/or the core and peripheral MEP and service systems and/or site work.

U.S. Green Building Council

Addition & remodel An extension or modification to an existing house, which may include a second-story addition, dormer, footprint
expansion, interior reconfiguration, or house lift.

Seattle Dept. of Construction &
Inspections

Addition This includes adding new rooms or a sunroom to a home, but it also encompasses the construction of patios, porches
and decks as well, depending on local codes. Enclosing a garage may be considered an addition because it would
increase the heated space of the home.

homeadvisor.com

Remodeling A remodel involves changing the structure through demolition and construction. Realtor.com
Broadly describes any kind of change to an existing house, including change the character of a house or a portion of
a house.

Zillow.com

An interior remodel fixes or updates the appearance or use of an existing home without adding or removing square
footage.

City of Austin

Structural changes Structural changes generally involve alterations to the bones of the structure, including the addition or removal of
walls or finishing an attic or basement space.

homeadvisor.com

Conversion Converting an attached porch, carport or garage into interior living space. City of Austin
Change use If your new business is different than the former business that was in the space for example, you want to open a

retail store in a space that was previously an office.
Seattle Dept. of Construction &
Inspections
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