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Abstract

Introduction : Place names, a common form of embedded geographic information in natural language texts, are used
in various resources such as social media, news stories, historical archives, and property listings. The names are pre-
sented in different forms like business addresses, hashtags, or simple texts. Providing up-to-date data, carrying hu-
man experience and cognition, and containing types of geospatial information only available in textual resources
make these resources precious for geospatial analyses. Therefore, mapping place names to their footprints is an es-
sential task. One of the solutions for this task is using a digital gazetteer, a dictionary of place names. These precious
resources enable Geographic Information Retrieval (GIR) systems to detect place names (geotagging) and convert
the candidate ones to their geographic coordinates (geocoding) . To fulfill ever-increasing geospatial demands, espe-

cially in GIR and LBSs, digital gazetteers should be enriched.

Materials and Methods : This paper presents a three-tier framework to extract urban geographic information from
geotagged housing listings. The first tier is devoted to harvesting main street and neighborhood place names, which
the authors usually write without any linguistic clue due to their well-knownness. Using a random forest model based
on a set of spatial measures for each extracted n-gram from the textual content of real estate advertisements enables
us to identify the main streets and neighborhoods. The first tier commences with the extraction of n-grams from the
saved advertisements. After cleaning and standardizing the n-gram set, spatial clustering is applied, considering that
each spatial n-gram can refer to multiple regions of the city. The defined spatial predictors are computed for each
not-clustered n-gram or split n-gram from its generic cluster. Subsequently, a random forest model identifies the
neighborhood and the main street n-grams. We developed a rule-based model to extract all urban place names in the
second tier and a linguistic pattern-based model to extract spatial relationships in the third tier. This research focused

on the Persian language and Tehran, Mashhad, Isfahan, and Shiraz metropolises from Iran as study regions.
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Results and Discussion : The results are encouraging for the first tier, specifically achieving approximately 0.8 and
0.7, respectively, for recall and precision in predicting another metropolis’s main streets and neighborhoods. How-
ever, differences in population levels and urban development patterns decreased the performance in identifying a
neighborhood as a main street or vice versa. For the second tier, precision and recall are near 0.7. Although these
results are notable compared to the performance of named entity recognition models in extracting urban place names
which are often fine-grained, errors in this layer have led to reduced precision and recall in the third layer, spatial

relation extraction.

Conclusion : Gazetteers are important geospatial resources in GIR tasks, especially in geoparsing. This paper pre-
sented a framework for extracting urban geographic information from online property listings. Thisgeographic in-
formation includes the place names and the spatial relationships to enrich current gazetteers. Since main streets and
neighborhoods as a part of place names are well-known, people mainly use them without any clue on property listing
websites. Harvesting these place names can be done using a machine learning-based model. The next step is extract-
ing all place names written in the property advertisement posts. To realize that, we developed a rule-based model to
extract potential place names from the posts geographically located in the neighborhood/main street place name’s
convex-hull and remove the wrong identified cases. In thethird step; we extracted spatial relationships between the
place names extracted from each post text based on linguistic patterns. The framework has provided good results in
harvesting main streets and neighborhoods and extracting placénames. Extracting spatial relationships between the

place names needs further work.

Keywords : gazetteer enrichment; spatial relationship extraction; geographic information retrieval; real estate ad-

vertisement; random forest



S ST 3 (Ll yr SleMbl gl Sl b (5 i saobiole (6 5lu o (5l Sy a2yl SO
ol

et Jl el e ol s
"u‘)'?r‘ s‘_,’.wsjo U"“U‘)‘V‘:" 4>|9> ‘5&.\».&4 ol&isls Ld)bfw ww IRAGA R «(GIS) &S:Lio e GLQW 09).?
ol

alesheikh@kntu.ac.ir : ©llKe s osge oty g*

od.s.i.?:-

Oz (il wlie o (oxmb (b gte ;o iy (LBl Sledbl JSol o s, 5l (S plgie @ leplol> taondo
S s S55UsS (o dB o laels cnl iy oo 54 Sl slo 45T 5 (B Slasrigl ls ( slazz! glaals,
10,050 g ¢ Slasl clids g a4y yo5 38,5508 daosls og sy (gl oags Cul Kae ool (e b« Ktid ¢ SgcanS
233 2o Sl (i (gla el gl lin ol caiind S92 90 ke ailia 530 o JISe DL 51 pols £l
51 oolizal gzge sllSoly 3l S sl (53955 pol S o Bl Comige 4 bylSe b S 0 el 5 el
bl SleSlbl sl slawlel 4y dias,| golie ! Akl (Ko b 51 1 Ki )5 gbly 10 a5 el oy sloaolisls
595339y oo )8 4 azgs b aies oo |y bl Blawss & oais Hlolis oylse Lo ¢ aplol>  plolis ISLI(GIR)

Db (g3lw s Wb 0By caslnl> ((BBS) S it Sloas 9 GIR (o 05594 ¢ S

e N85 o8 Vel sl a5l 650t ildlyim S il gl aas gzl llie ol labs, 5 Slgo
Jdoas o 5yls ol boalows § Lol lelapblis dhibyspe oSl sbool zlactl 4 Conso 4 .m0 @yl 1, wlows
(e ol Sz Jae S 5 oolil Lisgdige g Bings bausgs ) ipms g (9t Ygame (Lo, oudbars i
) el 5 Lol slaplls ol oo o gtST e glyime 5) oniiglzaal o5 0] o gl S glajlins 5 (lasgame
i CealipSan w5 e aSlardags L ogi oo 5Ll onin 5105 (sla ST 51 Lap Sl @liieinl b a ol 2o)8 ololiss
5o sllixe 93,5 o ol b S ) acgazme g5los,oilins] § 63loST 5l s e (coisaigs (S o,Lil gt 5l agb
alone glap S lggloli glp  Solas S5z Juo S s - 20980 o0 drmline 0,50 ol QLulids aligs 50 (gl 0abochy 56
59 9 48L ang ¢ B (slopl den gl iFuial (gl aelss 1 Siee Joe Supgd Y 10 09 h e aid) S S 4 Lol Ll
B0 5 (o) (L3 2 Ghogh ool sl o (b (S L) El el sl (S slasSl (e Je SG epga Y

3yl 35503 3l g Gledol cgptie (03
5 kol SLbls (i 0 <85 5 Lk Gl waia IV g TA S0 & (oles b sl 4 (6l il 1o g gl
Sbls 4 aS cawl sud Eaels (g o drwgs eS| g Comaz o Sglas (> ol bl isucolo, ,508 6 i IS )0 aalse
ot soplle Lol ) gl 2l Canys oty i o,lgo 0lass o puSally g dlima gt 4y ol sloLls ololis
30 ol glrosgzge olulils clo Jow o Sloas b anslio jo polis ol diz 12 .l oads S <7V 4 Soop bl g cdo


mailto:alesheikh@kntu.ac.ir

5 oo SialS Corge 4l 5o olal gla slulis Js Coul azgs Bl ciins ailog, el a ¢ 508 baplols 2 3el
el ol S Lanly) gl el (i pga 4 3 (L350

oLty Sl al S o ) SOl sl 45T 51 (5,25 il SleMbl Sl gl gz )l g ol 506 5 A
Ol slapl 5l iz leale 5 Lol lap s o Ll 1 el 35250 slaasbilz (g3l 8 sl S50 Ll 5 Laplol
Iy Lapls ol 3l oS o oolitul She 5T glocalurg 1o (50, g e |, b bogas o3l s sabasslis
ool G5 gl Cesln 45T (ke o onbanig o Se slapl dan gzl Sl (gom ol5 ol plowl _mile g w5l Joe b o3 oo
s3g95e ;5 Lo sldliiz Candse 4 il 05T 51 1) Loizme slapluls 15 ol 00y 0015 dangs aslgd i Joo G ccban
sloplol o (S Laily, o plS 50 .08 B> 1) e jdb3)lge g 00,8 g hduinl woyls jl B ale b (ol (LlSeb azeo s
cshol lopbls il 1o as o, Shas syl it gl Sbj sbogS 5l ooliul b 65T @imiasl ons olulis
1S g i dngs 4 5L Se Laslg) 3 lel el o0l (i lSe slaals g cLnalsea

ol gla i Jow el gl 05T ¢ 150 ledbol sk ¢ Sl Ll 2l sl canlisl (g5be 26 sLolgands



1. Introduction

Place names, a common form of embedded geographic information in natural language texts, are used in various re-
sources such as social media, news stories, historical archives, and property listings. The names are presented in dif-
ferent forms like business addresses, hashtags, or simple texts (Grace, 2021; Y. Hu, Mao, & McKenzie, 2019;
Middleton & Krivcovs, 2016; Won, Murrieta-Flores, & Martins, 2018; W. Zhang & Gelernter, 2014). Providing up-
to-date data, carrying human experience and cognition, and containing types of geospatial information only available
in textual resources make these resources precious for geospatial analyses (Y. Hu & Adams, 2021). Therefore, map-
ping place names to their footprints is an essential task. One of the solutions for this task is using a digital gazetteer, a
dictionary of place names. Digital gazetteers are the bridge between human-oriented place names and machine-ori-
ented coordinates. These precious resources enable Geographic Information Retrieval (GIR) systems to detect place
names (geotagging) and convert the candidate ones to their geographic coordinates (geocoding) (Goodchild & Hill,
2008; Hill, 2000). These two tasks together form the geoparsing stage in a GIR process (Gritta, Pilehvar,
Limsopatham, & Collier, 2018; Karimzadeh, Pezanowski, MacEachren, & Wallgriin, 2019; Leppamaki, Toivonen,
& Hiippala, 2024; Middleton, Kordopatis-Zilos, Papadopoulos, & Kompatsiaris, 2018). In addition to GIR-related
applications like geo-enriched search engines (Acheson & Purves, 2021; Mai et al., 2020), geoparsing also is applied
in extracting events (Dewandaru, Widyantoro, & Akbar, 2020), including hazard (Avvenuti, Cresci, Del Vigna,
Fagni, & Tesconi, 2018; de Bruijn et al., 2019; Grace,.2021; Suwailehj Elsayed, Imran, & Sajjad, 2022), disease
(Gritta, 2019; Surano, Porfiri, & Rizzo, 2022), crime (Chopin & Caneppele, 2019; Haberman, Hatten, Carter, & Piza,
2021), and traffic (Idakwo, Adekanmbi, Soronnadi, & David, 2025; Mehta et al., 2023; Suat-Rojas, Gutierrez-
Osorio, & Pedraza, 2022) events. Gazetteers can also be used in transforming geographic coordinates to an address
or retrieving a list of nearby places. This task, which is known as reverse geocoding (McKenzie & Janowicz, 2015;
Sabzali Yameqani & Alesheikh, 2025; Yameqani & Alesheikh, 2019), is applied in Location-Based Services (LBSs)
(Deidda, Pala, & Vacca, 2013; Etemad et al., 2023), mapping and navigation tools (E. M. Delmelle, Marsh, Dony, &
Delamater, 2021; Nallur, Elgammal, & Clarke, 2015), and discrete spatial analysis (D. Li, Cova, & Dennison, 2017;
Qazi, Imran, & Ofli, 2020). To fulfill ever-increasing geospatial demands, especially in GIR and LBSs, digital gaz-

etteers should be enriched.

Gazetteer enrichment strategies can be grouped into six categories : (1) place name harvesting and updating the gaz-
etteer with new entries (Y. Hu et al., 2019); (2) developing a semantic structure for the gazetteer (Cardoso, Amanqui,
Serique, dos Santos, & Moreira, 2016; Janowicz & Kef3ler, 2008; Machado, de Alencar, de Oliveira Campos, &
Davis, 2011; Moura, Davis Jr, & Fonseca, 2017); (3) improving spatial dimension (Acheson, De Sabbata, & Purves,
2017; Adams, 2017; Jones, Purves, Clough, & Joho, 2008); (4) removing duplicates (Hastings & Hill, 2002; Martins,
2011); (5) making it temporal (Grossner, Janowicz, & Kef3ler, 2016; Manguinhas, Martins, Borbinha, & Siabato



Vaca, 2009), and (6) supporting multilingualism (Laurini, 2015). Our research study follows the two first strategies

to enrich urban gazetteers.

For collecting place names, one approach is using the Volunteered Geographic Information (VGI) published on web-
sites like OpenStreetMap and Wikimapia (De Longueville, Ostlander, & Keskitalo, 2010; Oliveira, Campelo,
Baptista, & Bertolotto, 2016) or customized websites such as KiKojas' and YourPlace names? (Twaroch & Jones,
2010). Another approach is information exploitation from unstructured texts published on social media or the web
(Gao, Li, Li, Janowicz, & Zhang, 2017; Lim, Nitta, Nakamura, & Babaguchi, 2019; Ying Zhang et al., 2019). The
common aim of the two approaches is to enable digital gazetteers to play a desirable role in people-oriented applica-
tions such as disaster management (Cheng, Zhang, Su, Gao, & Shen, 2019; Y. Hu & Wang, 2020; Yang, Yu, Qin, Lu,
& Yang, 2019; T. Zhang, Shen, Cheng, Su, & Zhang, 2021), tourism (Haris & Gan, 2017; Y. Hu et al., 2015), and
decision-making processes (Huck, Whyatt, & Coulton, 2014; Kef3ler, Janowicz, & Bishr, 2009; Merschdorf &
Blaschke, 2018). While the first approach has the edge in spatial accuracy, the-latter has the advantage in thematic
accuracy. Therefore, the two approaches complement each other (Bahrehdar, Adams, & Purves, 2020; X. Chen, Vo,
Wang, & Wang, 2018; X. Hu et al., 2022). Regarding the second enrichment strategy, a gazetteer with a semantic
structure has an ontology that makes it intractable with other geospatial resources (Liu et al., 2009). Moreover, it
contains semantic relationships between place names to answer semantics queries (KefSler, Janowicz, et al., 2009).
These semantic relationships canbe divided into spatial (topological, metric, and directional) and aspatial (adminis-

trative hierarchy or town twinning).

Real estate advertising websites are informative for urban=level projects than other unstructured text resources like
social media or travel blogs. In addition'to property-related information, the contributors often refer to the locality,
nearby facilities, and points.of interest (POls) visible from the property (Abbasi & Alesheikh, 2023; Blanchi, Fusco,
Emsellem, & Cadorel, 2022; McKenzie, Liu, Hu, & Lee, 2018). Consequently, housing listings illuminate how citi-
zens sense and experience the urban environment. Out of many urban entities, neighborhoods and main streets, due
to their individual social, economic, and demographic characteristics, are essential for real estate market participants
(E. C. Delmelle & Nilsson, 2021; Levy & Lee, 2011; Oto-Peralias, 2018; Samarin & Sharma, 2020; Talen & Jeong,
2019; Tewari & Beynon, 2018). Accordingly, property website users commonly mention them. However, the listing

authors use these two urban place types without linguistic clues because of their well-knownness.

With more than one hundred million speakers and the official language of Iran, Persian is a branch of the Indo-Iranian
group of Indo-European languages (Windfuhr, 2009). Although this language was the fifth most used on the Web by
2021 (W3Techs, 2021), a few works have been done in studying, creating tagged corpora (Shahshahani, Mohseni,

Uhttps ://www kikojas.com

2 https://www.yourplace names.com
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Shakery, & Faili, 2018), and developing natural language processing tools (Asgari-Bidhendi, Janfada, Roshani
Talab, & Minaei-Bidgoli, 2021; Poostchi, Borzeshi, Abdous, & Piccardi, 2016; Taher, Hoseini, & Shamsfard, 2020).
A notable part of this issue refers to the properties of the language, such as free word order, having different forms of
writing, and issues related to Arabic-like scripting (Ghayoomi & Momtazi, 2009; M. Shamsfard, 2011). Addition-
ally, most researchers have only paid attention to formal Persian. Habib noted that recognizing nouns and pronouns,
finding word boundaries, and Part Of Speech (POS) tagging and stemming are still unsolved (Habib, 2021). Although
there is remarkable research on harvesting geospatial information from unstructured English texts (X. Huetal., 2022;
Y. Hu, 2018; Stock et al., 2022), there is very little research on Persian. In addition to the linguisticdifferences, dif-
ferent addressing and naming place mechanisms between Iran’s study region and English-speaking countries make it

necessary to review and develop the current methods appropriately.

To address the abovementioned issues, we propose a hybrid-driven framework to extract urban geospatial infor-
mation from online real estate advertisement websites. Such information can be applied in gazetteer enrichment,
mostly for regions with limited VGI. The contributions of this work are fourfold : (1) we extended a machine-learning
method that was introduced by (McKenzie et al., 2018) to identify main street names in addition to neighborhood
names from housing listings; (2) we developed a rule-based approach to extract urban place names from the listings;
(3) we proposed a novel pattern-based method to infer spatial relationships between the identified place names; (4)

our work focused on Persian texts despite the most of related stidies which have addressed to English written texts.

2. Related Work

This section addresses related work in two subsections : Harvesting place names and extracting spatial relationships.

Each subsection ends by highlighting the contribution of this work to the state of the art.

2.1. Haryesting Place Names

The resources utilized in the state-of-the-art studies can be divided into three groups : (1) social media platforms, (2)

web search engines, and (3) real estate online listing websites.

In collecting place names from social media, some studies have focused on Twitter as a microblogging service (Gao,
Janowicz, et al., 2017; Gao, Li, etal.,2017; Lim et al., 2019; Yang et al., 2019), while other studies have focused on
picture-oriented social networks such as Panoramio (Popescu, Grefenstette, & Moé¢ llic, 2008) and Flickr (Y. Hu et
al., 2015; Kef3ler, Maué , Heuer, & Bartoschek, 2009; Rattenbury, Good, & Naaman, 2007). Like other microblog-
ging social networks and news websites (Imani, Chandra, Ma, Khan, & Thuraisingham, 2017; Wang & Stewart,
2015), Twitter provides near real-time information suitable for extracting event-affected places (e.g., disaster man-

agement). On the other hand, picture-oriented social networks are ideal for harvesting touristic place names.



Utilizing web search engines is another way that attracted researchers’ attention. Brindley et al. (2018) leveraged
Bing API to extract neighborhood names from address texts (Brindley, Goulding, & Wilson, 2018). Their study fo-
cuses on the United Kingdom (UK). It uses the Ordnance Survey’s Code-Point dataset to delineate neighborhoods
interleaved in addresses between street and city names. Similarly, Zhang et al. (2019) proposed a framework for
mining urban place names using the Google search engine from web pages containing addresses by focusing on
American addressing styles. They used a machine learning-based classifier to filter out housing listings as noisy web
pages according to their considered place types (Ying Zhang et al., 2019). Behind the scenes, what enables these

methodologies is the standard addressing systems.

From the third group, McKenzie et al. (2018) presented a data-driven method to identify neighborhoods by defining
a set of spatial statistics for n-grams extracted from the rental listing description and using random forest as the clas-
sifier model (McKenzie et al., 2018). Hu et al. (2019) suggested a framework to harvest place names using Named
Entity Recognition (NER) tools and spatial clustering to remove wrong-labeled candidates (Y. Hu et al., 2019).
These last two are similar to our work from data resource and methodology perspectives. However, there are differ-
ences in the language and the study regions between our work and those studies. While both are developed based on
English-written housing listings of several cities in Canada and the'U.S.A., we considered Persian and Iran’s four
most populated metropolises. These differences cover all language-related and urban development issues. In addition
to neighborhoods, we have paid attention to gathering main streets. Concerning existing homonym sub-urban re-
gions, we considered spatial clustering before identifying neighborhood and main street n-grams. Lastly, in addition
to collecting urban place names from the listings, our proposed framework also extracts implicit spatial relationships

between the place names.

2.2. Extracting spatial relationships

Spatial relationship extractioniin the literature is studied for different applications. Generally, spatial relationships
are defined between two things, whether non-geographic (Kordjamshidi, Van Otterlo, & Moens, 2011) or geographic
entities. From the geographic point of view, some studies have used relative expressions to provide a better under-
standing of vague places (Yu Zhang, Wu, Wang, & Su, 2017) or to delineate the referred location with respect to the
mentioned place name(s) (Cadorel, Blanchi, & Tettamanzi, 2021; Stock et al., 2022). Some studies modeled the
meaning of spatial relational expressions using query tools (Derungs & Purves, 2016; Wallgrti n, Klippel, & Baldwin,
2014). Another group has focused on creating a place graph from place descriptions in which places would be nodes
and the spatial relationships as edges (H. Chen, Vasardani, Winter, & Tomko, 2018; Kim, Vasardani, & Winter,
2015). Recent work by Zhang et al. (2023) has suggested a graph-based model for representing addresses that can be
applied for address matching and toponym resolution (C. Zhang, He, Guo, & Ma, 2023).



Extracting spatial relationships from place descriptions is mainly realized by applying sentence-level natural lan-
guage processing (NLP). In other words, the relationship between the locatum (also known as figure) and the relatum
(also known as ground) is extracted according to their syntactic roles (J. Li, Liu, & Xiong, 2017; Stock & Yousaf,
2018). For example, in the sentence New York is the most populous city in the United States’, the locatum is ‘New
York’, which the description is written about it; the relatum is ‘United States’, a reference to ‘New York’; and the spatial
relationship is ‘inside’ concerning the preposition term ‘in’ before the relatum. On the other hand, the relationships can
be extracted from descriptive addresses at the phrase level. Although applying a regular parsing method is more
straightforward for standard addresses, descriptive addresses enable extracting more relationships, yet it needs fur-
ther processes (Cruz, Vanneschi, Painho, & Rita, 2021; Javidaneh, Karimipour, & Alinaghi, 2020). While a notable
number of studies have paid attention to inherent spatial relationships in addresses, most.are limited to improving
address-based geocoding systems (L. Li, Wang, He, & Zhang, 2018; Tian etal., 2016): Our work is based on descrip-
tive addressing frequently used in online property listings. The framework combines place description and addressing

aspects for gathering spatial relationships between the identified urban place names.

3. Materials and Methods

The methodology follows a structured three-tiered approachto processing geotagged housing listings, as illustrated
in Figure 1. The duplicates and those outside the city's administrative boundaries are discarded. The first tier involves
extracting neighborhood and main street names, often used without linguistic clues due to their commonness. Addi-
tionally, this tier enables us to distinguish between homonym place names in the second tier by assigning the listings
to the most related neighborhood or main street place names by respecting the convex hulls. The first tier commences
with the extraction of n-grams from the saved advertisements. After cleaning and standardizing the n-gram set, spa-
tial clustering is applied, considering that each spatial n-gram can refer to multiple regions of the city. The defined
spatial predictors are computed for each not-clustered n-gram or split n-gram from its generic cluster. Subsequently,
a random forest model identifies the neighborhood and the main street n-grams. In the second tier, a rule-based ap-
proach extracts all remaining urban place names written in listings. Finally, in the third tier, spatial relationships be-

tween these place names are extracted based on defined linguistic patterns.
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Figure 1: The flowchartof the developed framework.

3.1. Study area and data used

We chose four Iranian metropolises, namely Tehran, Mashhad, Isfahan, and Shiraz, as our study areas. Tehran, the
capital, is the most populous metropolis, with over 9 million people. Mashhad, with more than 3 million, Isfahan, with
almost 3 million, and Shiraz, with nearly 2 million, are in the following ranks. We selected these cities due to their
differences in area size, urban development patterns, and addressing structures. We chose Divar, a housing adver-

tisement website in Iran, for its extensive geographical coverage and high rate of posts per day. We employed web
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scraping for one month (January 2020) and retained only geotagged posts, including title, text, and geographical co-
ordinates. We limited the collected posts to each metropolis’s administrative boundaries and removed duplicate en-
tries in textual and geographic contexts. Figure 2 depicts the geographic distributions of housing listings for each

metropolis.
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Figure 2 : The geographic distributions of housing listings in the four metropolises
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3.2. First tier

The first tier of the process employs a machine learning technique to harvest neighborhoods and main streets, which

are often written without linguistic clues and may be overlooked by named entity recognition (NER) tools.

3.2.1. N-gram extraction

Before extracting n-grams, a normalization process was applied. This process involved removing non-textual char-
acters, converting one or two-digit numbers to their alphabetical style, omitting three or more'digit numbers, con-
verting characters to their Persian equivalent, and changing abbreviated forms to their complete forms. We extracted
n-grams (with lengths ranging from 1 to 5) from each advertisement's textual content; including the title and the de-
scription text. Figure 3 shows the extraction of n-grams for a text written in English. For this step and the other steps
that involve NLP tasks, we utilized Hazm?®, a Python package developed:by Roshan, and the dependent package,
NLTK".

This condo is part of Domus development,

IVERHEINSE This condo is part Domus B condo is part Domus development

Figure 3: A sample housing listing from Craigslist (a housing advertisement website) and its extracted n-grams

3.2.2. Cleaning and standardizing

We performed statistical'and non-statistical cleaning of the n-gram datasets. In statistical cleaning, we removed n-
grams with frequency values (i.e., the number of geotagged listings containing the n-gram) higher than three devia-
tions above the mean, which included the most frequently used words, such as grammatical particles in listings. Based
on the histogram, we'chose 30 as the threshold to retain as many spatial n-grams as possible and enhance the models’
robustness. In non-statistical cleaning, we removed n-grams with one or two characters, those containing only num-
bers, and common real estate listing keywords. In standardizing, we attempted to convert phrases to their commonly

used counterparts.

3 https://www .roshan-ai.ir/hazm/

4 https://www.nltk.org/
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3.2.3. Spatial clustering

Considering that two different places in a city can have the same name, the spatial clustering of the point set of each
n-gram is necessary. For instance, several places (either neighborhoods or main streets) located in Tehran share the
name S (Golestan) (Figure 4). As a uni-gram, this name has a point set with a distribution like other non-spatial
n-grams. Spatial clustering (Aldstadt, 2010; Madhulatha, 2012) allows such n-grams to save their included clusters.
After spatial clustering using DBSCAN (Schubert, Sander, Ester, Kriegel, & Xu, 2017), we considered clusters with
a size greater than 30 as a new n-gram record and removed others. Additionally, due to clustering, outlier points from
the point set of each n-gram were deleted. To this end, we created an instance of DBSCAN object defined in the scikit-
learn Python package® with Euclidean method and Ball tree algorithm to compute distancés and find nearest neigh-

bors.

.
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Figure 4: Golestan (L), one of the n-grams which include two or more spatial clusters and several outliers

3.2.4. Labeling

During this step, n-grams were manually checked based on their linguistic aspects. We identified the place type for
each n-gram based on the spatial distribution of the points on the OpenStreetMap base map. We labeled the n-gram
in three classes : neighborhood, main street, and non-spatial (including non-spatial n-grams such as ‘this condo’ and
any spatial n-grams other than the two first classes like intersections and landmarks). We encountered two challenges

in labeling n-grams : (1) distinguishing between a neighborhood and a main street and (2) multipart place names.

5 https :/ /scikit-learn.org/
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A significant portion of n-grams that are main streets can also be referred to as neighborhoods. Some are initially
neighborhoods, but the name later becomes assigned to the main street that crosses through the neighborhood. Con-
versely, the neighborhood formed around a main street takes the name used for the street. We labeled most of them
as street (commonly with a linear distribution and high density in the ridge) unless those had consistent distributions

like ordinary neighborhood n-grams.

A multipart place name generates a full n-gram and several partial n-grams. Sometimes, these partial n-grams have
the same point set as the full n-gram. The most common case involves neighborhoods that end with the suffix ‘sbLl’ (-
abad). Partial n-grams such as ‘<slew’ (Sa’adat) and * 4’ (Mehr) have independent meanings. However, for the full
n-grams ‘oLl Solew’ (Sa’adat abad) and ‘sbl 4.’ (Mehr abad), they are notused alone. Such partial n-grams can be
easily filtered out, but in some cases, a few partial n-grams can be more frequent than the full n-gram. That often
occurs for places named after famous personalities that the vernacular people prefer to use the simplest form of their
names. For example, the place name ‘ ol mSo, (Hakim Shafaei®) also canbe used as S,LM’ (Shafaei) by

people. Depending on the case, such partial n-grams were either kept or removed.

3.2.5. Spatial predictors

The spatial predictors used in the study include 11 measures for spatial dispersion, 12 measures for spatial homoge-
neity, and three other measures, namely convex-hull area, convex-hull density, and the width-to-length ratio of the

rotated minimum bounding rectangle. In the following, we explain more about these predictors.

From the spatial dispersion group, compared.to (McKenzieetal., 2018), we already used standard distance, average
pairwise distance, average distance between points, and their first nearest neighbors (NN1). The average 5th and 10th
nearest neighbor distances wereused as the substitutes for NN2 and NN3, respecting the low difference between them
and NN1 in our data. We also defined the peak-to-average ratio, which represents the ratio of the maximum NN1 to
mean NN1. Like (McKenzie et al., 2018), we used Ripley’s L function to determine the spatial homogeneity of each
n-gram’s point set. The function’s values were calculated for ten 100-m distances starting from 50-m and ending at
950-m distance. Additionally, the kurtosis and the skewness for each Ripley’s function were computed as the
measures representing the overall status of the function. Besides the convex hull measures, we also paid attention to

the rotated minimum bounding rectangle. We calculated the ratio of the width to the length, hypothesize that the main

® A great poet and physician of Safavid era
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street n-grams have higher values for that measure compared to other n-grams. The complete list of the spatial pre-
dictors is presented in Table A.1, Appendix A. We employed SciPy’, Shapely®, and Astropy’ to compute the predic-

tors.

3.2.6. Modeling

The study utilized the random forest, an ensemble learning classification method for modeling, based on the findings
of (McKenzie et al., 2018). Random forest is a supervised machine learning method. It can solve classification and
regression problems by generating a plurality of decision trees (Biau & Scornet, 2016; Breiman, 2001). Due to Its
simplicity, few parameters to tune, high efficiency, and accuracy, this method is popular in various tasks, including
geospatial issues (Ayala-Izurieta et al., 2017; Chang et al., 2020) . The data suffer from imbalancement, as shown in
Table 1. To some extent, training the model with imbalanced data can be resolved by oversampling the positive clas-
ses. Oversampling was performed for each modeling process on train datato equalize the participation of neighbor-
hood, main street, and non-spatial records. The scikit-learn python package was used to handle data imbalancement

and generate random forest models.

Table 1: Number of housing listings (After preliminary data cleaning); Number of n-grams after extracting, cleaning, standardizing, spa-

tial clustering, and labeling (removing partial n-grams); and the number of labeled n-grams in each class.

# Tehran Mashhad Isfahan Shiraz
Raw Listings 35451 15894 12590 10474
Extracting 1820492 926717 748812 620888
Cleaning 1273 603 542 443
Standardizing 1258 596 534 442
Clustering 654 290 294 213
Labeling 373 169 164 125
Main Street 35 25 33 37
Neighborhood 155 54 55 46
Non-Spatial 183 90 76 42

Figure 5 illustrates the feature importance results obtained using permutation-based feature importance with confi-

dence intervals. The evaluation was conducted over 50 iterations, and the reported values represent the average across

7 https://scipy.org/
8 https://github.com/shapely/shapely
% https:/ /www .astropy.org/
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five-fold cross-validation. While the plots suggest that certain features may introduce noise and could be candidates

for removal to improve model performance in identifying neighborhoods and major streets within the same city, fur-

ther analysis revealed that excluding these features leads to a noticeable drop in performance when the model is tested

on data from other cities. This issue is particularly evident for features that exhibit interdependence due to their in-

herent characteristics.
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Figure 5: Feature importance charts of the model of all four metropolises : (a) Tehran, (b) Mashhad, (c) Isfahan, and (d) Shiraz.

3.3. Second tier

The second tier's main objective is to extract all urban place names from the advertisements. We developed a rule-

based model to accomplish this goal for two reasons. Firstly, the Persian NER tools that are currently available do not

effectively identify place names in informal texts like housing advertisements. Secondly, creating a suitable corpus
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to generate a machine-learning model is time-consuming. Although some parts of the developed model are similar

to geoparsing tools, it also includes other parts to enhance precision.

In order to develop the rule-based model, we utilized 4000 records from the Isfahan dataset and 100 records from the
other metropolises’ datasets due to enhance the generalizability of the model. From the new dataset, we kept the rec-
ords that referred to places within the metropolis and located within the union of the convex hulls of the place names
identified in the first tier. Additionally, we removed the records containing multiple points of the metropolis. The

developed rule-based model was tested separately on 4000 records from Tehran, Mashhad, and:Shiraz datasets.

3.3.1. Rule-based model

The rule-based model developed for extracting place names from housing advertisement textsincludes two steps: (1)
Identifying potential place names from each text and (2) Reviewing identified place.names and deleting wrongly
identified ones. To simplify, we will refer to the main street/neighborhood place name as SN and the housing adver-
tisement records as AD. Each SN collected in the first tier takes the set of ADs geographically located in the convex
hull of the SN. After editing, tokenizing, and POS tagging, potential place names are extracted from each AD text.
Once all the ADs assigned to the SN are extracted, the model.removes the wrongly identified place names based on

other rules (respecting the frequency and length of the extracted ones).

3.3.2. Clue phrases and stop phrases

In addition to place suffixes, we used three groups of clue phrases: (1) phrases in which place names come after, (2)
place type phrases, and (3) honorifics. Theseare the starters of the token series when extracting potential place names
from AD, giving them.a chance to be identified as a place name. The expansion continues until a stop phrase appears
in the token series. We categorized these stop phrases into several groups, such as the following: (1) building ele-
ments, facilities;and home furniture; (2) phrases used for expressing the property’s geometry and other attributes; (3)

transaction-related phrases; and (4) generic stop words.

3.3.3. Advertisement text editing

It is necessary to edit-and standardize text to extract the maximum number of place names, respecting the nature of
texts. We accomplished this phase in four ways: (1) changing Arabic and English characters to their related Persian
characters; (2) changing abbreviated forms to their full forms (e.g., &' to’ ,LLs " similar to changing ‘St’ to ‘Street);
(3) resolving issues related to the space character (the improper space between a word and adherent phrases); and (4)

correcting badly typed words (e.g., ‘S &’ to ‘S 4.’ analogous to correcting ‘Tpwn’ to “Town’).
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3.3.4. Place name identification (Rules)

If the n-gram (generated based on the current token) begins with a clue word/phrase, ends with a place name suffix,
or contains a formerly identified NS place name, the defined conditions will be checked to decide whether to expand
the n-gram or to stop the expansion of the n-gram. Otherwise, the next token will be examined. The unaffected n-
grams will be added to the AD's temporary potential place names list. After surveying all tokens, collected entries are

standardized.

After surveying all ADs assigned to the NS, each AD's extracted potential place names are reviewed. Suppose a place
name (A) would be a part of another place name (B). In that case, different actions can be taken depending on which
of the following conditions is true: (1) If the rest of B is either a number, a place type phrase, or a directional name,
then A should be removed; (2) If B is as frequent as A, then A as a partial place name should beremoved (e.g., " LL>
5o and’ lew 9,5 L, Khiyaban-e Niroo Havayi); and (3)If A is more frequentthan B (e.g., ‘a, 415>

and ‘ -yeq: &, 4>195’, Khaje Rabi Bahman), then B should be removed. This final step is analogous to the named
entity boundary detection (Ahmadi & Moradi, 2015; Bokaei, Nouri, & Sepahvand,;2021; M. M. Shamsfard, Puneh-

Sadat, 2009). However, in our case, we first extract potential location entities (place names) and then determine which

one has the correct boundaries.

3.4. Third tier

In the third tier, we aimed to extractspatial relationships between extracted place names from each AD based on a set
of linguistic patterns. Descriptive addressing enables us to extract these relationships by respecting the place names’
order and the specific words that link them together. We also considered place types in the defined patterns. The
process was applied toithe place names without any interruptions between them, regardless of some specific phrases.
The extractable spatial relationships from the defined patterns include the following: (1) topological relationships
(including inside, touches, intersects), (2) directional relations (in front of), and (3) distance relationships (nearby).
Each pattern includes 2 or 3 place name participants. Depending on the number of participants and the pattern itself,

a minimum of one spatial relationship and a maximum of four spatial relationships can be extracted.

3.4.1. Place type recognition

We applied a rule-based linguistic approach to categorize the place names into four classes of urban place types.
These classes were defined based on (Lynch, 1960) and include: (1) Ways (defined as paths in (Lynch, 1960)) in-
cluding alleys, streets, boulevards, and highways; (2) Intersections (analogous to nodes) such as squares and junc-
tions; (3) Residential areas (referred as districts) like neighborhoods and residential complexes; and (4) Landmarks

such as marketplaces and hospitals.
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3.4.2. Spatial relationships

Error! Reference source not found. presents the spatial relationships that can be extracted from housing listings.
To simplify, we used W, R, I, and L for Ways, Residential areas, Intersections, and Landmarks. The three relation-
ships ‘inside’, ‘touch’, and ‘cross’ are the only extractable ones from topological relationships. From directional rela-
tionships, since relative directional relationships are mainly used in the listings, we only considered this group (only
including front of concerning our data) and excluded absolute ones (such as ‘north of and-east of’). We considered
two ways to extract a ‘nearby’ relationship. The first is when there are no logical topological oridirectional relation-
ships between the two associated place names. For example, assume that one of the place names is a landmark and the
other is an intersection. Mentioning these together means that the two places are close to each other but; topologically,
are disjoint from each other, and directionally, there is no clue to extract a relationship. The latter is based on the

existence of a clue word like ‘near to’ in the text.

Table 2 : The spatial relationships and extracted statements for each relationship depending on the place type of participants.

Spatial Relationship Group Spatial Relation Extracted Statement
Topological Inside W/R/I/L is inside R
lis inside W
Lisinside L
Touch W touches W
R/L'touches W
L touches L
Cross W crosses W

W crosses Win I

Directional Infront of W/L is in front of L
W/Lis in front of W

Distance Nearby W/1/L is nearby I
W/L is nearby L

3.4.3. Patterns

To represent the patterns formally, we used ISO-Space (Pustejovsky, 2017). In general, the common patterns in ex-

tracting spatial relationships are as follows:

[PLACE 1] [PLACE 2]

[PLACE 1] [SPATIAL_SIGNAL 1] [PLACE 2]

[PLACE 1] [SPATIAL_SIGNAL 1] [PLACE 2] [PLACE 3]

[PLACE 1] [SPATIAL_SIGNAL 1] [PLACE 2] [SPATIAL_SIGNAL 2] [PLACE 3]

L NS




ISO-Space defined PATH tag as ‘to capture locations where the focus is on the potential for traversal or functions as
a boundary’ whether for nominals such as ‘[railroad] between Boston and New York’ or proper names like ‘Pacific
Coast Highway'. However, since the path references in our case are only urban ways (proper names), we annotated

them with a PLACE tag to simplify.

Spatial signals might (1) refer to a part of the next place element, for instance, ‘the beginning of’, (2) implicitly/ex-
plicitly mean in the direction of the next place element like ‘a few steps to’, (3) be used toirefer a region between the
place elements (in company with another spatial signal), or (4) refer to a place related to the next place element such

as ‘nearby’.

Based on the PLACE and SPATIAL_SIGNAL entities, the extracted spatial relationships would be annotated as fol-
lows:

1. QSLINK (id, relType = IN, figure,ground)

2. OLINK (id, relType = FRONT, figure,ground)

3.  MLINK (id, relType = Distance, figure,ground, val = NEAR)
That QSLINK, OLINK, and MLINK are used for qualitative spatial links (topological), orientation links (direc-

tional), and measure links (including distance, width, height, and length). To shorten it, we only mentioned ‘IN’ from
topological relationships. Regarding the limitations of the Region-Connection Calculus (RCC) as the base of ISO-
Space for topological relationships, we followed the calculus-based method.proposed by Clementini et al. to define
topological relationships in a formal way (Clementini, Di Felice, & Van Oosterom, 1993) and used it to specify the

relType.

3.5. Evaluation

We used recall, precision, and.f-score measures to evaluate all three tiers. Recall expresses the participation of the
positive records, which the model predicts, among other positive records. Conversely, precision indicates from the
records predicted as positive how many of them are positive in reality. F-score, the harmonic mean of those two

measures, also was,used for evaluation (Equations 1, 2, and 3).

T_P

Precision = m (1)
Recall = rr 2
T T PYEN) @)

2+ (Precision - Recall)

®)

F =
seore (Precision + Recall)

That T_P, F_P, and F_Nrepresent the number of true positives, false positives, and false negatives, respectively.
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For the first tier, we used a multi-classification manner that needed an averaging task to get the measures' final values.
While macro average calculates the measure by summing the measure’s value for each class without considering their
proportion, weighted average gives the final value by considering their proportion. According to the imbalancement
of the data, we used the macro average. Thus, first recall and precision measures were computed for each class, fol-
lowed by the f-score. For each metropolis, the model was evaluated using 5-fold cross-validation performed exclu-
sively on the data from that metropolis. The final performance metric was calculated as the average across the five
folds. To assess the model’s generalizability to other cities, the model trained using 70% of the data from one metrop-

olis (following a 70-30 split) was applied to datasets from other metropolises.

For each AD entry in the subdatasets of the three metropolises, we labeled the place names by marking their start and
end character indices. In addition to our rule-based model, we employed two ParsBERT-based NER models
(Farahani, Gharachorloo, Farahani, & Manthouri, 2021) developed by Hooshvare Research Lab!*—each fine-tuned
separately on the PEYMA (Shahshahani etal.,2018) and ARMAN corpora (Poostchi, Borzeshi, & Piccardi, 2018)—
to extract urban place names from the advertisement texts. This allowed for a more robust evaluation of the rule-
based model’s performance by comparing it against transformer-based baselines trained on standard Persian NER

datasets.

In the third tier, we identified the spatial relationships that occurred.in the real world to evaluate the framework's
performance in spatial relationship extraction. Table 3 depicts the participation ratio of each pair place type in the
labeled spatial relationships for Tehran, Mashhad; and Shiraz, respectively. For instance, ‘touches’ for ‘LW’ repre-

sents the landmark place name (L) touches the way place name (W).

Table 3 Labeled spatial relationships for each pair place type

ZENEME|E|B |3 || B 8|22 =
Inside 0 0 110 | 0 0 3 13 0 0 18 | 29 0 23 0
o Touches | 364 | 0 0 0 48 0 0 0 11 0 0 0 0 0
<
% Crosses 10 0 0 0 0 0 0 0 0 0 0 0 0 0
a Nearby 0 6 0 40 0 3 0 8 0 0 1 1 0 2
Infrontof | 1 0 0 0 0 0 0 0 0 0 0 0 0 0
Inside 0 0 77 0 0 1 7 0 0 4 17 0 8 0
E Touches | 335 | O 0 0 57 2 0 0 15 0 0 0 0 0
;g Crosses 11 0 0 0 0 0 0 0 0 0 0 0 0 0
Nearby 0 2 0 27 0 1 0 11 0 0 0 0 0 0

10 https :/ /huggingface.co/HooshvareLab/models
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Infrontof | 0 1 0 0 0 0 0 0 0 0 0 0 0 0
Inside 0 0 175 | 0 0 0 27 0 0 42 | 23 0 2 0
. Touches 354 | 0 0 0 64 0 0 0 26 0 0 0 0 0
g Crosses 3 0 0 0 0 0 0 0 0 0 0 0 0 0
7 Nearby 0 3 0 24 0 0 0 18 0 0 0 0 0 0
Infrontof | 0 5 0 0 0 3 0 0 0 0 0 0 0 0

4. Results and Discussion

This section presents the result of implementing the framework in the three tasks.

4.1. Identifying main street and neighborhood place names

The results of the first tier in identifying main street and neighborhood n-grams are shown in Figure 6, Tables 4, 5,
and 6. Figure 6 displays the trained model of each metropolis how identified the main streets, neighborhoods, and
non-spatial n-grams of other metropolises. The rows represent the metropolises considered for training, and the col-
umns represent those considered for testing. The prediction performance evaluated by recall, precision, and f-score

are presented in Tables 4, 5, and 6.

Table 4 : Recall values for the four random forest models trained on. eachmetropolis’s dataset and tested on the same dataset (the diagonal

cells) and tested on the other datasets (the off-diagonal cells). Each value is the macro average of the recall values computed for all three

classes.
Testing
Tehran Mashhad Isfahan Shiraz
. Tehran 0.80 0.70 0.74 0.72
£ Mashhad 0.72 0.77 0.73 0.69
s Isfahan 0.81 0.67 0.71 0.75
= Shiraz 0.81 0.64 0.76 0.73

Table 5: Precision values for the four random forest models trained on each metropolis’s dataset and tested on the same dataset (the diago-

nal cells) and tested on the othér datasets (the off-diagonal cells). Each value is the macro average of the precision values computed for all

three classes.

Testing
Tehran Mashhad Isfahan Shiraz
0 Tehran 0.79 0.73 0.78 0.73
£ Mashhad 0.70 0.86 0.73 0.68
K Isfahan 0.76 0.67 0.74 0.75
= Shiraz 0.76 0.64 0.76 0.70

Table 6 : F-score values for the four random forest models trained on each metropolis’s dataset and tested on the same dataset (the diagonal

cells) and tested on the other datasets (the off-diagonal cells). Each value is the macro average of the f-score values computed for all three

classes
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Training Dataset

Testing
Tehran Mashhad Isfahan Shiraz
0 Tehran 0.79 0.70 0.75 0.69
E Mashhad 0.70 0.80 0.73 0.68
‘s Isfahan 0.77 0.67 0.71 0.75
= Shiraz 0.77 0.64 0.76 0.71
Testing Dataset
Tehran Mashhad Isfahan \ Shiraz

% %.
-
XX

m 020 m025S = 02N mS20 mS25 mS2N mN20 = N2S mN2N

Mashhad

N

Figure 6: Pie charts of labels and predictions of each metropolis’ dataset considered for testing. O represents n-grams, neither are neigh-
borhoods nor main streets; N represents neighborhood n-grams, and S represents main street n-grams. For example, O2S indicates n-

grams labeled as non-spatial but predicted as main street.
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4.1.1. Changes and improvements

As a general occurrence, consideration of the same metropolis for training and testing results in the highest number
of true predictions compared to when the train and test datasets are selected from different metropolises. However,
regardless of the issues expressed in Section 4.1.1, the model trained on a metropolis’s dataset and tested on others
provides a good prediction. The study provides some new findings compared to (McKenzie et al., 2018). Firstly,
based on a set of spatial measures and conducting a machine learning-based method, bothrmain street and neighbor-
hood n-grams can be identified. Secondly, the results show that such a data-driven method is suecessful for Persian-
speaking cities. Thirdly, while the base study chose nearly similar cities except for Montreal for its bilinguality, four
metropolises at different population levels and various urban development patterns were considered in this study. As
the results indicate, such differences decreased the performance in identifying a neighborhood as a main street or vice
versa. We addressed this issue in the following subsection. Lastly, prediction measures show improvement in iden-

tifying neighborhoods of other cities.

4.1.2. Sources of misclassifications

An important issue is that the difference between main streetand neighborhood n-grams from their spatial perspec-
tive is sometimes unclear. Most neighborhoods are structured along main streets, whether they are homonyms or not,
and a few numbers of them have a structure like a town. According to Figure 6, most false predictions are labeled as
a main street but predicted as a neighborhood and vice versa. Assume one dataset includes various neighborhood n-
grams, which notably overlap main street n-grams. When testing on other datasets, the model trained on that dataset
predicts the main streets as a neighborhood. As shownin Figure 6, this has happened to the Isfahan dataset considered

for testing Tehran’s. random forest model.

Some reasons can be expressed.about the records labeled as non-spatial but predicted as a neighborhood or main
street. One reason is the side effect of spatial clustering. We used spatial clustering to remove outlier points from each
n-gram'’s pointset and.consider valid clusters as the new n-gram point sets. However, some non-spatial n-grams have
been clustered due tospatial clustering and took a spatial distribution similar to neighborhood or main street n-grams.
Besides, real estate agencies usually use constant phrases in their housing listings, whether about the property or their
company. Although moest common real estate phrases are removed in data cleaning, some phrases remain that the n-

grams extracted from them are associated with main street or neighborhood names and partly take their point patterns.
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4.2. Extracting all place names

As presented in Table 7, the rule-based model has successfully extracted place names. In addition to streets and res-
idential areas frequently used in housing listings, many other place types can be extracted from these texts, such as

markets, schools, hospitals, and recreation centers.

Table 7: Recall, Precision, and F-score for models of each metropolis in extracting all place names

Metropolis Model Recall Precision F-Score
ParsBERT (PEYMA) 0.28 0.38 0.32
Tehran ParsBERT (ARMAN) 0.38 0.53 0.44
Our Rule-Based Model 0.73 0.75 0.74
ParsBERT (PEYMA) 0.20 0.32 0.25
Mashhad ParsBERT (ARMAN) 0.19 0.38 0.25
Our Rule-Based Model 0.68 0.67 0.68
ParsBERT (PEYMA) 0.29 0.37 0.32
Shiraz ParsBERT (ARMAN) 0.42 0.54 047
Our Rule-Based Model 0.76 0.78 0.77

4.2.1. Linguistic ambiguities

Housing listings, like other texts, suffer from ambiguity. One typical example is the different usage of the conjunction
‘and’ ('y’, va in Persian). Authors usually write the common placetype to shorten a list of place names; then, the place
names would be written. For example, one might write ‘e b  485ls ¢’ (Metro-e Sadeghiye va Tarasht). In this
case, two place names are subways. However, the second-place name's type sometimes differs from the first one
(Tarasht may refer to a neighborhood). In'another usage, ‘and’ only connects two parts of a place name, for instance,
‘a>0¢s g 4l ,LLs" (Khiyaban-e Barname va Boodje, Barnameh va Boudjeh Street) is only one place name. The
ambiguity is also valid for two nouns with no stop word between them, and the first one starts with a clue word. The
second noun ean refer to the property owner, the real estate agency, another place, or an alternative name for the first
one. Such ambiguities cause partially correct place names to be extracted, which increases false positives and false
negatives. Sometimes, the place type is more important than the place name itself for the people. Allegorically, it is
enough for the author to only write ‘near to metro station’ in the description. However, that also happens to some place
names unique to each city (or a big part of a city). For example, rather than ‘o4lS" Jls 5’ (Terminal-e Kave, Kaveh
(bus) terminal), one might use * Jlows ;3 " (the terminal) in the listing. This way of referring places is usually used for

real estate or booking websites. However, it can be considered a cul-de-sac for extracting urban place names.

25



4.2.2. Strengths of the rule-based model

The results for the second tier are promising. However, there is still room for improvement in inferring maximum
possible spatial relationships. In the following, we explain more about the advantages of using a rule-based model for

the second tier.

The second tier of the framework requires a model that can identify various types of urban place names and accurately
detect entity boundaries. Naming places after people or organizations makes this task even more challenging, espe-
cially with increasing spatial scale. Most existing NER tools are trained with texts chiefly at the super-urban level
(especially for Persian) and recognize place names by ‘Location’, ‘GPE’ (geopolitical entity), orFAC’ classes (facil-
ity) (Abdollah Pour & Momtazi, 2022; Farahani etal.,2021; Mohseni & Tebbifakhr,2019; Taher etal.,2020). More-
over, the entity type ‘Location’ does not necessarily refer to places (Berragan, Singleton, Calafiore, & Morley, 2023;

Stock etal., 2022).

These limitations are further evidenced in the evaluation of ParsBERT (ARMAN) and ParsBERT (PEYMA) models,
as presented in Table 7, where both models underperform compared to our rule-based approach. Although these
models are based on the BERT architecture and fine-tuned on Persian NER corpora, the datasets they rely on—
namely ARMAN and PEYMA—primarily include coarse-grained location entities such as country and city names,
and rarely cover fine-grained urban place names. As a result; their performance in identifying detailed urban entities

mentioned in housing listings is notably weaker.

Another challenge observed in these transformer-based models is their tendency to merge multiple adjacent urban
place names into a singleientity. This behavior stems from the general annotation schemes used in their training cor-
pora. For instance, a street name. followed by an alley name is often recognized as one unified entity. Such entity
grouping inevitably leads to reduced preeision and recall, especially when accurate boundary detection is critical for

downstream spatial analysis.

4.3. Extracting spatial relationships between the place names

The result of applying the pattern-based model in extracting spatial relationships is provided in Table 8. The model

achieved recall values ranging from 0.42 to 0.52 and precision values ranging from 0.50 to 0.60.

Table 8: Recall, Precision, and F-score for models of each metropolis in extracting spatial relationships between the place names

Metropolis Recall Precision F-Score
Tehran 0.45 0.59 0.51
Mashhad 0.42 0.50 0.45
Shiraz 0.52 0.60 0.55
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Even though the preliminary step of the place type recognition was almost successful, some exceptions in using lin-
guistic clues have caused false predictions in extraction. For example, we considered ‘located in’ as a clue for residual
areas. However, it is also used for way place names in some cases. Consequently, the extracted spatial relationship
would be ‘LinsideR’ instead of ‘LtouchesW’. To extract correct spatial relationships, we defined the process of iden-
tifying the most important place name based on the place type and the ordering of the participants. Thus, misordering
leads to a false negative and a false positive prediction. For instance, assume a residential area place name (R) is
written after a way place name (W). If the R is considered the more important one, the extracted statement would be
‘W is inside R’; otherwise, ‘R touches W’. That is also valid for those that are common in place type. Remembering
that we incorporated the ‘flows from’ with the ‘touches’ relationship, the vast number of false predictions resulting

from this issue is way place names had ‘touches’ relationships but in opposite forms.

4.4. Limitations and future work

The study focused on providing a framework to gather geographic information that could be useful for enriching
current gazetteers. However, the study has some limitations. Firstly, it did not address issues such as developing a
geographic knowledge base (GKB) and comparison to the current gazetteers and GKBs, which may be addressed in
future work. Secondly, data unavailability at both urban and suburban levels limits the consideration of more cities
as study regions. It causes some parts of a considered city to beignored due to the low participation rate in publishing
geotagged online listings. Lastly, existing NER tools developed for Persian do not provide sufficient performance in
detecting location entities (urban place names), which led to the development of a rule-based model. Although the
ad-hoc model gives good results, applying fine-grained NER tools can significantly empower the framework’s per-

formance (Ringland et al., 2019; Schiersch etal., 2020; Tao et al., 2022).

We focused on extracting geographic information from each housing listing for the two last tiers. However, organiz-
ing information at a metropolislevel requires further steps, such as place name resolution. Organizing extracted spa-
tial relationships in'a semantic structure could also lead to extracting secondary relationships like ‘located in the same
street’ and ‘located in the same neighborhood’, besides new ordinary relations. In addition to harvesting place names,
there is potential for delineating their location and boundary from housing listings. However, inattention to surround-
ing words (e.g. around and towards) leads to a crude boundary for residential areas. Additionally, the geographic
location tagged for the property could be a few hundred meters away from the written place name in the description.

Future work should respect these geographic footprint issues.

Although housing listing websites are good resources for harvesting main streets and neighborhoods, the frequency
and spatial distribution of housing listings can be affected by various factors such as the residents, the age of buildings,

the included POlIs, and the population of a region of a city. For instance, assume a neighborhood in the downtown of
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a city. However, due to its commercial importance, the number of published housing listings is deficient in filtering
out during data cleaning. Additionally, geotagged listings are a small proportion of all publishing housing listings. In
some regions, people often prefer to skip the geographic location field (by selecting a point on the base map) and
represent it in other related parts like the urban district or only mention it in the description field. Hence, some regions’
neighborhood and main street n-grams would have a handful of points. In some cases, the point set of a main street
can be split into two populated parts by natural or artificial features, making it difficult to identify it as a usual main
street. The point pattern of a main street n-gram can also be affected by the nearby places homonym to the main street

name, especially a square connected to it.

5. Conclusion

Gazetteers are important geospatial resources in GIR tasks, especially in geoparsing. This paper presented a frame-
work for extracting urban geographic information from online property listings. This gedgraphic information in-
cludes the place names and the spatial relationships to enrich current gazetteers. Since main streets and neighbor-
hoods as a part of place names are well-known, people mainly use them without any clue on property listing websites.
Harvesting these place names can be done using a machine learning-based model. The main challenge is that residents
can use the main street place name as a neighborhood. The next step is extracting all place names written in the prop-
erty advertisement posts. To realize that, we developed a rule-basedmodel to extract potential place names from the
posts geographically located in the neighborhood/main street place name’s convex-hull and remove the wrong iden-
tified cases. In the third step, we extracted spatial relationships between the place names extracted from each post text
based on linguistic patterns. The framework has provided good results in harvesting main streets and neighborhoods
and extracting place names. Extracting spatial relationships between the place names needs further work. However,

the first results are still hopeful by ignoring related issues.

Appendix A

Table Al: Spatial Predictors

Spatial Predictor Short Form
Standard Distance StandardDistance
The average distance from the 1t nearest neighbor by mean MeanNN1
. The average distance from the 5 nearest neighbor by mean MeanNN5
2 The average distance from the 10t nearest neighbor by mean MeanNN10
g The average distance from the 1% nearest neighbor by median MedianNN1
é) The average distance from the 5" nearest neighbor by median MedianNN5
< The average distance from the 10 nearest neighbor by median MedianNN10
é The average pairwise distance by mean MeanPW
@ The average pairwise distance by median MedianPW
The ratio of maximum distance from the 1%t nearest neighbor to PeaktoAverage
MeanNN1
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The Ripley’s L function value at 50 m RL1
The Ripley’s L function value at 150 m RL2
o The Ripley’s L function value at 250 m RL3
'452 The Ripley’s L function value at 350 m RL4
Y% The Ripley’s L function value at 450 m RL5
g The Ripley’s L function value at 550 m RL6
IO The Ripley’s L function value at 650 m RL7
S The Ripley’s L function value at 750 m RLS8
8. The Ripley’s L function value at 850 m RL9
@ The Ripley’s L function value at 950 m RL10
The skewness of Ripley’s L function Skewness
The kurtosis of Ripley’s L function Kurtosis
%) The area of the convex hull of the point set ConyexHullArea
% The ratio of the number of points to ConvexhullArea ConvexHullDensity
© The ratio of the rotating bounding rectangle’s width to its length WLR
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