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Abstract

This study introduces a literature review tool for abstract-screening in urban studies. It presents two pipelines that
focus on linking geoparsing outputs and hierarchical toponym aggregation. Pipelinel uses batched matching with
GeoNames for fast but coarse aggregation. Pipeline2 enhances the accuracy by incorporating a toponym resolution
model to address geo/geo ambiguity, and semantic checks to correct potential resolution errors. Evaluated on 500
abstracts, Pipeline2 achieves a precision of 0.96 and a recall of 0.98 for aggregated toponym output.
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1. Introduction

In urban studies, the research scale is a critical consideration. Bibliometric analyses show that while
city-level and smaller-scale studies dominate the literature, comparative research across cities, countries,
and continents remains limited [1, 2]. However, there is a need to examine urban phenomena from a
broader perspective, as the scarcity of cross-scale and multi-site comparisons limits the generalizability
and scalability of findings [3]. A tool that processes toponyms in abstracts is therefore needed to support
the systematic review of large datasets of publications.

Geoparsing from text, which includes toponym recognition and resolution, has often focused on
news and social media content [4, 5, 6]. Although some work has addressed scientific articles [7, 8], few
have targeted the urban studies literature. Hierarchy aggregation is essential for screening multi-region
urban studies, where toponyms may appear dispersedly that rely on readers’ knowledge to infer their
relationships'. Toponym resolution, which is applied after recognition to identify toponyms’ geospatial
representation, provides valuable references for aggregation. Its outputs typically consist of linking a
toponym to a gazetteer entry [4, 8]. However, common gazetteers often contain multiple entries for one
location, yet not all entries include complete retrieval keywords or hierarchical information?. Therefore,
additional work is required to link geoparsing outputs and hierarchy aggregation. This study proposes
two pipelines, each offering advantages in runtime or accuracy, thereby providing a benchmark for
relevant applications.

2. Method

This study focuses on toponyms at the city level® or above. A hybrid approach integrating rule-based
cleaning, gazetteer matching, and statistical learning is employed to compensate for their respective
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'For example, 5 toponyms “Delft”, “The Netherlands”, “Chengdu”, “Sichuan”, “ China” refers to only 2 distinct sites, i.e., “Delft,
The Netherlands” and “Chengdu, Sichuan, China”, in a hierarchical structure.

*For example, “Medan, Indonesia” corresponds to two entries in GeoNames: “Kota Medan (id=1214519)” and “Medan
(id=1214520)". The former, as the more formal one, does not include “Medan” in its name variant list. And the latter
is not labelled as an administrative division and thus does not appear in most of its children’s hierarchy trees.

*Third-order administrative divisions are treated as city level for broader inclusion.
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Figure 1: (a) Two pipelines of hierarchical aggregation (b) Priority in five different matching stages (c) Output
dictionary structure of Pipeline2 (d) Example of procesing by Pipeline2 with final results in black and bold

shortcomings [4, 9]. GeoNames, a commonly used gazetteer [10, 11, 12], is applied. To avoid reaching
the daily API limit, a downloaded copy is used?, including 253 toponym lists grouped by country, along
with three admin lists (country, first-order admin, second-order admin), and the hierarchy list.

As shown in Figure 1(a), both pipelines begin with Recognizing toponyms. Flair NER (Ontonotes)® was
selected due to its best performance for admin units among formal-text-oriented approaches evaluated
by Hu et al. [4]. Rules and gazetteer are subsequently applied in the Pre-matching. This step consists of
five cleaning rules® and three batches of feature codes’. As shown in Figure 1(b), each color of curves
between Clean and Batch represents a result-return. The batches follow a heuristic that prioritizes
toponyms with higher administrative attributes. For example, Batch1 first targets CONT (continent) and
PCLI (independent political entity), as they are less likely to be ambiguous. The Pre-matching collects,
for each toponym, all GeoNames entries that match the highest-priority batch.

Pipelinel directly uses the Pre-matching results, performing simple Deduplication before Merging.
For all toponyms in an abstract and their pre-matched entries, the Merging step identifies hierarchical
relationships according to the codes of country/continent (CO), first-order admin (AD1), and second-
order admin (AD2) consecutively, finally with the hierarchy list serving as a fallback.

Pipeline2 performs additional toponym resolution to estimate the full address for each toponym.

*https://download.geonames.org/export/dump/, using only data with feature classes A and P

*https://huggingface.co/flair/ner-english-ontonotes-large

®Cleant: split phrases, Clean2: remove articles and possessives, Clean3: remove prefixes/suffixes, Clean4: remove directional
terms, Clean5: remove punctuation and spaces. Among them, Clean3 and Clean4 are informed by regular expressions and
context-free grammars in existing rule-based approaches [4].

"http://www.geonames.org/export/codes.html



This study adopts the LoRA-fine-tuned Llama2 (7B) model®, which demonstrated the best performance
for admin units on formal text [13]. Specific parts of the full address are used to match admin codes
and LOC entries in four consecutive matching stages. For example, the last part of the address is used
to match the country/continent (CO) code only. Each matching stage is initially constrained by all
previously matched higher-level code(s). If nothing could be matched, codes are progressively reduced
to ease the constraints, until only the CO code remains. For LOC matching, the GeoNames API finally
performs fuzzy search as a fallback. LOC entries matched under more admin codes’ constraints are
prioritized for retention during Deduplication with priority. Similar to Pre-matching, every matching
stage includes cleaning address parts and matching prioritized batches. Batch usage varies by stage, as
shown in Figure 1(b), with Batch4 used only in the three later stages where greater fineness is needed.

In addition to identifying hierarchical relationships based on geographic knowledge during Merging,
Pipeline2 incorporates a Manual check prompt based on semantic analysis. Parallel toponym pairs
(including toponyms failed during Pre-matching) are extracted by identifying coordination structures in
dependency parse, i.e., the head element and other element(s) attached via coordinating conjunctions
(e.g., “and”, “or”). If a parallel pair extracted in this step also appears in the Merging step, it suggests a
possible error and is flagged as Warn1. If the pair consists of one successful and one failed toponym
during Pre-matching, it indicates that the former may incorrectly be retained due to geo/geo ambiguity;
such cases are flagged as Warn2. These warnings are then manually reviewed. The final output is a
dictionary of toponyms with the smallest granularity (TSG). The output structure is shown in Figure
1(c). An example of processing an abstract [14] is provided in Figure 1(d).

Given the demonstrated effectiveness of Large Language Models in information retrieval tasks of
literature review [15, 16, 17], this study also employs GPT-4.1 (prompt provided in Appendix A) for
comparison. The test sample, 500 abstracts that each mentions at least two toponyms, was randomly
selected from a systematic literature review of urban study from Scopus in December, 2025. After
manual annotation, 787 annotated TSG serve as the gold standard (GS). The accuracy performance of the
two pipelines and GPT-4.1 aggregator is evaluated by: precision = # , recall = G—tS ,and F1 = G SitH 7
where t and f refer to the number of correct and incorrect TSG outputs.

3. Result

The distribution of recognized toponym (RT) number and GS number cross the 500 abstracts is shown
in Figure 2(a). Among the RTs, 474, 314, and 283 toponyms were recognized as CO, AD1, and AD2,
respectively. The stages preceding Manual checking in Pipeline2 are denoted as Pipeline2#. The accuracy
performance of Pipelinel, Pipeline2#, and GPT-4.1 are presented in Figure 2(b). Pipelinel takes 26
minutes, and Pipeline2# takes 563 minutes. As shown in Figure 2(c), the performance varies with the
number of RT per abstract, so differences are observed between micro- and macro-averaged results.
Overall, Pipeline2# outperforms Pipelinel, achieving micro-average precision and recall of 0.95, since
Estimating full address (toponym resolution) in Pipeline2# avoids most geo/geo ambiguities. For example,
as shown in Table 1(a), while Pipelinel collects “Washington County” entries under both states of “Idaho”
and “Oregon”, Pipeline2# correctly identifies “Washington” as “Washington State”.

However, Pipeline2# still makes mistakes. As shown in Table 1(b), “Maldonado” was incorrectly esti-
mated as a first-order administrative division, but Warn1 captures that it is parallel with a second-order
administrative division, thereby providing evidence for correction. In Table 1(c), “Ottawa-Gatineau”
had been excluded during Pre-matching but was later captured by Warn2 as it is parallel with other
eligible toponyms. Warn1 and Warn2 respectively flagged 13 and 11 abstracts. The warnings did not
necessarily mean problems, so Manual Checking is needed and 17 of them required correction. With
these corrections, the complete Pipeline2 achieved micro-average precision and recall of 0.96 and 0.98.

Finally, albeit with the toponym resolution and manual checking during Warn1&2, some geo/geo
ambiguity remain unresolved. For example, in Table 1(d), “Tohoku” refers to a cultural region, yet it
was matched to a formal administrative division with an identical name and a much lower hierarchy.

8https://huggingface.co/xukehu/Llama2-7B-LoRA-Toponym-Resolution
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Figure 2: (a) Performance on full sample (b) Statistics of RT buckets (c) Performance on RT buckets

Table 1
Examples of three error types: merging with geo/geo ambiguity, missing toponyms, and redundant output

Text with correct RTs in bold and errors in red Pipeline errors: toponym[geo_id]

(a) Rapid urbanization in high rainfall areas of western  Pipelinel merges:
Washington, western Oregon and northern ldaho  Washington[5611570] € Idaho[5596512]
has increased the potential for flooding. Washington[5759333] € Oregon[5744337]

(b) This study uses data from a sample of 420 residents  (WarnT) Pipeline2# merges:
from Maldonado and Punta del Este. Punta del Este[3440939] € Maldonado[3441890]

(c) We observed spatial inequalities in population men- (Warn2) Pipeline2# misses:
tal health across and within Vancouver, Calgary, Ottawa-Gatineau[6094817][5959974]
Edmonton, Toronto, and Ottawa-Gatineau,
which are...

(d) ..human and material damage mainly in three To- Pipeline2# gives redundant output:
hoku prefectures: lwate, Miyagi, and Fukushima. Tohoku[11010639]

4. Discussion

The proposed pipelines help extract toponyms at city-level and above, and aggregate them to determine
the study scales. While this study uses abstracts of scientific articles in urban studies for testing, the
pipelines can easily be adapted to other domains and other text forms, such as the nomination files of
World Heritage or news articles about tourist sites. While both pipelines employs batched matching
heuristic, the bias toward prominent places is mitigated in Pipeline2 because the address parts themselves
reflects a hierarchical order, making top-down batched matching reasonable. GPT-4.1 underperforms
Pipeline1&2#, likely due to its lack of comprehensive geographical knowledge [18]. However, it exhibits
high recall when RT=5 in Figure 2(c). This may be attributed to richer semantic context from more
RTs, where GPT-4.1 excels. In Pipeline2, Warn1&2 partially compensates for this capability. They flag a
small subset of abstracts that are most likely to be incorrect for manual checking and correction.

Although Pipeline2 performs best in terms of accuracy, different pipelines can be selected depend on
application scenarios. Pipeline2# achieves F1 of 0.97 for abstracts with RT=2, as shown in Figure 2(c).
Such abstracts are more likely to only reference one location yet be misclassified as multi-regional
before hierarchy aggregation. If the goal is solely to determine whether an abstract is multi-regional, the
automatic Pipeline2# can be sufficient. Besides, Pipeline2# requires much more runtime than Pipeline1l
due to the computational cost of the resolution model. When marginal benefit of time saving is high,
Pipelinel may be a practical choice. However, whether the difference between Pipelinel and Pipeline2#
is robust across a broader range of samples remains to be validated.

Future research could advance GeoAl that jointly integrate textual data and geospatial knowledge
graphs. This integration would facilitate the reconstruction of hierarchically structured entities, po-
tentially through spatial reasoning [18, 19]. Moreover, because the annotated corpus of Flair NER
(Ontonotes) only includes specific named entities [20], general phrases such as “Australian cities” are
often ignored. Subsequent work could construct lexicons of geographic adjectives and place-type nouns,
extract their modification relations, and leverage this pattern to improve hierarchy aggregation.



5. Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT in order to: Grammar and spelling
check, Paraphrase and reword. After using this tool, the authors reviewed and edited the content as
needed and take full responsibility for the publication’s content.
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A. Supplementary material

Prompt for GPT-4.1 aggregator is available via

« Prompt
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