
Wang et al. 
International Journal of Health Geographics           (2025) 24:10  
https://doi.org/10.1186/s12942-025-00397-8

RESEARCH Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if 
you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or 
parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To 
view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by-​nc-​nd/4.​0/.

International Journal of 
Health Geographics

Implementing large language model 
and retrieval augmented generation to extract 
geographic locations of illicit transnational 
kidney trade
Zifu Wang1*   , Meng‑Hao Li2   , Patrick Baxter2   , Olzhas Zhorayev2   , Jiaxin Wei2   , Valerie Kovacs3, 
Qiuhan Zhao4   , Chaowei Yang1    and Naoru Koizumi2    

Abstract 

Background  Illicit kidney trade networks, operating globally, involve intricate interactions among various play-
ers, most notably buyers, sellers, brokers, and surgeons. A comprehensive understanding of these trade networks is, 
however, hindered by the lack of systematically amassed data for analysis. Further, extracting the geographic loca-
tions of buyers, sellers, brokers, transplant surgeons, and medical facilities in all relevant publications often involves 
extensive, time-consuming, manual labelling that is very costly. Although current techniques such as Named Entity 
Recognition (NER) tools can potentially automate the process, they are limited to identifying country names and often 
fail to associate the roles (i.e., offering buyer, seller, broker and/or surgery) that each country played.

Methods  This study employed state-of-the-art technologies, including Bidirectional Encoder Representations 
from Transformers (BERT) and Generative Pre-Trained Transformers (GPT) model Llama3.3 from Meta in developing 
a kidney trade country database. We first extracted news articles reporting illicit kidney trade from the LexisNexis data-
base (2000–2022). BERT and Llama3.3 with chain-of-thought prompt tuning strategies were then applied to the mate-
rials to determine the relevance of articles to the illegal kidney trade and to identify the roles those different countries 
played in kidney trade cases over the past 23 years. The specific country classes recorded in the final kidney trade 
database included: a) countries of origin for kidney sellers; b) countries of origin of kidney buyers; c) countries per-
forming illegal transplant surgeries; and d) countries of origin of organ trafficking brokers.

Results  The BERT classification model achieved an accuracy of 88.75%, ensuring that only relevant articles were 
analyzed. Additionally, the Llama3.3-70B model with chain-of-thought prompt tuning strategies extracted location-
based roles with an accuracy of 86.30% for sellers, 88.89% for buyers, 93.33% for brokers, and 95.93% for surgeries, 
supporting these observed patterns. We observed in the final database that the kidney trade networks change 
and evolve dynamically where the primary role played by each country (as a host of either sellers, buyers or surgeries) 
change over time. About half of the top 10 countries playing each role gets replaced by other countries within a dec-
ade. The final database also demonstrated that developing countries were more likely to be a host of kidney sellers 
while that played by developed countries was a host of kidney buyers.
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Conclusion  The current study developed a geospatial database describing transnational kidney trade country net-
works over the past two decades. The new approach for geographic location extraction that is more precise com-
pared to conventional NER and machine learning methods.

Keywords  Geographic feature extraction, Geospatial data, Large language model, Retrieval augmented generation, 
Organ trafficking, Kidney transplantation, Public health, Media

Introduction
Chronic kidney disease impacts 843.6 million indi-
viduals worldwide in 2017 [1]. Prior research under-
scores that kidney transplantation is the primary and 
most favoured treatment for end-stage kidney disease 
(ESRD) [2]. Despite the growing demand for kidney 
transplants as the best existing remedy for ESRD, the 
supply of kidneys has not matched the needs in dec-
ades. Globally, only 13.5 transplants are performed 
on average for every 255 patients in need of a kidney 
transplant [3]. As the average wait time has extended 
to 5  years, approximately 7% of patients either die on 
the waitlist or drop out from the list due to exacer-
bated conditions every year [4]. Owing to the scarcity 
of legally obtainable kidneys and the prolonged waiting 
period for a kidney transplant, there’s a notable interest 
among these patients in locating kidney donors quickly, 
bypassing the lengthy waitlist process. Consequently, 
illicit kidney transplantation or so-called “transplant 
tourism” or “organ trafficking” has come into existence.

Over the past few decades, international health author-
ities and law enforcement agencies have taken substan-
tial initiatives to counteract illicit kidney transplants. 
These endeavours reflect a collective commitment to 
address the pressing issue of organ trafficking, which 
preys on vulnerable individuals and undermines ethical 
medical practices. In the 1980s and onwards, the World 
Health Organization (WHO) has been instrumental in 
formulating guidelines for human organ transplanta-
tion, emphasizing the importance of voluntary dona-
tions, transparency, and ethical sourcing [5]. A pivotal 
milestone was the adoption of the Declaration of Istan-
bul on Organ Trafficking and Transplant Tourism in 
2008, which united experts across disciplines to con-
demn organ trafficking and establish ethical transplan-
tation principles [6]. Alongside these efforts, the United 
Nations Office on Drugs and Crime (UNODC) estab-
lished a global database to document human traffick-
ing, including organ trafficking, enhancing international 
collaboration, and supporting law enforcement actions 
[7]. Notably, INTERPOL launched Operation Organs in 
2016, targeting criminal networks engaged in organ traf-
ficking and emphasizing cross-border cooperation [8].

Despite the concerted global efforts to combat the 
kidney trade, instances of such illicit activities persist. 

For instance, the “Kosovo Organ Trafficking Allega-
tions” in 2008 unveiled allegations of kidney sales by a 
criminal group during the Kosovo conflict. These claims 
implicated the forceful removal of organs from prison-
ers of war for sale on the black market [9]. In addition, 
the “Gurgaon Kidney Scandal” in 2008 revealed a kidney 
transplant racket in India, wherein impoverished donors 
were coerced into selling their kidneys to affluent recipi-
ents [10]. The kidney trade remains a complex and mul-
tifaceted phenomenon involving various transnational 
actors, including sellers, buyers, brokers, as well as medi-
cal professionals and facilities. A prominent characteris-
tic of this trade is the intricate network that enables the 
transactions. Affluent buyers typically do not directly 
engage with financially disadvantaged sellers. Instead, 
kidneys procured from economically marginalized indi-
viduals are passed through intermediaries, commonly 
referred to as brokers, who operate internationally as part 
of a transnational crime organization [11]. Subsequently, 
medical facilities responsible for the surgical procedures 
and testing are identified, contacted, and engaged by bro-
kers or buyers.

Given the inherent challenges to demonstrate the intri-
cate multi-agent nature of the trade and to effectively 
eradicate illicit transactions, it is critical to establish 
a robust and comprehensive spatiotemporal database 
capturing key attributes of these operations. A previous 
study introduced a quantitative methodology aimed at 
uncovering patterns within transnational kidney trade 
networks, utilizing agent information derived from news 
articles [12]. However, the scope of this study was con-
fined to South Asia, and the methodologies employed 
were limited in sophistication. For a more comprehen-
sive, global-level investigation of these networks, it is 
imperative to automate the extractions of geographic 
locations as well as the roles played by each participat-
ing country. Challenges persist, however, in extracting 
geographic locations because location descriptions in 
text data often lack direct mentions of the exact location. 
Named Entity Recognition (NER) is a feature of Natu-
ral Language Processing (NLP) that involves locating 
and categorizing predefined entities in text into specific 
groups, such as names of people, organizations, loca-
tions, etc. [13]. However, traditional NER tools lack the 
capability to identify the country name solely based on 
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detailed location descriptions. Consequently, NER tools 
need to be implemented in conjunction with other deep 
learning methods to detect associated elements with 
detected geographic features, thereby increasing the 
complexity of our goals in this study [14, 15].

To advance beyond traditional methods of extracting 
geographic entities and capitalize on the capabilities of 
Artificial Intelligence (AI), the current study introduces 
a novel framework for the extraction of geographic 
features from text. This framework streamlines the 
process of extracting geographic features and discern-
ing the roles of these features within a given context. 
Specifically, we employed state-of-the-art models such 
as Bidirectional Encoder Representations from Trans-
formers (BERT) to determine whether an article per-
tains to illegal kidney activities [16]. Furthermore, the 
Meta’s open-sourced Generative Pre-Trained Trans-
former (GPT), Llama3.3-70B [17], and fine-tuning 
method Retrieval Augmented Generation (RAG) [18] 
was deployed to extract country names and identify 
intricate agent relationships, including buyers, sellers, 
brokers, and surgeons for all extracted countries. Com-
pared to traditional NER approaches, BERT and GPT 
models leverage the attention mechanism to capture 
richer contextual information, bidirectionally in BERT 
and left-to-right in GPT [16, 19, 20]. This enables them 
to understand the meaning of a word based on its sur-
rounding words while weighing the importance of dif-
ferent words in a sentence. As a result, these models 
can focus on the most relevant parts of the text for 
identifying entities in context. Additionally, BERT and 
GPT are pretrained on large corpora, allowing them 
to learn more nuanced language patterns [16, 20]. In 
contrast, NER models are typically trained on smaller, 
task-specific datasets, limiting their ability to gener-
alize across diverse contexts. RAG further enhances 
GPT’s capabilities by integrating a retrieval mechanism 
that enables the model to query an external corpus of 
documents (in this study, news articles), extracting rel-
evant information that may not have been part of the 
model’s pretraining [18]. This leads to more accurate 
and up-to-date responses. The combination of RAG 
and GPT has been successfully applied in domains such 
as biomedicine and geosciences, demonstrating signifi-
cant improvements in biomedical text processing and 
extracting geospatial knowledge, such as measurements 
of population density and economic livelihoods [21, 
22]. This augmentation enabled us to explore a broader 
spectrum of articles spanning worldwide regions. By 
doing so, we constructed a more comprehensive spati-
otemporal database of kidney trade networks, fostering 
a deeper understanding of its intricate dynamics and 
interconnections across different countries.

Data sources
The study systematically gathered English news articles 
encompassing the timeframe from January 1st, 2000, to 
December 31st, 2022. This expansive collection of text 
data was culled from LexisNexis, a globally renowned 
purveyor of legal, regulatory, and business information, 
recognized for offering analytical solutions tailored to a 
plethora of industries [23]. We extracted relevant arti-
cles by employing a curated array of keywords, i.e., “kid-
ney trafficking”, “kidney trade”, “kidney buy”, “kidney 
sell”, “kidney market”, “kidney bazaar”, “kidney sale”, and 
“kidney illegal transplant”. To eliminate articles that are 
unrelated to kidney trade, the Boolean search logic was 
applied. The logic was developed using the prior knowl-
edge regarding the articles that are unrelated to kidney 
trade, e.g., articles discussing trade of kidney beans as 
well as commercial or agricultural products linked to 
kidney failure, cases of kidney disease arising from sex 
trafficking, advertisements pertaining to kidney dis-
ease treatment, and all other articles deviating from the 
focal point of our study. Particularly those articles with 
keywords such as “agriculture”, “commerce”, “pesticides”, 
“hair dye”, and “sex”, were purposefully excluded. The spe-
cific logic is expressed as follows:

(trafficking OR trade OR buy* OR sell* OR market* 
OR bazaar OR sale* OR ‘illegal transplant’) AND 
NOT (bean OR agriculture OR commerce* OR pes-
ticide OR ’hair dye’ OR sex)

The above process generated 50,228 raw data entries. 
A subsequent phase of data refinement involved the 
extraction of key attributes of the raw data, including 
title, date, source name, and main content, from the 
raw data (Table 1). These efforts resulted in the assem-
bly of a comprehensive CSV file housing pre-processed 
data, primed for subsequent analysis and investigation.

Methodologies
Figure  1 outlines our sequential steps in developing the 
database. Upon extraction of research data via the Lexis-
Nexis API, a manual labelling process was performed, 
followed by Implementing the BERT model to discern 

Table 1  Definition of the attributes that are used in the pre-
processed datasets

Attribute Definition

Title The title of the extracted article

Date The date that the extracted article was published

Source Name The publisher of the extracted article

Main Content The news content reported in the extracted new article
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Fig. 1  Workflow of Constructing a Spatiotemporal Database for Analyzing Illegal Kidney Trade Using NLP-Driven Deduplication and Geographic 
Location Extraction by Implementing Large Language Models

and exclude irrelevant articles. Next, the deployment of 
word2vec and cosine similarity techniques facilitated the 
identification and removal of duplicated articles [24, 25]. 
After this step, the application of GPT Model Llama3.3-
70B and RAG enabled the extraction of pertinent trad-
ing-related information as embedded within the articles. 
The final stage established a comprehensive PostgreSQL 
database structured across multiple tables. To visually 
render the data stored in the database, the QGIS software 
was used.

Article classification
While the dataset was initially refined through key-
word-based searches in the LexisNexis database, a cer-
tain proportion of unrelated articles persisted in the 
data. To address this issue, we leveraged BERT, an NLP 
model rooted in transformer architecture [16] to cre-
ate a classification model capable of effectively distin-
guishing between articles pertinent to illegal kidney 
trade and those that are unrelated. The BERT model has 
been shown to perform well on text classification tasks, 
even with small datasets [26, 27]. In this study, a manu-
ally labelled dataset of 800 rows was compiled, with 720 
entries used for training and 80 reserved for validation. 
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To ensure that the training data was randomly sampled 
and balanced, we selected data spanning different years 
from a 23-year period. The training set comprised 435 
entries labelled as "unrelated" and 285 as "related." Simi-
larly, the validation set consisted of 40 rows, evenly dis-
tributed between the two categories. To further assess 
the model’s performance under conditions that reflect 
the actual distribution of the full dataset, we conducted 
a second evaluation using a separate, imbalanced dataset 
of 1,003 rows—comprising 90 related and 913 unrelated 
articles—sampled across all 23  years. This imbalanced 
set was not used during training and was specifically 
designed to mirror the skewed distribution of related ver-
sus unrelated articles in the original data collection.

Duplication detection
In the subset of news articles identified as relevant, a sig-
nificant portion of the articles described identical events. 
To address these duplicates, we leveraged word-to-vector 
techniques [24]. The process began with the transforma-
tion of the content of each article into a vectorized for-
mat. This allowed us to quantify the similarity between 
articles by utilizing cosine similarity [25]. Cosine simi-
larity is widely used for text comparison tasks, particu-
larly in high-dimensional spaces like those encountered 
in document analysis [28, 29]. It effectively measures 
the angle between two vectors representing documents, 
focusing on their direction rather than magnitude [25]. 
This makes cosine similarity more robust when dealing 
with documents of varying lengths, as it disregards dif-
ferences in scale, which are common in news articles 
[30]. As depicted in Eq. (1), where A and B are the vector 
representations of two articles’ content. ||A|| and ||B|| 
denote the magnitudes (Euclidean norms) of the vectors 
A and B, respectively.

Cosine similarity typically ranges from -1 to 1. In text 
analysis, however, A and B represent non-negative vec-
torized representations of the text content, meaning the 
cosine similarity score ranges from 0 (completely dis-
similar) to 1 (completely similar). A score closer to 1 indi-
cates a higher degree of similarity between the articles. 
Similarity scores above 0.7 are often considered strong 
indicators of near-duplicate or highly similar texts. Con-
versely, lower similarity scores, such as 0.2 to 0.3, can 
capture broader, less exact matches, potentially identify-
ing articles discussing similar events [31]. In this study, 
we define duplicates as articles that report on the same 
event, rather than focusing on exact word matching. 
Therefore, a threshold of 0.2 was chosen to capture this 
broader concept of duplication. When the criteria are 
met, and if the articles were published within a narrow 

(1)Cosine Similarity = (A · B)/(||A|| ∗ ||B||)

temporal window (less than 7  days apart), we consider 
them to refer to the same event. In such cases, only one 
of the duplicate articles is retained in the database.

Location extraction
We implemented the Llama3.3-70B model and deployed 
RAG to fine-tune the language model for answering 
questions. Llama3.3-70B is a pre-trained GPT model 
[17] used in this study to identify the roles of countries 
involved in illegal kidney trade. As illustrated in Fig.  2, 
the process begins by inputting the article text and a 
prompt specifying the target role identification task. This 
input is first tokenized and passed through an embed-
ding layer, converting tokens into numerical vectors. 
Since the Transformer architecture doesn’t inherently 
capture sequence order, positional encoding is added to 
the embeddings to incorporate information about each 
token’s position, preserving word order. The encoded 
input is then processed through a stack of decoder lay-
ers, each containing Multi-Headed Attention and 
Positionwise Feed-Forward components, with layer nor-
malization applied throughout for stability. Within the 
Multi-Headed Attention Layer, the model simultaneously 
attends to different parts of the sequence, enabling it to 
understand contextual relationships. Attention scores are 
computed using Scaled Dot-Product Attention, which 
calculates relevance between tokens through linear trans-
formations into Query (Q), Key (K), and Value (V) vec-
tors. In this study, attention scores specifically highlight 
the relationships between country names and their target 
roles. The highest scoring country-role associations are 
selected, as shown in the right panel of the figure. The 
processed outputs from each decoder layer eventually 
pass through a linear layer and a SoftMax function, gen-
erating output probabilities for each country-role pair. 
The final output consists of the most probable country-
role associations, generated token by token [17, 19, 20].

A pre-trained GPT model is trained on its own corpus, 
providing a foundational ability to reason and under-
stand language. RAG enhances this by introducing an 
additional data source, which is retrieved based on spe-
cific queries [18]. In this study, we implemented RAG by 
converting news articles related to the illegal kidney trade 
into vectors using Llama3.3-70B embeddings and inte-
grating a vector database into the Llama3.3 model. This 
extended the model’s original knowledge, enabling it to 
answer questions focused on extracting country names 
and identifying their roles in the illegal kidney trade. As 
illustrated in Fig.  3, during the deployment of RAG, we 
utilized FAISS, a vector database building tool developed 
by Meta, to construct the vector database [32]. This pro-
cess involves inputting all illegal kidney trade articles into 
the embedding base model (Llama3.3-70B), converting 
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them into numerical vectors, and storing them in the 
database. When a query is input as a prompt, it is also 
processed through the embedding model to retrieve rel-
evant information from the vector database. We inputted 
the prompt for several rounds to find the best prompt. By 
using vectorized news articles and the chain-of-thought 
prompt, we fine-tune the LLM to extract geographic 

information from each illegal kidney trade article. we 
used the prompt attached-in Appendix II:

In this study, each news article was processed through 
this predefined template, wherein terminologies such as 
“seller,” “buyer,” “broker,” and “surgery” were strategically 
replaced to facilitate the extraction of critical attribute 
information pertinent to the kidney trade. The scale of 
the geographic location extraction is fixed on countries 

Fig. 2  Architecture of the Decoder Module in Transformer Models with Multi-Headed Attention and Output Generation

Fig. 3  Pipeline for Extracting Geographic Locations and Roles from Illegal Kidney Trade News Articles Using Large Language Model Embeddings 
and Vector Database FAISS
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level, since scope of this study majorly focuses on global 
network of illegal kidney trade instead of focusing on 
specific locations in each country. To ensure the efficacy 
of the location extraction capabilities of Llama3.3-70B, 
a manual labelling process was employed for all articles, 
serving to validate the applicability of this methodology 
for precise location identification. During the valida-
tion phase, the comparison was strictly limited to entries 
with valid values in both datasets—one produced by the 
Llama3.3-70B model, and the other comprising manually 
assigned labels. This approach entailed the exclusion of 
any data points containing null values, thereby refining 
the process of evaluating precision by focusing solely on 
comparably reliable information.

Database construction and data visualization
A spatial database was constructed utilizing PostgreSQL 
to store and manage data related to kidney trade cases 
[33]. Each case was recorded with attributes that cap-
ture the spatiotemporal dimensions, such as the loca-
tion of occurrence and the time of the event. Although 
this project is designed to utilize LLMs to identify related 
datasets and extract countries’ roles in the kidney trade, 
the accuracy of the database is ensured through manual 
verification of all data output from the LLM. The manu-
ally verified dataset forms the foundation of the database, 
ensuring that all entries are relevant to the illegal kidney 
trade and that each country’s role is accurately labeled, 
so that the verified data can be utilized for future stud-
ies such as network analysis of illegal kidney trade in the 
last two decades. The use of PostgreSQL, particularly its 
PostGIS extension, was instrumental in handling com-
plex queries involving geographical data and visualizing 
the spatiotemporal attributes of kidney trade cases. The 
maps were generated through a series of steps: first, by 
querying the spatial database to extract relevant data; 
then, by applying geospatial analysis techniques, includ-
ing implementing corresponding world map layers, 
assigning attributes such as trading role, trade frequency, 
and trade year to each country element in the attribute 
table, and categorizing them by decade, role, and fre-
quency, we were able to interpret the spatial and tem-
poral patterns; and finally, by using mapping software to 
create visual representations that convey the findings in 
an accessible and impactful manner.

The kidney trade mapping was performed using two 
methods. First, we counted the number of kidney trade 
activities each country was involved in and then plotted 
them on the corresponding maps based on their role. For 
example, India appeared 259 times (36.17%) as a seller 
host, 64 times (8.94%) as a buyer host, 207 times (28.91%) 

as a broker host, and 186 times (25.98%) as a surgery 
host. Thus, India was plotted on all four maps as a seller, 
buyer, broker, and surgery host. Second, we determined 
the primary role played by each country in the kid-
ney trade. This classification was based on the role that 
appeared most frequently, excluding countries where the 
occurrence was less than two times. In the case of India, 
it was involved in four different kidney trade activities. 
However, its role as a seller host accounted for the largest 
proportion (36.17%) of all kidney trade roles. Therefore, 
we determined that India’s primary role in the kidney 
trade was a seller host. The list of the countries by pri-
mary role is summarized in Appendix I.

Lastly, we visualized the primary roles of the coun-
tries in the global kidney trade network, focusing on 
cases involving at least two countries. The global kidney 
trade networks were then generated using Gephi [34], an 
open-source software, and its various layout algorithms, 
including Fruchterman Reingold, Noverlap, Expansion, 
Contraction, and Rotation, to better represent the com-
plex interactions within the network.

Results
Overall quantity and accuracy of data extraction by LLM
The PRISMA workflow (Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses) is a standard-
ized framework widely used for reporting systematic 
reviews and meta-analyses across various disciplines 
[35]. Figure  4 displays the PRISMA workflow for the 
quantity of data in each step introduced in the previ-
ous methodology section. Initially, a comprehensive 
collection of 50,228 articles was retrieved from the 
LexisNexis database. By inputting the 50,228 articles 
into the BERT classification model, this corpus was 
narrowed down to 3,105 articles that were directly 
related to illegal kidney trade. Table  2 presents the 
classification model constructed using BERT dem-
onstrated an accuracy of 88.75%, alongside a sensitiv-
ity of 88.75% and a specificity of 90.0%. From the data 
independently selected apart from the training dataset, 
we also recognized that the raw retrieved data (50,228 
articles) was imbalanced, with far more unrelated than 
related articles. To account for this, we selected a total 
of 1,003 validation samples across all 23  years—com-
prising 90 related and 913 unrelated articles—ensuring 
that each year contributed approximately equal pro-
portions of data. After testing, all model outputs were 
manually reviewed by human evaluators. As shown in 
Table 3, two evaluation tables are presented: one based 
on a balanced dataset (39 related, 41 unrelated) and the 
other on an imbalanced dataset (90 related, 913 unre-
lated). The results indicate that the model performs 
particularly well in correctly identifying unrelated 
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articles. Following manual review of all 3,105 articles, 
we identified and retained 2,044 news articles related 
to illegal kidney trade. Subsequently, to ensure the 
uniqueness of the dataset, the duplication detection 
phase was employed, which further refined the selec-
tion to 978 articles after manual review. Lastly, 978 
articles were inputted into the Llama3.3 GPT model 
to identify countries that have been involved and their 
roles in the illegal kidney trade. Table  3 summarizes 

the accuracy of the methodology across different roles 
involved in the trade. Compared to traditional Named 
Entity Recognition (NER) approaches, which can only 
extract location entities that explicitly appear in the 
text and fail to identify the roles countries play within 
the context of the article, the integration of RAG with 
the GPT model offers a significant improvement. For 
example, in an article stating, “a 27-year-old Chinese 
citizen wants to sell his kidney to the UK,” traditional 
NER could not recognize “Chinese” as "China" or “UK” 
as "United Kingdom." Additionally, it couldn’t identify 
which country was the buyer or seller. By understand-
ing the broader context of the news article, the integra-
tion of RAG with the GPT model effectively extracts 
geographic locations and identifies the roles of coun-
tries involved, demonstrating more robust and insight-
ful results.

During the evaluation of the GPT model’s output, 
we removed all rows containing empty or null values. 
In many cases, we found the role information to be 

Fig. 4  Filtering Pipeline for Illegal Kidney Trade News Articles: From Raw Data to Unique Case Identification

Table 2  Confusion matrix for BERT classification: balanced vs. imbalanced testing results

PPV positive predictive values, NPV Negative predictive values

Balanced Dataset Actual related (40) Actual unrelated (40) Measures

Predicted related (39) True Positive (35) False Positive (4) PPV: 89.7%

Predicted unrelated (41) False Negative (5) True Negative (36) NPV: 87.8%

Measures Sensitivity: 88.75% Specificity: 90.0% Accuracy 88.75%

Imbalanced Dataset Actual related (90) Actual unrelated (913) Measures

Predicted related (90) True Positive (88) False Positive (2) PPV: 97.8%

Predicted unrelated (913) False Negative (2) True Negative (911) NPV: 99.8%

Measures Sensitivity: 97.78% Specificity: 99.78% Accuracy 99.60%

Table 3  Accuracy of Location Extraction by Llama3.3-70B across 
Different Roles

Sellers (%) Buyers (%) Brokers (%) Surgery (%)

Accuracy 86.30 88.89 93.33 95.93

Precision 74.37 79.21 86.16 89.32

Recall 75.65 77.5 70.42 84.25

F1 Score 71.19 74.5 72.84 83.28
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ambiguous. Therefore, during manual review, if a coun-
try’s role was not clearly stated, we intentionally left 
the corresponding field empty. For example, consider 
the following article excerpt: “BERLIN: Internet auction 
house eBay has said it had put a stop to an auction of a 
human kidney on its German website which drew a bid 
of almost $160,000. The offer was posted on the United 
States auctioneer’s site (www.​ebay.​de) by an anonymous 
seller who said it could be picked up in the Swiss city 
of Zurich. The bid was made on February 18.” From a 
human reviewer’s perspective, the seller is not explic-
itly stated. However, the buyer appears to be browsing 
the German website, while the United States and Swit-
zerland could be considered brokers—the former as the 
host of the auction platform and the latter as the pickup 
location. The surgery location is also clearly mentioned. 
In contrast, the LLM interpreted Switzerland as the 
seller, the United States as the buyer, Germany and the 
United States as brokers, and no country as the surgery 
location. While this interpretation diverges from our 
own, we acknowledge that the LLM’s reasoning is also 
plausible—for instance, one could reasonably infer that 
a seller in Switzerland posted a kidney trade listing on 
both German and American platforms.

Due to such ambiguity, we limited our evaluation to a 
subset of cases where all four roles—seller, buyer, broker, 
and surgery—were explicitly and unambiguously stated. 
This approach enabled a more reliable assessment of the 
model’s ability to accurately identify clearly defined role 
information. Specifically, we evaluated the LLM’s perfor-
mance on 270 cases that contained complete role annota-
tions. As shown in Table 3, the model correctly identified 
233 seller roles (86.30%), 240 buyer roles (88.89%), 252 
broker roles (93.33%), and 259 surgery roles (95.93%).

Although a deduplication step was included in our 
preprocessing pipeline to remove repeated articles, we 
later realized that some of these articles, while describ-
ing the same incident, provided different pieces of role 
information. For example, one article might mention 
the seller’s country, while another referring to the same 
case might reveal the buyer or surgery location. To 
ensure comprehensive labelling, we manually revisited 
all potential duplicates and consolidated information 
across articles describing the same case. This process 
allowed us to extract more complete role data and ulti-
mately resulted in a refined dataset of 978 unique cases, 
each with the most comprehensive role information 
available.

Country involvement in kidney trade
Most of the 978 reviewed articles mentioned kidney 
sellers’ nationalities, while mentions of buyers’ and 

brokers’ nationalities as well as the countries where 
surgeries took place were less frequent. More spe-
cifically, 798 (81.60%) articles revealed sellers’ nation-
alities, while the number of articles listing buyers’ or 
brokers’ nationalities, or surgery locations were 378 
(38.65%), 612 (62.58%), 548 (56.03%respectively. The 
numbers reflect the fact that many of the reviewed arti-
cles focused most heavily on victims (i.e., sellers), and 
then on accused (i.e., brokers or surgery locations) of 
kidney trade. There appears to be less emphasis on buy-
ers who tend to be perceived as less to be blamed in the 
crime.

Table  4 lists the top 10 countries with the highest 
counts of involvement in the kidney trade. The counts 
were very skewed: One country (India) was involved in 
352 reported cases, while the majority of the 89 countries 
(N = 50) appeared in less than 10 reported cases. The 
median count of kidney trade involvement was 6 with 
the min and max values being 1 and 352 respectively and 
the interquartile range (IQR) being 18 (= 20–2). Figure 5 
presents the global country map showing the counts of 
kidney trade involvement for each country, where darker 
coloured countries correspond to the countries with a 
higher count of involvement.

Of the 89 countries, 71 (79.78%) countries hosted 
seller(s) in at least one case. Sixty (67.42%) countries 
hosted buyer(s) at least once, 60 (67.42%) countries 
hosted broker(s) at least once, and 49 (55.06%) coun-
tries hosted surgeries at least once.

Countries hosting kidney sellers
Figure  6 presents the world map of countries hosting 
reported kidney sellers between the first (2000–2011) 
and the second (2012–2022) decades. The countries with 
the darkest shade of red correspond to the category with 
the highest number of times that the country hosted sell-
ers, while those with the lightest red correspond to the 

Table 4  Counts of Involvement in Kidney Trade Cases

Country Name Cases Count (%)

India 352 (36.25)

Pakistan 160 (16.48)

China 123 (12.67)

Israel 114 (11.74)

United Kingdom 82 (8.44)

United States 68 (7.00)

Turkey 67 (6.90)

Philippines 44 (4.53)

Sri Lanka 42 (4.33)

Moldova 41 (4.22)

http://www.ebay.de
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lowest frequency of appearance as a seller host. In the 
first decade, the countries that belonged to the highest 
frequency category were India, Pakistan, China, Mol-
dova, Brazil, the United Kingdom, Israel, the Philippines, 
Indonesia, and Turkey. In the second decade, the coun-
tries of India, China, Pakistan, Nepal, Bangladesh, Israel, 
Nigeria, the Russian Federation, Turkey, Ukraine, and Sri 
Lanka were found to be in the highest frequency category 
(Fig. 7).

Table  5 presents how the top 10 seller countries 
changed between the first and the second decades. Five 
of the top 10 countries bolded in the table (India, Paki-
stan, China, Israel and Turkey) appeared as top 10 seller 
countries in both decades, while Moldova, Brazil, the 
United Kingdom, the Philippines, and Indonesia were 
replaced by Nepal, Bangladesh, Nigeria, Russia and 
Ukraine. India dominated as the top seller country with 
more cases seen in the second decade. In the first dec-
ade, 16% (N = 92) of the total seller cases involved India, 
while this share increased to 33% (N = 167) in the second 
decade. Most sellers were from Southern (India, Paki-
stan, Bangladesh, Nepal) or South-eastern Asia (Indone-
sia, the Philippines). In fact, these countries shared 44% 
(= 477/1,083) of the entire reported kidney seller cases. 
Other regions included Western Asia (Israel and Turkey), 
Western Africa (Nigeria), Eastern Europe (Russian Fed-
eration, Ukraine, and Moldova), Latin America and the 
Caribbean (Brazil), Eastern Asia (China), and Northern 
Europe (United Kingdom).

Countries hosting kidney buyers
Figure 6 presents the countries reported as a host of kid-
ney buyers between the first and the second decades. 
The darkest blue shading represents the highest con-
centration of buyer cases, whereas the lighter shading 
corresponds to the lowest reported number of buyers. 
In the first decade, the countries that fell into the high-
est frequency category were Israel, the United States, the 
United Kingdom, Singapore, India, Canada, Australia, 
and Japan. In the second decade, the highest frequency 
category included India, Israel, the United States, Can-
ada, Pakistan, the United Kingdom, and Germany.

Table  6 presents the top 10 buyer countries by dec-
ade, revealing significant shifts in buyer country patterns 
between the two decades. In the first decade, Israel, the 
United States, and the United Kingdom emerged as the 
primary buyers, with Israel leading at 16% (N = 46), fol-
lowed by the United States (12%, N = 35) and the United 
Kingdom (10%, N = 29). Singapore and India also fea-
tured prominently, accounting for 9% (N = 26) and 6% 
(N = 17) of cases, respectively. In the following decade, 
however, India surged to prominence, becoming the top 
buyer with 20% (N = 47) of cases, followed by Israel (9%, 
N = 20) and the United States (7%, N = 17). When analys-
ing the geographic regions, the top buyer countries were 
distributed across various parts of the world. In the ear-
lier decade, buyers were notably concentrated in regions 
such as North America (United States and Canada), 
Europe (United Kingdom and Germany), and Asia (Israel, 
Singapore, India, Japan, Saudi Arabia, and Pakistan). In 

Fig. 5  A world map representing the number of illegal kidney trade cases reported in the news articles worldwide between January 1st, 2000, 
to December 31st, 2022. The countries with at least one case of illegal kidney trade case were classified into 5 groups using quantiles. Countries 
with a darker red shade correspond to more cases of reported illegal kidney trade cases
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contrast, the subsequent decade witnessed a more glob-
ally dispersed pattern, with India and Israel leading 
from Asia, the United States from North America, and 
Canada from North America. Additionally, significant 
buyer countries were found in Europe (the United King-
dom and Germany), Africa (Nigeria), and Asia (Pakistan, 
China, and Oman).

Countries hosting kidney brokers
Figure  8 shows the countries that hosted an alleged 
kidney broker. The darkest purple shading represents 
the highest concentration of broker cases, whereas the 
lighter shading corresponds to the lowest reported num-
ber of brokers in a given country. Across both periods, 
a handful of countries stood out as clear outliers: India, 
Pakistan, China, Israel, Turkey, Egypt, and the United 
States. The global broker distribution was also sparser 

Fig. 6  A world map representing the number of illegal kidney trade cases in which countries were reported as a kidney seller provider. The upper 
panel shows the map for the first decade (2000–2011) while the lower panel shows the map for the second decade (2012–2022). In each panel, 
the countries with at least one case serving as a kidney seller provider were classified into 5 groups using quantiles. Countries with a darker red 
shade correspond to more cases in which they appeared as a kidney seller provider
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in the first decade than the second decade. Sub-Saharan 
Africa, South America, North America, and the Oceania 
regions all reported significantly fewer cases in the later-
half of our analysis.

Table 7 reports the top 10 broker countries in the first 
and second decade of our study. These results further 
corroborate the visual concentration of broker activ-
ity apparent in our global map (Fig. 8). Six of the top 10 
countries listed (India (15%, N = 47), Israel (9%, N = 29), 
Pakistan (8%, N = 24), China (7%, N = 23), Turkey (7%, 

N = 21), and Egypt (3%, N = 10)) stood out clear outli-
ers in our dataset, identified as part of the top 10 broker 
countries across both decades. In all, 63% (N = 462) of all 
broker cases were from these six countries. South Africa 
(7%, N = 21), the United States (6%, N = 20), Singapore 
(6%, N = 19), and the United Kingdom (4%, N = 12) were 
global leaders in the earlier decade of our study. These 
nations were replaced by Nepal (5%, N = 19), Bangladesh 
(3%, N = 13), Cambodia (2%, N = 10), and Sri Lanka (2%, 
N = 9) in the latter decade. India dominated as the top 

Fig. 7  A world map representing the number of illegal kidney trade cases in which countries were reported as a kidney buyer provider. The upper 
panel shows the map for the first decade (2000–2011) while the lower panel shows the map for the second decade (2012–2022). In each panel, 
the countries with at least one case serving as a kidney buyer provider were classified into 5 groups using quantiles. Countries with a darker blue 
shade correspond to more cases in which they appeared as a kidney buyer provider
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broker country, significantly expanding its global broker 
share by nearly 23 percentage points (N = 113) from the 
first to the second decade. No immediate regional bro-
ker trends stand out in our analysis. Brokers were mostly 
working from Southern Asia (India, Pakistan, Bang-
ladesh, Nepal), Middle East/Northern Africa (Turkey, 
Egypt, Israel), or North America (United States, Canada). 
Instead, a handful of nations disproportionately domi-
nated the overall broker market. Our analysis found the 
top ten countries accounted for 72% (= 266/314) of all 
cases in the first decade and 85% (= 359/422) in the sec-
ond decade included in our dataset.

Countries hosting illegal transplant surgeries
Figure  9 shows that countries were reported as kidney 
surgery countries between the first and the second dec-
ades. The darkest green shading represents the high-
est concentration of surgery cases, whereas the lighter 

shading corresponds to the lowest reported number of 
surgeries. In the first decade, the countries that fell into 
the highest frequency category were India, Pakistan, 
China, South Africa, Turkey, United States, and Philip-
pines. In the second decade, the highest frequency cat-
egory included India, Pakistan, China, Sri Lanka, Turkey, 
Thailand, and Egypt.

Table  8 illustrates the analysis of the top 10 sur-
gery countries by decade, revealing significant shifts 
in surgery patterns over the periods from 2000 to 2011 
and from 2012 to 2022. In the first decade, India (17%, 
N = 50), Pakistan (14%, N = 41), China (12%, N = 36), 
and South Africa (10%, N = 30) emerged as the primary 
surgery countries, with Turkey leading at 8% (N = 24), 
followed by the United States 5% (N = 14) and the Philip-
pines (4%, N = 11). In the following decade, India (36%, 
N = 136), Pakistan (13%, N = 49), and China (12%, N = 45) 
were still the primary surgery countries, followed by Sri 
Lanka (8%, N = 30) and Turkey (4%, N = 14). When ana-
lysing the geographic regions, the top surgery countries 
were distributed across various parts of the world. 17% 
(N = 50) of the total surgery cases involved India as a host 
while this share increased to 36% (N = 136) in the second 
decade. Most surgery countries were from Southern Asia 
(India, Pakistan, Sri Lanka, Nepal), Eastern Asia (China) 
or South-eastern Asia (Thailand, Philippines, Indone-
sia). In fact, these countries shared 66% (= 443/668) of 
the entire reported kidney surgery cases. Other regions 
included Sub-Saharan Africa (South Africa), Europe and 
Northern America (the United Kingdom, and the United 
States), Eastern Asia (Japan), and Western Asia (Turkey, 
Israel, Egypt), reflecting a more globally dispersed pat-
tern of surgery activity.

Table 5  Top 10 Seller Countries by Decade

2000–2011 2012–2022

Country Name Cases Count (%) Country Name Cases Count (%)

India 92 (16.17%) India 167 (32.55%)

Pakistan 51 (8.96%) China 63 (12.28%)

China 42 (7.38%) Pakistan 40 (7.80%)

Moldova (Republic of ) 39 (6.85%) Nepal 21 (4.09%)

Brazil 34 (5.98%) Bangladesh 19 (3.70%)

United Kingdom 32 (5.62%) Nigeria 13 (2.53%)

Israel 31 (5.45%) Russian Federation 13 (2.53%)

Philippines 28 (4.92%) Israel 13 (2.53%)

Indonesia 25 (4.39%) Turkey 12 (2.34%)

Turkey 22 (3.87%) Ukraine 11 (2.14%)

Table 6  Top 10 Buyer Countries by Decade

2000–2011 2012–2022

Country Name Cases Count 
(%)

Country Name Cases Count (%)

Israel 46 (16.37%) India 47 (20.00%)

United States 35 (12.46%) Israel 20 (8.51%)

United King-
dom

29 (10.32%) United States 17 (7.23%)

Singapore 26 (9.25%) Canada 13 (5.53%)

India 17 (6.05%) Pakistan 13 (5.53%)

Canada 14 (4.98%) United King-
dom

12 (5.11%)

Australia 11 (3.91%) Germany 10 (4.26%)

Japan 11 (3.91%) Nigeria 9 (3.83%)

Saudi Arabia 9 (3.20%) China 8 (3.40%)

Pakistan 7 (2.49%) Oman 8 (3.40%)
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Primary role of countries
To identify the primary role (seller, buyer, broker or sur-
gery) played by each country, we classified the countries 
into one of these classes based on the largest number of 
times that the country appeared by playing the specific 
role. For instance, India appeared 259 times (36.17%) as 
a seller host, 64 times (8.94%) as a buyer host, 207 times 
(28.91%) as a broker host, and 186 times (25.98%) as a 
surgery host. Thus, we determined that the primary role 
played by India was a seller host.

The list of the countries by primary role is summarized 
in Appendix I. Figure 10 presents the map of the coun-
tries with their primary roles coded in different colours. 
The map shows that, as expected, most seller countries 
are in less developed regions including South America, 
Africa, South Asia and the Former Soviet Union, while 
buyer countries are concentrated in richer countries in 
Western Europe, North America, the Middle East, Japan 
and Australia.

Fig. 8  A world map representing the number of illegal kidney trade cases in which countries were reported as a kidney broker provider. The upper 
panel shows the map for the first decade (2000–2011) while the lower panel shows the map for the second decade (2012–2022). In each panel, 
the countries with at least one case serving as a kidney broker provider were classified into 5 groups using quantiles. Countries with a darker purple 
shade correspond to more cases in which they appeared as a kidney broker provider
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Figure 11 visualizes the international kidney trade net-
works for the two decades. The node size in the networks 
represents the number of cases in which each country 
was involved, while the edge width indicates the volume 
of kidney trade between the connected countries. To 
enhance the readability of the network graphs, only the 
edges involved in more than one case were displayed. In 
the first decade, the United States and Israel played cru-
cial roles as buyer countries in the kidney trade network. 
However, these two countries displayed contrasting net-
work patterns. The United States received illicit kidney 
supplies from various countries in a relatively even dis-
tribution. In contrast, Israel was frequently connected 
to two seller countries, Moldova and Brazil. Also, Tur-
key and South Africa were the key countries that oper-
ated kidney transplants for this Israel-centric network. 
In the second decade, the United States continued to be 
an important buyer country with a more balanced distri-
bution of kidney supplier countries compared to Canada 
and Germany. However, Israel’s role has shifted from 
that of a buyer to that of a broker country, playing a sig-
nificant role in abetting kidney trade among the United 
States (buyer), Canada (buyer), Germany (buyer), Russian 
Federation (seller), and Turkey (seller). Lastly, it is worth 
noting that Sri Lanka emerged as an important surgical 
country, performing kidney transplants on victims from 
India.

Discussions and conclusion
There are several limitations to our method. First, we 
only collected English articles from around the world 
using LexisNexis. To construct a more comprehensive 
network, the dataset can be expanded by incorporat-
ing more sources and including articles in different lan-
guages. Second, our dataset might not represent the 
actual total cases. Removing duplicates effectively and 

capturing the actual number of cases of illegal transplants 
proved to be challenging as some notorious cases tend to 
be mentioned for a long period of time. Third, although 
the RAG tuning method has improved extraction accu-
racy compared to regular prompts, it still falls short of 
achieving 95% accuracy or higher when compared to 
human-evaluated results. Further research into addi-
tional tuning methods is necessary to enhance the accu-
racy of LLM for extracting geographic locations. Lastly, 
we acknowledge the inherent limitations of using news 
articles as a representative sample. Newspaper publish-
ers and their reporters may have different regional as well 
as topical focuses, which could generate bias in demon-
strating the true prevalence of illegal kidney transplant 
cases in individual countries. In our previous work, for 
instance, we have learned that Indian newspapers tend 
to report cases involving and not involving India, while 
Pakistani newspapers tend to be more Pakistan-centric. 
We have observed similar trend in newspapers and coun-
tries where some newspapers and countries are more 
likely to report kidney trafficking cases than the others. 
Despite these limitations, we believe that the high accu-
racy in discerning target articles and texts demonstrate 
that media analysis and NLP can offer the promise of 
extracting spatiotemporal insights from objective and 
accessible sources.

We acknowledge that the current paper is not the first 
to demonstrate this. Wang, for instance, harnessed social 
media NLP techniques to explore public sentiments con-
cerning COVID-19 vaccines, uncovering various patterns 
across states, ethnicities, and topics [36]. The contribu-
tion of the current paper lies in that the deployment of 
such methodologies to construct illicit kidney trade net-
works has not been explored in prior literature with the 
exception of the work focusing on South Asia [12]. Our 
approach aimed to unravel a more comprehensive and 
intricate illegal kidney trade network while elucidat-
ing the encompassing spatiotemporal patterns that have 
shaped this phenomenon over the past 23 years. Further, 
the current study is the first to use BERT and Llama3.3 
to extract geographic information in constructing the 
kidney trade database. Previous studies have employed 
a range of methodologies for geographic location extrac-
tion, typically falling into three categories: Geocoding 
services, Geoparsing, and Geotagging [37]. Geocoding 
services, exemplified by the Google Geocoding API, 
offer likely location references that correspond to input 
phrases, providing users with longitude and latitude coor-
dinates for specific locations [37]. Geoparsing involves 
the recognition of toponyms in text, often employ-
ing existing Named Entity Recognition (NER) tools like 
Stanford NER, which is particularly adept at identify-
ing country and city names [38]. Geotagging, frequently 

Table 7  Top 10 Broker Countries by Decade

2000–2011 2012–2022

Country Name Cases Count (%) Country Name Cases Count (%)

India 47 (14.97%) India 160 (37.91%)

Israel 29 (9.24%) Pakistan 62 (14.69%)

Pakistan 24 (7.64%) China 47 (11.14%)

China 23 (7.32%) Israel 22 (5.21%)

Turkey 21 (6.69%) Nepal 19 (4.50%)

South Africa 21 (6.69%) Bangladesh 13 (3.08%)

United States 20 (6.37%) Cambodia 10 (2.37%)

Singapore 19 (6.05%) Egypt 9 (2.13%)

United Kingdom 12 (3.82%) Sri Lanka 9 (2.13%)

Egypt 10 (3.18%) Turkey 8 (1.90%)
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utilized in social media platforms like Twitter, relies on 
users to directly provide geographic information [39]. 
In recent years, researchers have developed innovative 
techniques by incorporating neural network models like 
Bidirectional Long Short-Term Memory (BiLSTM) and 
fine-tuning transformer models to enhance the perfor-
mance of location information comprehension [14, 15]. 
However, these approaches resolved the location extrac-
tion problem primarily from an NER perspective. While 
these methodologies have found application in numerous 

research studies, they are primarily suited for the inter-
pretation of simple location information. Furthermore, 
the intertwining of geographic locations with specific 
topics presents additional complexities, with a single arti-
cle often referencing multiple geographic locations and 
diverse topics. These methodologies struggle to associ-
ate relevant topics with each location. Although recent 
research has used large language models (LLMs) to iden-
tify geographic locations with zero-shot and few-shot 
prompt strategies [40, 41], we have implemented RAG to 

Fig. 9  A world map representing the number of illegal kidney trade cases in which countries were reported as an illegal transplant surgery 
provider. The upper panel shows the map for the first decade (2000–2011) while the lower panel shows the map for the second decade (2012–
2022). In each panel, the countries with at least one case serving as an illegal transplant surgery provider were classified into 5 groups using 
quantiles. Countries with a darker green shade correspond to more cases in which they appeared as an illegal transplant surgery provider
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enhance the accuracy of geographic location extraction. 
Additionally, there are still limitations in implementing 
RAG with LLMs. While an accuracy of over 73% was 
achieved, with the highest role-specific accuracy reach-
ing 86.76%, manual verification of all results remains nec-
essary to ensure the accuracy of the database. This step is 
critical to make the database reliable for future studies, 
such as network analyses and predictions of international 
illegal trade.

The primary objective on the current study was to explore 
the new approach involving NLP and LLM to efficiently 
construct a geospatial database of illicit kidney trade. Thus, 
in-depth analysis of the extracted kidney trade networks 
is beyond the scope of the current study. We would like 
to note, however, that several anecdotal evidence or com-
mon conjectures about kidney trade were confirmed by the 
data gathered under the current study. First, as expected, 
the primary role played by developing countries were more 
likely to be a host of kidney sellers while that played by 
developed countries was a host of kidney buyers. Second, 
the spatial temporal trend of the data indicated that pri-
mary roles played by individual countries change over time, 
and kidney trade networks change and evolve dynamically. 
Our data indicated that about half of the top 10 countries 
playing each role gets replaced by other countries within a 
decade, possibly in response to exogenous factors such as 
enforcement or establishment of transplant laws that force 
their citizens to buy kidneys elsewhere as well as wars and 
poverty that force their citizens to sell their kidneys to get a 
secure passage to a safer location. Third, many of the coun-
tries highlighted in the current study are studied in quali-
tative literature on kidney trafficking. India is by far the 

most studied country [42–46], followed by other countries 
such as China [47–50], Bangladesh [51–55], Nepal [56–59], 
Pakistan [60–63] Egypt [55, 64] and South Africa [65–67]. 
While Turkey and Israel were also found to be major play-
ers in the study, they were less studied [68–71]. Finally, the 
immediate next steps should include quantitative analy-
ses of the data, investigating the country characteristics 
and other external factors associated with the primary 
role played by these countries. Equally important would 
be to identify the factors influencing the configuration of 
the country networks, i.e., investigating why certain seller 
countries are connected to specific buyer or surgery coun-
tries and how the country networks dynamically change or 
evolve over time.

Supplementary material
https://​github.​com/​wangf​armer/​Illeg​alKid​neyNe​twork

Appendix 1

Primary Role of Countries 2000–2011

Sellers Buyers Brokers Surgery

India
Pakistan
China
Moldova
Brazil
United Kingdom
Philippines
Indonesia
Russian Federation
Egypt
Romania
Bangladesh
Nepal
Kazakhstan
Ukraine
Iraq
Jordan
Peru
Uzbekistan
Bulgaria
Serbia
Belarus
Georgia
Ireland
Nicaragua
Vietnam
Estonia
Kenya

Israel
United States
Singapore
Canada
Australia
Japan
Saudi Arabia
South Korea
Oman
United Arab Emir-
ates
Germany
Greece
Poland
France

Iceland
Czechia
Sri Lanka
Yemen

South Africa
Turkey
Albania
Ecuador

Table 8  Top 10 Surgery Countries by Decade

2000–2011 2012–2022

Country Name Cases Count (%) Country Name Cases Count (%)

India 50 (17.06%) India 136 (36.27%)

Pakistan 41 (13.99%) Pakistan 49 (13.07%)

China 36 (12.29%) China 45 (12.00%)

South Africa 30 (10.24%) Sri Lanka 30 (8.00%)

Turkey 24 (8.19%) Turkey 14 (3.73%)

United States 14 (4.78%) Thailand 11 (2.93%)

Philippines 11 (3.75%) Egypt 10 (2.67%)

Egypt 8 (2.73%) United Kingdom 7 (1.87%)

Israel 7 (2.39%) Nepal 5 (1.33%)

Japan 7 (2.39%) Indonesia 5 (1.33%)

https://github.com/wangfarmer/IllegalKidneyNetwork
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Fig. 10  A world map representing the major role that each country played in illegal kidney trade cases. The upper panel shows the map 
for the first decade (2000–2011) while the lower panel shows the map for the second decade (2012–2022). In each panel, countries shown in red 
are the countries with more cases reported as a kidney seller provider than a kidney buyer, broker, or surgery provider. Countries shown in blue 
are the countries with more cases reported as a kidney buyer provider. Countries shown in purple are the countries with more cases reported 
as a kidney broker provider. Countries shown in green are the countries with more cases reported as an illegal transplant surgery provider

(See figure on next page.)
Fig. 11  Global ilicit kidney trade network diagram demonstrating the networks among kidney seller, buyer, broker and surgery countries 
by decade. The upper panel shows the diagram for the first decade (2000–2011) while the lower panel shows the diagram for the second decade 
(2012–2022). The networks were displayed only when country pairs had at least one trade reported. In each panel, the countries shown in blue 
and red are kidney seller and buyer providers respectively, while those shown in brown and green are kidney broker and illicit transplant surgery 
providers respectively. The node size in the networks represents the number of illicit kidney trade cases in which each country was involved, 
while the edge width indicates the volume of kidney trade between the connected countries
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Fig. 11  (See legend on previous page.)
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Primary Role of Countries 2012–2022

Sellers Buyers Brokers Surgery

India
China
Nepal
Bangladesh
Russian Federation
Nigeria
Ukraine
Syria
Iraq
Philippines
Afghanistan
Indonesia
Iran
Kazakhstan
Uganda
Vietnam
Belarus
Somalia
Morocco
Moldova

United States
Canada
United Kingdom
Germany
Oman
Australia
Saudi Arabia
Japan
Poland
Iceland
United Arab Emir-
ates
Bahrain

Pakistan
Israel
Cambodia
Greece
Azerbaijan
Libya
Bulgaria

Sri Lanka
Turkey
Thailand
Egypt
Costa Rica
Singapore
South Africa
Serbia
Uzbekistan
Ecuador
Mexico
Kyrgyzstan

Example 1:  Sellers are implied to be local kidney pro-
viders or donors.

 → Seller Country: Moldova

Example 2:  "Police have arrested nine people, includ-
ing two doctors, three donors, three recipients and one 
person who arranged these operations, for illegal trans-
plant of purchased kidneys in New Delhi."

Sellers are implied to be local kidney providers or 
donors.

Sellers are located in New Delhi.
New Delhi is a city; it’s located in India.
 → Seller Country: India

Example 3:  Three Latin American men in Toronto are 
offering to sell their kidneys for transplant.The National 
Post reports the three are advertizing their organs in a 
Spanish-language newspaper.

Sellers are implied to be local kidney providers or 
donors.

Latin America is identified as the seller location, but 
it is a region, not a specific country.

 → Seller Country: None
"""
Chain-of-Thought System Prompt for Buyer
"""
Step 1: Identify individuals who received or pur-

chased a kidney in the context of the kidney trade.
Step 2: Determine their country of origin or national-

ity based on the text.

Step 3: If only a city, village, or state is mentioned, 
identify the country that location belongs to and return 
the country name only.

Step 4: Confirm that the individual is a recipient or 
buyer, and not a seller, broker, or surgeon.

Step 5: If no country or identifiable location is pro-
vided, return None.

Step 6: If identified location is too vague, such as 
"Western countries", "African Countries" or "Latin 
America", return None.

Step 7: only Output the names of countries specifi-
cally linked to sellers. No explanation.

Example 1:  "INTERPOL is co-ordinating a worldwide 
hunt for a woman from Moldova, who has been accused 
of making tens of thousands of pounds by encouraging at 
least 100 people from Moldova to sell their kidneys for 
transplants in Turkey"

Buyers are implied to be local kidney recipients or 
patients

 → Buyer Country: Turkey

Example 2:  "Police have arrested nine people, includ-
ing two doctors, three donors, three recipients and one 
person who arranged these operations, for illegal trans-
plant of purchased kidneys in New Delhi."

Buyers are implied to be local kidney recipients or 
patients.

Buyers are identified in New Delhi.
New Delhi is a city; it’s located in India.
 → Buyer Country: India

Example 3:  "There they are said to have agreed to have 
their left kidneys removed in return for Pounds 1,800. 
The organs were given to patients from western countries 
who are believed to have paid up to Pounds 15,000 each"

Buyers are implied to be local kidney recipients or 
patients.

Western countries is identified as the buyer location, 
but it is a region, not a specific country.

 → Buyer Country: None
"""
Chain-of-Thought System Prompt for Broker
"""
Step 1: Identify individuals or entities who arranged, 

coordinated, or facilitated the kidney trade (e.g., 
recruiting sellers, matching buyers, arranging travel or 
surgeries).
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Step 2: Determine the country where each broker is 
based, operates from, or where the coordination activi-
ties took place.

Step 3: If only a city, village, or state is mentioned, 
identify the country that location belongs to and return 
the country name only.

Step 4: Confirm that the individual or organization 
is a broker or intermediary, and not a seller, buyer, or 
surgeon.

Step 5: If no country or identifiable location is pro-
vided, return None.

Step 6: If identified location is too vague, such as "West-
ern countries", "African Countries" or "Latin America", 
return None.

Step 7: only Output the names of countries specifically 
linked to brokers. No explanation.

Example 1:  "INTERPOL is co-ordinating a worldwide 
hunt for a woman from Moldova, who has been accused 
of making tens of thousands of pounds by encouraging at 
least 100 people from Moldova to sell their kidneys for 
transplants in Turkey".

Brokers are implied to be persons who arranging the 
operations.

 → Broker Country: Moldova.

Example 2:  "Police have arrested nine people, includ-
ing two doctors, three donors, three recipients and one 
person who arranged these operations, for illegal trans-
plant of purchased kidneys in New Delhi."

Brokers are implied to be persons who arranging the 
operations.

Buyers are identified in New Delhi.
New Delhi is a city; it’s located in India.
 → Broker Country: India.

Example 3:  "Sharma now got involved in the illegal 
kidney transplant business in cahoots with the notorious 
Dr Amit Kumar, who ran a multi-nation racket in South 
Asia".

Brokers are implied to be persons who arranging the 
operations.

South Asia is identified as the broker location, but it is 
a region, not a specific country.

 → Broker Country: None.
"""
Chain-of-Thought System Prompt for Surgery.
"""
Step 1: Identify the locations where kidney transplant 

surgeries were physically performed.

Step 2: Look for keywords like hospital, clinic, trans-
plant, operation, surgery, or doctors performing the sur-
gery that clearly indicate where the procedure took place.

Step 3: If only a city, village, or state is mentioned, iden-
tify the country that location belongs to and return the 
country name only.

Step 4: Confirm that the location is linked to the trans-
plant procedure, and not to the seller, buyer, or broker.

Step 5: If no country or identifiable location is pro-
vided, return None.

Step 6: If identified location is too vague, such as "West-
ern countries", "African Countries" or "Latin America", 
return None.

Step 7: only Output the names of countries specifically 
linked to surgery locations. No explanation.

Example 1:  "Thailand’s Medical Council has revoked 
the license of one doctor and suspended those of four 
others after finding they had illegally traded in human 
organs, the council’s officers said Friday"

Surgery are implied to be locations where kidney trans-
plant surgeries were physically performed.

 → Surgery Country: Thailand

Example 2:  "Police have arrested nine people, includ-
ing two doctors, for illegal transplant of purchased kid-
neys in New Delhi."

Surgery are implied to be locations where kidney trans-
plant surgeries were physically performed.

The involvement of doctors and illegal transplants links 
New Delhi to the surgeries.

New Delhi is a city; it’s located in India.
 → Surgery Country: India

Example 3:  "Then they were flown to Europe, South 
America or Southeast Asia, where the medical surgeries 
were performed in illegal procedures."

Surgery are implied to be locations where kidney trans-
plant surgeries were physically performed.

Europe, South America or Southeast Asia are identified 
as the broker locations, but they are regions, not specific 
countries.

 → Surgery Country: None.
"""

Appendix 2
Chain-of-Thought System Prompt for Seller

"""
Step 1: Identify individuals who sold or lost a kidney in 

the context of the kidney trade.
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Step 2: Determine their country of origin or nationality 
based on the text.

Step 3: If only a city, village, or state is mentioned, iden-
tify the country that location belongs to and return the 
country name only.

Step 4: Confirm that the person is a donor or victim 
who lost a kidney, and not a broker, buyer, or surgeon.

Step 5: If no country or identifiable location is pro-
vided, return None.

Step 6: If identified location is too vague, such as "West-
ern countries", "African Countries" or "Latin America", 
return None.

Step 7: only Output the names of countries specifically 
linked to sellers. No explanation.

Example 1:  "INTERPOL is co-ordinating a worldwide 
hunt for a woman from Moldova, who has been accused 
of making tens of thousands of pounds by encouraging at 
least 100 people from Moldova to sell their kidneys for 
transplants in Turkey"

Sellers are implied to be local kidney providers or 
donors.

 → Seller Country: Moldova

Example 2:  "Police have arrested nine people, includ-
ing two doctors, three donors, three recipients and one 
person who arranged these operations, for illegal trans-
plant of purchased kidneys in New Delhi."

Sellers are implied to be local kidney providers or 
donors.

Sellers are located in New Delhi.
New Delhi is a city; it’s located in India.
 → Seller Country: India

Example 3:  Three Latin American men in Toronto are 
offering to sell their kidneys for transplant.The National 
Post reports the three are advertizing their organs in a 
Spanish-language newspaper.

Sellers are implied to be local kidney providers or 
donors.

Latin America is identified as the seller location, but it 
is a region, not a specific country.

 → Seller Country: None
"""
Chain-of-Thought System Prompt for Buyer
"""
Step 1: Identify individuals who received or purchased 

a kidney in the context of the kidney trade.
Step 2: Determine their country of origin or nationality 

based on the text.

Step 3: If only a city, village, or state is mentioned, iden-
tify the country that location belongs to and return the 
country name only.

Step 4: Confirm that the individual is a recipient or 
buyer, and not a seller, broker, or surgeon.

Step 5: If no country or identifiable location is pro-
vided, return None.

Step 6: If identified location is too vague, such as "West-
ern countries", "African Countries" or "Latin America", 
return None.

Step 7: only Output the names of countries specifically 
linked to sellers. No explanation.

Example 1:  "INTERPOL is co-ordinating a worldwide 
hunt for a woman from Moldova, who has been accused 
of making tens of thousands of pounds by encouraging at 
least 100 people from Moldova to sell their kidneys for 
transplants in Turkey"

Buyers are implied to be local kidney recipients or 
patients

 → Buyer Country: Turkey

Example 2:  "Police have arrested nine people, includ-
ing two doctors, three donors, three recipients and one 
person who arranged these operations, for illegal trans-
plant of purchased kidneys in New Delhi."

Buyers are implied to be local kidney recipients or 
patients.

Buyers are identified in New Delhi.
New Delhi is a city; it’s located in India.
 → Buyer Country: India

Example 3:  "There they are said to have agreed to have 
their left kidneys removed in return for Pounds 1,800. 
The organs were given to patients from western countries 
who are believed to have paid up to Pounds 15,000 each"

Buyers are implied to be local kidney recipients or 
patients.

Western countries is identified as the buyer location, 
but it is a region, not a specific country.

 → Buyer Country: None
"""
Chain-of-Thought System Prompt for Broker
"""
Step 1: Identify individuals or entities who arranged, 

coordinated, or facilitated the kidney trade (e.g., 
recruiting sellers, matching buyers, arranging travel or 
surgeries).
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Step 2: Determine the country where each broker is 
based, operates from, or where the coordination activi-
ties took place.

Step 3: If only a city, village, or state is mentioned, iden-
tify the country that location belongs to and return the 
country name only.

Step 4: Confirm that the individual or organization 
is a broker or intermediary, and not a seller, buyer, or 
surgeon.

Step 5: If no country or identifiable location is pro-
vided, return None.

Step 6: If identified location is too vague, such as "West-
ern countries", "African Countries" or "Latin America", 
return None.

Step 7: only Output the names of countries specifically 
linked to brokers. No explanation.

Example 1:  "INTERPOL is co-ordinating a worldwide 
hunt for a woman from Moldova, who has been accused 
of making tens of thousands of pounds by encouraging at 
least 100 people from Moldova to sell their kidneys for 
transplants in Turkey".

Brokers are implied to be persons who arranging the 
operations.

 → Broker Country: Moldova.

Example 2:  "Police have arrested nine people, includ-
ing two doctors, three donors, three recipients and one 
person who arranged these operations, for illegal trans-
plant of purchased kidneys in New Delhi."

Brokers are implied to be persons who arranging the 
operations.

Buyers are identified in New Delhi.
New Delhi is a city; it’s located in India.
 → Broker Country: India.

Example 3:  "Sharma now got involved in the illegal 
kidney transplant business in cahoots with the notorious 
Dr Amit Kumar, who ran a multi-nation racket in South 
Asia".

Brokers are implied to be persons who arranging the 
operations.

South Asia is identified as the broker location, but it is 
a region, not a specific country.

 → Broker Country: None.
"""
Chain-of-Thought System Prompt for Surgery.
"""
Step 1: Identify the locations where kidney transplant 

surgeries were physically performed.

Step 2: Look for keywords like hospital, clinic, trans-
plant, operation, surgery, or doctors performing the sur-
gery that clearly indicate where the procedure took place.

Step 3: If only a city, village, or state is mentioned, iden-
tify the country that location belongs to and return the 
country name only.

Step 4: Confirm that the location is linked to the trans-
plant procedure, and not to the seller, buyer, or broker.

Step 5: If no country or identifiable location is pro-
vided, return None.

Step 6: If identified location is too vague, such as "West-
ern countries", "African Countries" or "Latin America", 
return None.

Step 7: only Output the names of countries specifically 
linked to surgery locations. No explanation.

Example 1:  "Thailand’s Medical Council has revoked 
the license of one doctor and suspended those of four 
others after finding they had illegally traded in human 
organs, the council’s officers said Friday"

Surgery are implied to be locations where kidney trans-
plant surgeries were physically performed.

 → Surgery Country: Thailand

Example 2:  "Police have arrested nine people, includ-
ing two doctors, for illegal transplant of purchased kid-
neys in New Delhi."

Surgery are implied to be locations where kidney trans-
plant surgeries were physically performed.

The involvement of doctors and illegal transplants links 
New Delhi to the surgeries.

New Delhi is a city; it’s located in India.
 → Surgery Country: India.

Example 3:  "Then they were flown to Europe, South 
America or Southeast Asia, where the medical surgeries 
were performed in illegal procedures."

Surgery are implied to be locations where kidney trans-
plant surgeries were physically performed.

Europe, South America or Southeast Asia are identified 
as the broker locations, but they are regions, not specific 
countries.

 → Surgery Country: None.
"""
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