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Abstract

Background: Complementary therapies are being increasingly used by cancer patients. As a channel for customers to share their
feelings, outcomes, ideas, and perceived knowledge about the products purchased from e-commerce platforms, Amazon online
reviews are a valuable real-world data source for health care studies.

Objective: In this study, we aim to highlight the potential of using Amazon consumer reviews in mining the outcomes of cancer
symptom management, provide a freely accessible corpus, and develop natural language processing (NLP) baseline models to
demonstrate the usability of the annotated dataset.

Methods: We preprocessed the Amazon review dataset and conducted content analysis. We then designed an annotation
guideline, annotated 159 reviews, and developed baseline models based on deep learning and large language model (LLM) for
name entity recognition and text classification tasks.

Results: The annotation labels were designed to capture cancer types, indicated symptoms, and symptom management
outcomes. The resulting annotation corpus contains 2,067 labels from 159 Amazon reviews. It’s publicly accessible, together
with the annotation guideline through the Open Health Natural Language Processing (OHNLP) Github. Our baseline model, bert-
base-cased, achieved highest weighted average F1, i.e., 66.92%, for NER, and LLM gpt4-1106-preview-chat achieved the
highest F1 for text classification tasks, i.e., 66.67% for “Harmful outcome”, 88.46% for “Favorable outcome” and 73.33% for
“Ambiguous outcome”.

Conclusions: Results showed the potential of using Amazon reviews in mining the outcomes of cancer symptom management.
The annotation corpus and baseline models provide a foundation for future enhanced methodology development to facilitate
cancer symptom management in cancer patients using Amazon consumer reviews.
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ABSTRACT

Background:  Complementary  therapies  are  being  increasingly  used  by  cancer  patients.  As  a
channel for customers to share their feelings, outcomes, ideas, and perceived knowledge about the
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products purchased from e-commerce platforms, Amazon online reviews are a valuable real-world
data source for health care studies. 

Objectives: In this study, we aim to highlight the potential of using Amazon consumer reviews in
mining  the  outcomes  of  cancer  symptom management,  provide  a  freely  accessible  corpus,  and
develop natural  language processing  (NLP)  baseline  models  to  demonstrate  the  usability  of  the
annotated dataset.

Materials  and  Methods:  We  preprocessed  the  Amazon  review  dataset  and  conducted  content
analysis. We then designed an annotation guideline, annotated 159 reviews, and developed baseline
models based on deep learning and large language model (LLM) for name entity recognition and text
classification tasks.

Results: The annotation labels  were designed to capture  cancer  types,  indicated symptoms,  and
symptom management outcomes. The resulting annotation corpus contains 2,067 labels from 159
Amazon reviews. It’s publicly accessible, together with the annotation guideline through the Open
Health  Natural  Language  Processing  (OHNLP)  Github.  Our  baseline  model,  bert-base-cased,
achieved highest weighted average F1, i.e.,  66.92%, for NER, and LLM gpt4-1106-preview-chat
achieved the highest F1 for text classification tasks, i.e., 66.67% for “Harmful outcome”, 88.46% for
“Favorable outcome” and 73.33% for “Ambiguous outcome”.

Conclusion: Results  showed the potential  of using Amazon reviews in mining the outcomes of
cancer symptom management. The annotation corpus and baseline models provide a foundation for
future  enhanced  methodology  development  to  facilitate  cancer  symptom management  in  cancer
patients using Amazon consumer reviews. 

Keywords: Real-world  data;  cancer  research;  natural  language  processing;  annotation;  baseline
models; deep learning; large language model

Introduction

Managing  distressing  cancer  symptoms,  such as  pain,  fatigue,  weakness,  anorexia,  constipation,
anxiety, dyspnea, nausea, and vomiting, is critical for improving the quality of life in cancer patients.
Complementary  approaches  like  acupuncture,  mind-body  practices,  massage,  and  dietary
supplements offer the potential to alleviate such symptoms when conventional treatments do not
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work.  It  is  worth  noting  that  cancer  patients  consume  more  dietary  supplements  than  healthy
populations.1,2 Vitamin/mineral  supplements  and  herbal  therapies  are  among  the  most  common
complementary products used by individuals with cancer.3 In one study, 69.3% of patients reported
using dietary supplements after their cancer diagnosis.4 

Online  reviews  are  featured  with  reduced  anonymity  and  personal  opinions.5 As  a  channel  for
customers to share their feelings, outcomes, ideas, and perceived knowledge about the purchased
products based on the e-commerce platform, Amazon online reviews are a valuable real-world data
source for health  care studies.  Existing studies  on using health  care products as  complementary
therapies based on Amazon reviews mainly focus on specific domains other than cancer, such as
erectile dysfunction and testosterone imposters6, eye health7,  and  chronic pain8. This highlights a
significant gap in cancer research, as there are limited explorations of how consumers experience
complementary therapies, including effectiveness and adverse events. Amazon product reviews may
provide implicit patterns and knowledge for cancer symptom management identified through natural
language processing (NLP) techniques, where  annotated data is an important asset for algorithm
development  and  evaluation.  However,  the  existing  annotation  corpora  of  Amazon  reviews  are
limited to  the sentiment  analysis  task.  9-11 There is  a  lack of  manually annotated cancer-focused
datasets that could facilitate investigating cancer symptom management from the new dimension of
consumers.

In this study, we aim to  highlight the potential of using Amazon consumer reviews in mining the
outcomes of cancer symptom management, and achieve the two milestones for analyzing cancer
outcomes using Amazon reviews, 1) provision of a freely accessible annotation corpus using the real-
world data from Amazon reviews; 2) development of baseline models based on deep learning, large
language model (LLM) and the annotated data. 

Methods

Data source

We used  the  preprocessed  dataset  of  Health  &  Personal  Care  category containing  reviews  and
metadata  from Amazon  between  May  1996  -  July  2014.12 This  dataset  has  been  de-duplicated,
consisting  of  2,982,326  reviews  and 263,032  metadata.  Review  data  includes  reviewer  ID,  the
Amazon Standard Identification Number (ASIN) which Amazon uses to identify products, reviewer
name, helpfulness of rating, review text, overall rating (1–5 stars), summary of review, and review
time. Metadata of the reviews include ASIN, title, price, image url, what items the customer also
bought, what items the customer also viewed, what items the customer bought together, sales rank,
brand, and categories. ASIN is the primary key to link review text and metadata.
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Study design 

 

Figure  1.  Study  design.  NER:  named  entity  recognition;  DL:  deep  learning;  LLM:  large
language models

Figure 1 shows the study design. Multiple methodologies have been developed to identify named
entities in texts, i.e., machine learning, deep learning, hybrid, and rule-based methods.13 In the first
step, we used a rule-based method to identify a set of review texts with cancer mentions for a high-
level  content  analysis.  We  then  created  an  annotated  corpus  from  the  set  of  review  texts  and
developed baseline NLP models, including deep learning and LLM, for named entity recognition
(NER) and text classification.  

Data pre-processing with rule-based NLP method

To identify the reviews with cancer mentions, we prepared a cancer dictionary based on the cancer
branch of the Disease Ontology. It includes cell type cancer and organ system cancer integrated from
different terminologies and vocabularies including the Catalogue of Somatic Mutations in Cancer,
The Cancer Genome Atlas, International Cancer Genome Consortium, Therapeutically Applicable
Research  to  Generate  Effective  Treatments,  Integrative  Oncogenomics  and  the  Early  Detection
Research Network.14 In total,  there are 4,343 cancer term variants corresponding to 1,535 cancer
concepts.  The cancer terms were prepared into the symbolic lexicon format compatible with the
Open Health Natural Language Processing (OHNLP) Toolkit’s NLP engine MedTagger.15 The open-
source clinical NLP pipeline analyzed review texts and identified cancer-related medical concepts
along with the assertion status  of the cancer concept including certainty (i.e.,  positive,  negative,
hypothetical and possible). We kept only positive cancer concept mentions for further analysis. 

Content analysis

We  summarized  the  features  of  texts  containing  sentences  with  cancer  mentions,  conducted
sentiment analysis, topic modeling, and visualization of cancer types and symptoms association for
the review sentences with cancer mentions to gain insights into the prevailing themes and mood
surrounding discussions related to cancer within the dataset. 
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Text feature analysis

To understand the text features of review data, we performed text complexity analysis to summarize
review  texts  containing  the  sentences  with  cancer  mention,  including  number  of  review  texts,
number of sentences, and number of words. For comparison purposes, the above metrics were also
calculated for the entire collection of reviews from the Health & Personal Care category.

Sentiment analysis

Bert-base-multilingual-uncased-sentiment16 is  a  fine-tuned  model  from  a  bertbase-multilingual-
uncased model for sentiment analysis on product reviews in six languages including English. Based
on 5,000 held-out product reviews for English, the accuracy (exact), i.e., exact match for the number
of stars is 67%. Accuracy (off-by-1), i.e., the percentage of reviews where the number of stars the
model predicts differs by a maximum of 1 from the number given by the human reviewer is 95%.
The  fine-tuned  model  was  used  for  sentiment  analysis  of  review  sentences  with  cancer  term
mentions. This model predicts the sentiment of input text as a number of stars (between 1 and 5). The
higher  the  sentiment  score,  the  more  overall  positive.  The  lack  of  context  has  been  one  major
challenge in sentiment analysis that can affect the interpretation of sentiment.17 We consider that
identifying customer attitudes based on the sentence containing cancer mentions instead of the whole
review text can be better constructive in understanding consumers' efficacy and safety perceptions.
The sentiment of the review sentences with cancer mentions detected by Medtagger was further
analyzed  to  identify  positive  or  negative  attitudes  toward  the  product.18,19 We  analyzed  the
distribution of sentiment scores across the review sentences with cancer mentions, and the trend of
average sentiment score between 1996 and 2014.

Topic modeling 

We employed a sentence embedding model (i.e., bge-small-en)20 to transform the textual content of
reviews  into  numerical  embeddings.  These  embeddings  capture  the  semantic  essence  of  each
document in a high-dimensional space. We then applied UMAP (Uniform Manifold Approximation
and  Projection)21 to  the  embeddings  for  dimensionality  reduction.  This  step  is  crucial  for
visualization, as it converts high-dimensional data into a 2-dimensional format suitable for plotting.
The core of the analysis is performed by BERTopic,22 a model that identifies distinct topics within
the text data. BERTopic relies on sub-models for embeddings (provided by SentenceTransformer of
bge-small-en),  dimensionality  reduction  (UMAP),  and  hierarchical  clustering  (HDBSCAN).23

Additionally,  a  quantized  Large  Language  Model  (LLM)  (i.e.,  openhermes-2.5-mistral-7b)24 is
incorporated for topic  label  generation.  After  fitting the data  to the BERTopic model,  topics are
extracted along with their probabilities. Each topic is then assigned a label generated by the LLM
based on a predefined prompt. These labels are designed to be concise, with a maximum of five
words, and describe the essence of the documents within each topic. 

The chosen sentences were preprocessed by removing stop-words, special characters, and numbers
and removed sentences with pets (dog, cat, etc.).  We detected topics based on all sentences with
cancer mentions, as well as the sentences from 5 sentiment score groups. We then visualized the
results respectively.

Cancer type and symptom association

We constructed bipartite graphs to visualize the relationships between cancer type and symptoms.
The state-of-the-art LLM for NER, i.e., UniversalNER-7b-all model was used to identify symptoms
in  the  relevant  reviews via  0-shot  strategy.  We then calculated  the  numbers  of  cancer  type  and
symptom pairs. The bipartite graphs were built using the pairs of cancer types and symptoms, where
each type of cancer and symptom was represented as a node, with edges indicating their association
frequency.  Nodes  were  positioned  to  ensure  even  distribution  and  alignment  in  their  respective
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groups. Edge widths were normalized and scaled to reflect the frequency of the cancer type-symptom
pairs, providing a visual indication of the strength of each association.

Development of gold standards and baseline models

Gold standard creation

We developed an annotation guideline (Appendix File 1) for labeling the target data elements and
associated class/type from customer reviews. The guideline was designed to be as brief as possible,
aiming to minimize annotators’ cognitive load while maximizing the potential use of the annotated
dataset  for  future  information  extraction  tasks.  Supplemental  Table  1  shows  the  schema of  the
annotated labels. The target concepts included Cancer type, Indicated symptoms, Favorable outcome,
Harmful outcome, and Product, while each concept is assigned a class/type. The cancer type concept
has either the class of human or pet. Indicated symptoms, favorable outcome and harmful outcome
are assigned with classes of either cancer related or other, and the product concept has a type of
either itself  or other.  Cancer type,  indicated symptoms, favorable outcome and harmful outcome
were also labeled with one of the four certainties, e.g., positive, negative, hypothetical, and possible.
For  example,  in  the  sentence:  “I’ve  had  salivary  gland  cancer”,  “salivary  gland  cancer”  was
highlighted as the cancer type concept, associated with a human class and positive certainty. In the
sentence: “Some people say it might prevent cancer”, “might prevent cancer” was labeled as the
favorable outcome concept, associated with the cancer related class and hypothetical certainty.

MedTator,25 a free and open-source annotation tool, was used for this annotation task. Two trained
abstractors with medical and informatics backgrounds were first trained to annotate following the
annotation guideline. When they had the same understanding of the annotation task indicated by an
inter-annotator  agreement  (IAA)  of  0.9,  they  started  to  label  the  reviews  independently.  All
disagreements were discussed in the adjudication process, and a final " consensus” gold standard was
derived. IAA was calculated based on F1 value. 

We then randomly selected 200 review texts with cancer mentions detected from the first step. In the
annotation process, we focused on customer perspectives and excluded reviews of literature contents.
As a result, 159 reviews were chosen for annotation.  

Development of baseline models

In  our  study,  the  annotated  data  is  used  for  two  distinctive  NLP  tasks,  i.e.,  NER  and  text
classification. The NER task aimed to identify and classify entities from customer comments on
products,  focusing  on  cancer  types,  indicated  symptoms,  and  product  mentions.  Note  that  only
human  cancers  (not  pet  cancers)  and  cancer-related  symptoms  in  the  review  are  used  in  the
development of NER models. The Product entity refers to the anaphors of products.  Specifically,
cancer types entity includes specific cancers such as "breast cancer", "leukemia," "lymphoma," and
"melanoma". In developing baseline models, the entity type is limited to human-related cancer types
where the certainty of the mention is positive. Indicated symptoms refer to the indications that the
product was used for, e.g., “affected her eye” in “She had cancer that affected her eye”. Product
entity means direct mentions of the product names or indirect references such as "this" are captured.
For  text  classification,  the  task  was  to  categorize  user  review  comments  into  three  categories,
including favorable outcome,  harmful  outcome,  and ambiguous outcome.  Specifically,  Favorable
outcomes are comments where the product is noted to positively affect a cancer-related condition,
with varying degrees of certainty. Harmful outcomes are comments indicating a negative impact on
cancer-related conditions. Ambiguous outcomes include comments with possible and hypothetical
impacts,  reflecting  the  speculative  nature of  the  feedback.  We  used  the  data  on  cancer-related
outcomes.  
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We developed two types of baselines for the NER and text classification tasks. The first baseline is
based on the  supervised  fine-tuning (SFT)  of  BERT-like  models  on the  training  data,  with  two
different  classification  heads  on  top,  i.e.,  token  classification  and  sequence  classification,
respectively. We tested the performance of two popular BERT-like models, i.e., bert-base-cased and
Bio_ClinicalBERT. The second type of baseline is  based on LLM where we instruct  gpt4-1106-
preview-chat  to generate the desired labels in zero-shot, few-shot (using 5 examples), many-shot
(using all training data) 26 in-context learning settings. Appendix File 2 shows the prompts used for
NER and text classification.  For NER and text classification, 80% of the datasets  were used for
training, and 20% were designated for testing. 

RESULTS
A total  of 4,703 sentences  were detected with positive cancer  mentions,  corresponding to  3,349
reviews and 2,589 products. These reviews contained 26,078 sentences and 500,087 words, with an
average of 149.3 words per review. In contrast,  there are 10,469,336 sentences and 199,501,964
words in the 2,982,326 reviews from the Health & Personal Care category, with an average of 66.9
words per review. Figure 2 shows the distribution of product categories with review sentences of
cancer mentions. 

Figure 2. Distribution of product categories with review sentences of cancer mentions

 
Figure 3. Analysis of sentiment scores in review sentences with cancer mentions. A. Distribution
of sentiment scores across the review sentences. B. Trend of average sentiment score during
May 1996 - July 2014

Figure  3A shows  the  distribution  of  sentiment  scores  across  the  review  sentences  with  cancer
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mentions, where score 5 prevailed as the most common sentiment. Figure 3B shows the trend of
average sentiment score between 1996 and 2014. In general, increased trends can be observed before
and after a dip around 2008. 

Figure 4. Hierarchical clustering of topics based on all sentences with cancer mentions.
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Figure 5. Topic modeling with openhermes-2.5-mistral-7b based on all sentences with cancer
mentions 

The hierarchical  clustering of topics identifies (Figure 4)  the subgroups of topics.  For example,
protein powder and cancer risk is clustered with weight loss from cancer; breast cancer survivor is
clustered with estrogen positive cancer; vitamins and calcium for health is clustered with cancer
prevention.  Figure  5 shows the  results  from topic  modeling  based on all  sentences  with  cancer
mentions extracted from the dictionary method. Meaningful insights are revealed, e.g., green tea and
chemotherapy, cancer prevention treatment, breast cancer product recommendations, post cancer oral
issues, antioxidant effects on tumor blood vessels. Figure 6-10 (at the end of the munuscript) show
the hierarchical clustering and topic modeling based on the sentences from 5 sentiment score groups.
Crucial revelations could be found respectively in various sentiment score groups, e.g., more topics
on cancer risks appeared in the group of sentiment score 1 than other groups of sentiment scores,
including  carcinogen  ingredients,  California  warning  label  products,  artificial  sweetener  risks,
beware cheap Amazon products, ingredients and toxicity opinion, etc. More topics on benefits for
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cancer appeared in the group of sentiment score 5 than other groups of sentiment scores, such as
iodine and thyroid health benefits, calcium vitamin supplements and bone health, flaxseed health
benefits, cancer survivorship and thriving, sleep aid for cancer treatment, anticancer supplements for
cancer patients, etc.

Figure 11. Bipartite graph of cancer types and symptoms extracted by LLM.

Figure 11 shows the bipartite graphs of cancer types with symptoms. The bipartite graphs is used to
show the association between cancer types and symptoms instead of causal relations. Zero-shot LLM
extracted detailed symptoms, such as pain, inflammation, fatigue, constipation, etc. Results showed
associations between stomach cancer and reflux, breast cancer and menstrual cramps, bone cancer
and pain, etc. 

Figure 12 shows the top 15 symptoms in reviews, with pain being the most frequent  symptom,
followed  by  inflammation,  fatigue,  hot  flashes,  dry  mouth,  constipation,  cancer  sores,  nausea,
insomnia, etc.
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Figure 12. Top 15 symptoms in reviews

Table 1 shows the statistics for the resulting annotated corpus for each concept and associated classes
(type) and certainties. In total, 2,067 labels were generated from 159 reviews. Supplemental Table 2
shows the inter-annotator agreements for each concept annotation, with the overall inter-annotator
agreement being 0.86. IAA for cancer type is the highest (0.97) and harmful outcome is the lowest
(0.63). The annotated corpus is publicly accessible through the OHNLP Github.27 

Table 1. Statistics of the resulting annotated corpus.

Concepts Class (Type)/Certainty
Cancer_type Human Pet

Positi
ve 

Negati
ve 

Hypotheti
cal

Possib
le

Positi
ve 

Negati
ve 

Hypotheti
cal

Possib
le

131 9 100 2 18 0 3 0
 Cancer_related Other

Positi
ve 

Negati
ve 

Hypotheti
cal

Possib
le

Positi
ve 

Negati
ve 

Hypotheti
cal

Possib
le

Indicated_sym
ptom

105 1 1 0 80 0 2 0

Harmful_outco
me

16 0 5 0 23 0 1 0

Favorable_outc
ome

145 0 51 1 242 3 15 0

Product Itself Other
1015 98

In our study, the annotated data is used for two distinctive NLP tasks, i.e., named entity recognition
and text classification. The dataset for the NER task included 1054 annotated samples, with 80%
(843 samples) used for training the model and 20% (211 samples) designated for testing its accuracy.
For  text  classification,  the  dataset  consists  of  218  annotated  samples,  with  80% (174  samples)
allocated for training the model and 20% (44 samples) reserved for testing its accuracy. Table 2
shows the statistics of annotation entity labels for model development.

Table 2. Statistics of annotation entity labels for model development.

Task Target Criteria No. Label

NER Cancer_type human, positive 131

Indicated_symptom cancer_related, positive 105

Product itself 1015

Text classification Favorable_outcome cancer_related, positive 145

Harmful_outcome cancer_related, positive 16

ambiguous_outcome cancer_related,  hyperthetical 57
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and possible

Table 3 shows the performance of  bert-base-cased, Bio_ClinicalBERT and gpt4-1106-preview-chat
in NER. In general, bert-like models outperformed LLM, with 0.6692 weighted average F1 for bert-
base-cased, 0.6558 for Bio_ClinicalBERT, and the best performance of gpt4-1106-preview-chat was
0.5077  weighted  average  F1  through  many-shot  strategy.  Among  the  three  entities,  “indicated
symptom” showed consistent lower performance across all baseline models compared with the other
two entities, i.e., “cancer type” and “product”, implying the difficulty of extracting this entity. 

Table 4 show the performance of baseline models in text classification. The performance of LLM
gpt4-1106-preview-chat  using  many-shot  strategy  exceeded  bert-like  models.  Specifically,  the
performance of bert-base-cased and Bio_ClinicalBERT in classifying “Harmful outcome” was zero.
This could be explained by the limited number, i.e., 16, of “Harmful outcome” labels in the gold
standard. In addition, the  IAA of harmful outcome is the lowest during annotation, implying that
“Harmful outcome” classification is the most difficult classification task among all. In contrast, LLM
excelled in the scenario of the limited labels, achieving the highest F1 for the three classes, i.e.,
0.6667  for  “Harmful  outcome”,  0.8846  for  “Favorable  outcome”  and  0.7333  for  “Ambiguous
outcome”.

Table 3. Performance of baseline models in NER.

Model Learning
strategy

entity precision recall f1-score

bert-base-cased SFT Cancer_type 0.5366 0.6286 0.5789

Indicated_sympt
om

0.1667 0.1429 0.1538

Product 0.6773 0.7161 0.6962

Micro avg 0.6514 0.6905 0.6704

Macro avg 0.4602 0.4959 0.4763

Weighted avg 0.6495 0.6905 0.6692

Bio_ClinicalBE
RT

SFT Cancer_type 0.5349 0.697 0.6053

Indicated_sympt
om

0.3000 0.2143 0.2500

Product 0.695 0.6583 0.6762

Micro avg 0.6675 0.6462 0.6567

Macro avg 0.5100 0.5232 0.5105

Weighted avg 0.6684 0.6462 0.6558

gpt4-1106-
preview-chat

 

Zero-shot Cancer_type 0.2885 0.6818 0.4054

Indicated_sympt
om

0.0759 0.4615 0.1304

Product 0.3529 0.3243 0.338

Micro avg 0.2776 0.3619 0.3142

Macro avg 0.2391 0.4892 0.2913

Weighted avg 0.3334 0.3619 0.3333
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Few-shot Cancer_type 0.3148 0.7727 0.4474

Indicated_sympt
om

0.0536 0.2308 0.087

Product 0.4743 0.5405 0.5053

Micro avg 0.3857 0.5447 0.4516

Macro avg 0.2809 0.5147 0.3465

Weighted avg 0.4394 0.5447 0.4791

Many-shot Cancer_type 0.4000 0.6364 0.4912

Indicated_sympt
om

0 0 0

Product 0.5672 0.5135 0.539

Micro avg 0.5079 0.4981 0.5029

Macro avg 0.3224 0.3833 0.3434

Weighted avg 0.5242 0.4981 0.5077

Table 4. Performance of baseline models in text classification

Model Learning
Strategy

Sentiment precision recall f1-score

bert-base-cased SFT Harmful_outco
me

0 0 0

Favorable_outco
me

0.6470 0.8800 0.7457

Ambiguous_out
come

0.7000 0.4375 0.5384

Bio_ClinicalBE
RT

SFT Harmful_outco
me

0 0 0

Favorable_outco
me

0.6486 0.96 0.7741

Ambiguous_out
come

0.8571 0.375 0.5217

gpt4-1106-
preview-chat
 
 

Zero-shot Harmful_outco
me

0.6667 0.6667 0.6667

Favorable_outco
me

0.7368 0.56 0.6364

Ambiguous_out
come

0.4545 0.625 0.5263

Few-shot Harmful_outco
me

0.5 0.6667 0.5714

Favorable_outco
me

0.6429 0.72 0.6792

Ambiguous_out 0.3333 0.25 0.2857
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come

Many-shot Harmful_outco
me

0.6667 0.6667 0.6667

Favorable_outco
me

0.8519 0.92 0.8846

Ambiguous_out
come

0.7857 0.6875 0.7333

DISCUSSION
Complementary therapies are being increasingly used by cancer patients. Especially in breast cancer
patients,  the  ratio  of  dietary  supplement  use  was  ranging  from  67%  to  87%.1,28  However,
complementary  therapies  are  not  usually  included  in  the  health  care  systems,  and  clinical
research conducted  on  human  subjects  is  still  limited,  as  patients  did  not  intend  to  report  their
complementary use to their provider.29,30 

In this study, we first highlighted the potential of using Amazon consumer reviews in mining the
outcomes  of  cancer  symptom management  through a  content  analysis  focused on the  following
aspects. First, topic clustering identified meaningful subgroups, such as 1)  protein powder, cancer
risk, and weight loss from cancer, 2) breast cancer survivor and estrogen positive cancer, 3) vitamins,
calcium for health, and cancer prevention. Second, more topics on cancer risks appeared in the group
with a lower sentiment score, and more topics on the benefits  for cancer symptom management
appeared in  the group with  a  higher  sentiment  score (Figure  6-10).  Third,  associations  between
cancer  types  (identified  through  the  rule-based  dictionary  method),  and  detailed  symptoms
(identified  through  zero-shot  LLM)  could  be  explicitly  revealed.  Fourth,  the  top  15  symptoms
reflected  common cancer  symptoms to  be  managed,  with  pain  being the  most  frequent.  In  this
content analysis, no evaluation was conducted for the zero-shot LLM, as it was used only to extract
potential symptoms. 

Our key contributions lie in developing a manually annotated dataset with 159 reviews, and baseline
models for NER and text classification to demonstrate the usability of the annotation dataset.  It is
worth noting that we leveraged the rule-based dictionary method to secure relevant reviews with
cancer  mentions  for  the  following annotation  task  and used  zero-shot  LLM to  extract  potential
symptoms for preliminary content analysis. The annotation labels were designed to capture  more
variants of specific cancer types, such as “cancer in his bone”, as well as  the nuances in customer
feedback related to health impacts. Therefore, the models built on top of the annotated dataset could
potentially enable NER at a finer granularity and more detailed analysis of consumers’ perceptions of
outcomes of cancer symptom management. Our baseline model, bert-base-cased, achieved highest
weighted  average  F1  for  NER,  LLM  gpt4-1106-preview-chat  achieved  the  highest  F1  for  text
classification tasks.

The performance of LLMs in this study aligns with prior findings, indicating that LLMs are not
particularly strong at NER tasks.31,32 However, LLMs excel at text classification tasks, as reflected in
Table 4. For example, many-shot learning achieved the best performance across the table, with an
F1-score  of  0.8846  for  “Favorable  outcome”  and 0.7333  for  “Ambiguous  outcome.”  Moreover,
LLMs demonstrate  a significant  advantage in  data-scarce scenarios.  For instance,  in  the case of
"Harmful outcome," where only 16 samples are available, the gpt4-1106-preview-chat achieved an
F1-score of 0.6667 in the zero-shot setting, while fine-tuning BERT/Bio_ClinicalBERT resulted in
an F1 of 0. This emphasizes the LLM's ability to effectively generalize and provide meaningful
predictions in low-resource situations, a crucial capability in tasks with limited annotated data.
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Our study has one limitation in the sentiment analysis, which is usually domain-dependent.33 Though
the majority of available pre-trained language models have the ability to classify text by sentiment,
few  can  be  found  targeting  medical  or  health  domains.  To  perform  a  high-level  analysis,  we
employed the existing sentiment analysis model, with the accuracy (exact), i.e., exact match for the
number of stars for product reviews being 67%, on the sentences with cancer mentions. Thus, a
misalignment of the sentiment score occurred in some sentences. For example, the sentence “My
husband took this for early stage CLL and after 9 months is in remission.” was assigned a sentiment
score of 1, while it indicated a very positive sentiment. 

In the future, we will continue to annotate data to enrich the resource, weighing in the balance with
regard to the number of positive and negative sentences. In this study, we used the Amazon Reviews
dataset  between May 1996 and July 2014. Recently a new version  of review texts was released
ranging from May 1996 to Sep 2023, 245.2% larger than the version we used.  34 As the new data
became available, these annotation resources could be leveraged to develop new models, mine the
bigger  body  of  review  texts,  and  provide  insights  into  cancer  symptom  management  using
complementary therapies. 

CONCLUSION
Our results showed the potential of Amazon consumer reviews in mining the outcomes of cancer
symptom management.  We presented the design and a first  study of the annotation corpus from
Amazon consumer reviews, publicly accessible through the OHNLP GitHub, focusing on cancer
type,  indicated  symptoms,  and symptom management  outcomes.  The annotation  corpus  and the
developed baseline models laid the foundation for future enhanced methodology development to
facilitate  cancer  symptom  management  in  cancer  patients  using  Amazon  consumer  reviews.  In
addition, we revealed the potential  of using Amazon consumer reviews in mining the outcomes of
cancer  symptom  management,  thereby  defining  a  promising  starting  point  for  any  future
argumentation analysis. 
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Supplemental Tables and Figures

Supplemental Table 1. Schema of the annotated labels.
Concepts Class/Type Certainty
Cancer_type Human Pet Positive Negativ

e 
Hypothetica
l

Possible

Indicated_symptom Cancer_related Other Positive Negativ Hypothetica Possible
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e l
Harmful_outcome Cancer_related Other Positive Negativ

e 
Hypothetica
l

Possible

Favorable_outcome Cancer_related Other Positive Negativ
e 

Hypothetica
l

Possible

Product Itself Other NA NA NA NA

Supplemental Table 2. Inter-annotator agreements

Concept F1
Overall 0.86
Cancer_type 0.97
Indicated_symptom 0.81
Harmful_outcome 0.63
Favorable_outcome 0.70
Product 0.91
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Figure 6. Hierarchical clustering (A) and topic modeling (B) based on sentences with semantic
score 1
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Figure 7. Hierarchical clustering and topic modeling based on sentences with semantic score 2
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Figure 8. Hierarchical clustering and topic modeling based on sentences with semantic score 3
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Figure 9. Hierarchical clustering and topic modeling based on sentences with semantic score 4
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Figure 10. Hierarchical clustering and topic modeling based on sentences with semantic score 5
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Supplementary Files
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Figures
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Study design. NER: named entity recognition; DL: deep learning; LLM: large language models.
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Distribution of product categories with review sentences of cancer mentions.
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Analysis of sentiment scores in review sentences with cancer mentions. A. Distribution of sentiment scores across the review
sentences. B. Trend of average sentiment score during May 1996 - July 2014.
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Hierarchical clustering of topics based on all sentences with cancer mentions.
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Topic modeling with openhermes-2.5-mistral-7b based on all sentences with cancer mentions.
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Hierarchical clustering (A) and topic modeling (B) based on sentences with semantic score 1.
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Hierarchical clustering and topic modeling based on sentences with semantic score 2.
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Hierarchical clustering and topic modeling based on sentences with semantic score 3.
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Hierarchical clustering and topic modeling based on sentences with semantic score 4.
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Hierarchical clustering and topic modeling based on sentences with semantic score 5.
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Bipartite graph of cancer types and symptoms extracted by LLM.
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Top 15 symptoms in reviews.
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Multimedia Appendixes
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Amazon Review - Annotation Guidelines.
URL: http://asset.jmir.pub/assets/e8653488f008601142672cb70267f1b0.docx

LLM prompting instruction.
URL: http://asset.jmir.pub/assets/d26872131872b888e4df69df43f1388d.docx
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