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ABSTRACT

Many news outlets are discontinuing their comment sections due to moderation

challenges as manual moderation for identifying irrelevant and informative com-

ments is inadequate, costly, and time-consuming. Recognizing informative com-

ments serve as an endorsement, giving both the comments and the news more

credibility, engaging more readers, and shaping the discourse around the news ar-

ticle. An alternative to manual moderation is automating comment curation using

data-driven methods, which reduce human moderation effort as an assistive tool.

Most of these methods are based on term matching, such as TF-IDF or BM25,

which do not adequately address the issue of identifying comments that do not

significantly share terms with the article but are relevant to its context. This pa-

per presents a framework, IICON, specifically designed for online news that takes

a news article and the associated user comments as input and determines the most

insightful comments. We develop sparse and dense retrieval models to work within

IICON. To evaluate these methods, we create a training corpus of 18K news ar-

ticles having 1M user comments from the Guardian. We also create an expert

annotated testbed benchmark for which experiments show that IICON based on

dense and sparse retrieval models performs competitively and outperforms existing

methods by 2% to 8% in the mean precision.

viii



Chapter 1

Introduction

User engagement with news articles is critical to participatory journalism [1].

Studies show civic engagement helps ensure transparency in news reporting [2],

news outlets’ self-assessments [3, 4], and story selections [5]. User interactions

with news articles also capture mass opinion on various topics.

Approximately 80% of US news readers have read news comments at some

point [6]. Despite this large readership of comments, many news outlets are ter-

minating the comment section, as moderating an online news comments section is

quite challenging for dealing with trolling, offensive, and inappropriate comments.

Although news outlets employ manual moderation with domain experts, it is still

inadequate for several reasons:

• Managing the moderation of user comments is getting more and more chal-

lenging as the number of users and comments grows over time which turns

out to be expensive over time.

• It is hard to update and moderate the section, and users continuously make

comments.

• Doing human moderation can be biased.

• The nature/rate of the comments is unpredictable. Hard to moderate if the
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moderator doesn’t have the full context of the topics the user is discussing [7]

1.1 Informative Comment

An increasing interest is in developing automated comment curation methods that

can be used as standalone or assistive tools [8]. Two editorial criteria are usually

employed for comment curation [8]:

• Negative criteria to exclude comments, such as ad hominem attacks, profan-

ity, or other abusive behaviors.

• Positive criteria for identifying comments worthy of reading, extending infor-

mation on the article in a similar context and topics, and possibly responding

to other comments.

In this paper, we focus on identifying informative comments which are related

to articles and provide additional information in coherence with the context of

the article [9]. Those comments, which contain not only the information from the

corresponding article, will also contain extra information. These comments can

be considered an extension of the original article.

1.2 Goal

The thesis aims to develop a framework that can autonomously assess user com-

ments in an online news platform to identify the comments that provide valuable

information. Additionally, the thesis involves constructing a data collection mod-

ule to gather and organize data for the framework’s models.
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1.2.1 Aim 1: Developing a Data Integration Framework
for Collecting Data from Various Sources

We need a data source that contains publicly accessible user comments that can

be collected. Additionally, we need some reference data that includes informative

comments such as editor picks and user up-votes/likes. Furthermore, as the writing

style and structure of articles and comments evolve over time, we developed a

versatile crawler to consistently gather up-to-date data from the source. This

data is then pre-processed, cleaned, and stored for further use. It is continuously

fed into the models to ensure that the framework’s models are constantly updated.

1.2.2 Aim 2: Identifying Informative Comments in Online
News

The predominant methods for identifying informative comments are based on term

matching between comments and articles. However, these term-based methods,

such as TF-IDF, BM25, and DLITE [10, 11], have limitations: a) these methods

may not capture context, b) they are sparse methods, and c) depends on term

matching. Recent advancements in deep-learning-based NLP methods, such as

transformers, are well-known for capturing context in text analyses. Although

these dense-retriever methods are applied to capture helpful reviews in different

domains, to the best of our knowledge, they are not adapted to identify informative

comments in online news. In this paper, we study the problem of identifying

informative comments in an online news article by estimating the context similarity

between comments and the article.

1.3 Framework Overview

We present a framework—IICON—Identifying Informative Comments in Online

News for informative user comments identification. This framework is pluggable

with sparse and dense retriever models (Fig. 1.1). The Data Ingestion and Pre-

3



processing module fetches news articles and associated user comments from a

news site, performs basic prepossessing, and loads them into a document-oriented

database. The Informative Comment Extraction module fetches relevant datasets

from the database and transforms the article text into features required by the Pre-

dictive Modeling module. Within the Predictive Modeling submodule, we imple-

ment two methods for detecting informative comments: a) DLM: DAG-language

model and b) CLM: Context-learning model. Intuitively, DLM is a probabilis-

tic, sparse retriever and enhances a term-based retriever method. This method

captures the context of the article with two sets of term vectors; a comment is

matched against these two vectors to assess its informativeness. The other method

CLM is a fine-tuned bi-encoder-based transformer that captures the context of an

article and its comments and identifies informative comments. Both methods can

continuously update the informative comments upon getting new user comments.

Figure 1.1: Informative Comment Identification Framework. This frame-
work has two major components: a) news article extraction and b) informative
comment identification framework.
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1.4 Research workflow

The research workflow is as follows:

• Data Collection: Gather data from various sources and pre-process it, in-

cluding normalization, to prepare it for training and testing the models.

• Fine-tuning the Model: Utilize a pre-trained model and fine-tune it using

the processed data to enhance the accuracy and performance of the model.

For DLM, create a token corpus.

• Building Test Dataset: Develop an annotation guide and have domain ex-

perts annotate the data to create a test dataset.

• Testing and Evaluation: Test the model’s output using the annotated data

and build evaluation metrics to measure the model’s performance. This

evaluation will help determine how much additional training may be needed.

By following this workflow, the research aims to enhance the accuracy of the

models, evaluate their performance, and ultimately achieve the desired objectives

of the study.

1.5 Contribution

Our key contributions are as follows:

• Constructing a versatile data collection module that functions as an indepen-

dent service, capable of automatically gathering data from various sources

without needing constant human intervention. This system is designed to

be scalable and resilient, capable of recovering from failures or disruptions.

• We propose a framework for informative comment identification in online

news with two pluggable NLP-based methods, which focus on context match-

ing for selecting informative comments and alleviate the issues related to

term-based methods.
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• The proposed methods are scalable concerning different numbers of com-

ments and handle comments without any manual feature tuning.

• We demonstrate the efficacy of our methods by conducting extensive ex-

periments on news articles and comments fetched from the British daily

newspaper, The Guardian. The results suggest that the proposed methods

produce better informative user comments and editors’ picks compared to

the baselines.

1.6 Report Organization

The report is structured into 5 sections as follows:

• Introduction: This chapter presents the problem, discusses the relevant

domains, outlines the objectives, and proposes a solution for the problem.

• Related Works: The second chapter provides information on existing re-

lated works and key research in a similar domain.

• Datasets and Processing: The third chapter delves into the datasets used

and explains the process of obtaining and preprocessing them.

• Proposed Models: The fourth chapter details the proposed models and

their specifications.

• Results and Analysis: In the fifth chapter, quantitative results are dis-

cussed, and a comparison with baseline models is provided. Additionally,

qualitative result analysis is presented.

• Discussion: The final chapter covers the pros and cons of both models, their

limitations, and future work possibilities, and includes an ethics statement.

This structure will help readers to navigate through the report and gain insights

into the problem, methodology, results, and conclusions of the research.
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Chapter 2

Related Works

Most of the existing work on finding relevant and informative passages or com-

ments is based on term-matching-based models, such as TF-IDF, BM25[10], SVM[12]

and DLITE [11]. These models match terms to find the correlation between the ar-

ticles and comments. But their dependency on having matching words affects their

performance. Recent research uses a variety of terms for SEO optimization[13],

which requires semantic analysis to discover the matched terms; term-based mod-

els cannot perform such semantic analysis to find relevant information. The are

other machine-learning-based methods that extract features from articles and com-

ments using phrase matching and perform classification [8, 9]. These methods do

not capture semantics while annotating the comments.

Our algorithm for generating language models from an article parallels the

topic modeling of documents. Titov and McDonald propose MG-LDA [14, 15]

for modeling text’s local topics that scatter across the corpus. As every segment

may not be related to a comment, MG-LDA is not appropriate for the proposed

problem. Corr-LDA [15] is a topic model for correspondence. As Corr-LDA works

with a single vector model, a specific comment on a small segment of an article

can show a small correlation with the article using this model. To overcome

this limitation, Das et al. [16] developed a correspondence topic model (SCTM)

that uses multiple topic vectors, which allow comments to be matched with more
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correspondence segments of the article.

Mat et al. develop a master-slave topic model (MSTM) and an extended

master-slave topic model (EXTM) for summarizing comments [17]. In these mod-

els, articles are masters, and comments are slaves; comments are clustered based

on their topics. Each model identifies representative comments from the com-

ment clusters. The key assumption that a comment is related to a single topic

exclusively is a limitation.

Another direction for identifying relevant is to develop classifiers with article

segments and comments. E.g., Sil et al. [18] use supervised and unsupervised

techniques to create structural classifiers to match comments with news article

segments. This work employs explicit semantic analysis and co-reference features

to represent the text in the article and shows that the accuracy of discriminative

approaches depends largely on effective feature selection.

A recent trend in deep learning is developing models that understand the

context of text or passage. These methods are very effective for extracting relations

and information from human conversations[19]. Our proposed method, CLM,

depends on a dense representation of passages. The state-of-the-art models for

learning context in the text are Transformer [20] and Contriver [21].

Transformers have been applied to product review classification [22], rumor

detection [23], fake review identification [24], toxic comments classification [25],

depression detection [26], comment sentiment analysis [27] and user stance detec-

tion in comments [28]. Most of these tasks are cast as classification problems.

Some studies rank user comments on social media, e-commerce, and video-sharing

platforms using statistical method [29, 30]. To the best of our knowledge, we did

not find any deep learning models that learn and exploit the context of a news

article to identify the associated informative comments.
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Chapter 3

Dataset and Preprocessing

Selecting an appropriate dataset that includes both informative and non-informative

public user comments presents a significant challenge. Subsequently, we will de-

velop a system for collecting data from the chosen source. This section of the

report addresses the considerations involved in dataset selection, as well as the

processes of data collection, curation, and storage.

3.1 Data Sources

The main challenge encountered in this study is identifying a suitable data source

that offers a substantial amount of public user comments and articles. Several

platforms were explored, including NYTimes, Guardian, and Al-Jazeera, all of

which contain public user comments. However, each platform presents its own

issues when it comes to data collection.

NYTimes necessitates a user account to access articles, making the crawling

process more challenging. Furthermore, their API does not provide the print ver-

sion of the articles. Another drawback of NYTimes is that the comments section

is heavily moderated, requiring approval from moderators before comments are

published. While this moderation ensures relevant user comments, it poses diffi-

culties in obtaining non-informative comments for model training. Bias-checking
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is also required when using this data.

Al-Jazeera, although containing user comments, does not allow public reading

of those comments, making it less suitable for this study. On the other hand,

Guardian stands out as the only platform where user comments are openly visible

to the public. Additionally, creating an account is only necessary for comment-

ing, while articles are publicly accessible to anyone. The editor picks features of

Guardian that can be utilized as relevant comments.

After careful deliberation, Guardian was selected as the preferred data source

due to its extensive archive of news data and significant user engagement.

Figure 3.1: A distribution of comment counts in the database. The majority of
the news has on average 20-30 comments.

3.2 Data Collection

We develop a crawler framework to extract data from online news sites. This

framework has the following functionalities.

• Build an automated data crawler that continuously collects news articles

from any news source (see Sec. 3.2.1)

• Build a crawler for collecting user comments from the site (see Sec. 3.2.3)
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• NLP processor extracts data from raw web articles and collects news titles,

bodies, and metadata. (see Sec. 3.2.2)

• Store this data in a NoSQL db.(see Sec. 3.2.5)

3.2.1 Crawler

We require the development of a persistent crawler that can continuously gather

data over time. However, the process of collecting information from various ex-

ternal websites poses challenges. There are multiple factors to consider when

constructing the crawler.

• How source render the data?

• Speed of the website?

• If website has cookies or redirection.

• How much concurrent connect site can support?

• Is there any possibility of blocking our IP?

• How to recover from an interruption in the site or our server network?

• Data duplication removal, or tacking which is collected or not?

• How much depth we can crawl and needed?

Initially, we primarily selected websites that render data on the server side,

simplifying the process of retrieving the entire rendered page from the HTML.

For other websites, where data rendering requires a separate headless module, we

utilized the Python Scrapy library as the foundation for our crawler.

The crawler was configured to establish only one connection to any given

source, mimicking human user behavior. This approach not only reduced the

risk of being blocked by the data source but also enabled the crawler to check for

redirection and invalid HTML (e.g., 404 status).
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The crawler module specifically focuses on collecting HTML from each link

originating from the provided source page. This module is designed as a service,

which can be triggered by a scheduler with the appropriate source and configu-

ration. This setup facilitates scalability as we can simply add the source config-

uration to the scheduler, which will then initiate the crawler service in parallel

processes at fixed intervals.

Our scheduler process triggers the crawler every 30 minutes for each source,

starting from a specific page. The crawler then proceeds to crawl each link until

the configured depth is reached. Since online news platforms typically feature new

articles on their homepage, our 30-minute interval allows us to capture most of

the recent articles. However, to ensure we don’t miss older articles, we initially

run the crawler with a larger depth of 10.

As online news pages often contain numerous links that redirect to different

sites, the crawler includes filtering mechanisms to ensure we collect valid data.

Scrapy, the library we use, has a built-in system for checking URL duplications in

each run. To address global duplication, we assign a unique ID to each document

generated from the URL hash. This ID is stored along with the URL, guaranteeing

that we only store unique URLs from a single source.

By implementing these measures, we aim to capture both new and older articles

while filtering out irrelevant links and preventing duplicate data storage.

Both the crawler and scheduler operate as services, allowing for scalability

as the number of sources increases. This architecture enables easy expansion to

handle a larger volume of sources without significant modifications to the system.

As the demand for crawling multiple sources grows, the service can be scaled up

by adding additional resources such as computing power and storage capacity.

This ensures that the crawler and scheduler can effectively handle the increased

workload and maintain efficient data collection from a growing number of sources.
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3.2.2 Data Processor

The current setup involves the crawler collecting raw HTML from the sources.

However, to obtain the necessary article data, including the title, content, and

metadata such as dates and writers, a generic HTML processor library is utilized.

This library is designed for extracting news information from raw HTML.

To address the issue of potentially collecting invalid data, a validation step is

introduced to determine if a link is valid or not. News sources typically follow a

pattern in their published article links, and this pattern is used to validate links

before adding them to the scheduler configuration. By ensuring only valid links

are included, the processor can accurately extract article information.

To streamline the processing of data and avoid bottlenecks, each crawler service

is equipped with its own HTML processor. This allows each crawler to indepen-

dently process its data without waiting for a central service, ensuring efficient and

timely data extraction.

Overall, this approach optimizes the data collection process, validates links

before processing, and enables parallel processing by utilizing individual HTML

processors for each crawler service.

Based on the assumption that articles are typically written and published by

professional writers following a standardized format, the process of text normal-

ization has been skipped. This decision is based on the expectation that the text

in the articles already adheres to a consistent and well-structured format.

3.2.3 Comment Crawler

To collect user comments from various news sources, we encountered the need

to build separate crawlers and parsers due to the different setups and platforms

used by each source. Each crawler is designed to be source-specific unless multiple

sources utilize the same platform. In our case, we focused on collecting user

comments specifically from the Guardian platform, resulting in the development
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of a comment crawler dedicated to this source.

User comments, being publicly available, lack a standardized structure. The

data lacks formatting and can include various Unicode characters. To normalize

the data, we created a normalization tool that removes different types of Uni-

code characters and converts different quotation styles to a unified format for

consistency and formatting purposes. This normalization module operates as a

standalone service responsible for collecting user comments from sources inde-

pendently, separate from the generic article crawler. After collecting the data,

the normalized comments are stored along with the corresponding articles in the

database.

By implementing separate crawlers and a normalization tool, we can efficiently

collect and organize user comments from different news sources, ensuring data

consistency and facilitating further analysis.

3.2.4 Comment Curation

The data crawler framework includes a parser, but further text curation is neces-

sary due to the open nature of the commenting platform. Users can write com-

ments with various unwanted features, such as Unicode characters, URLs, emails,

and user taggings, along with multiple types of quotations and punctuation marks.

To address this, a text curation module is employed, which eliminates unwanted

punctuation marks and normalizes the text to a uniform format. The module also

removes email addresses and user taggings from the comment body. In cases

where a comment refers to another article via a URL that contains the title of the

referred article, the normalizer replaces the URL with extracted keywords from

the URL.

This curation process ensures that the comments are cleaned and standardized,

making them more suitable for analysis and natural language processing tasks.
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3.2.5 Database

Each article is uniquely identified by hashing its URL, establishing a key-value

structure for our system. Given the increasing number of sources in the crawler,

our system’s write load becomes significant. To ensure scalability, we have opted

for a NoSQL database over a structured database. Specifically, we utilize Re-

thinkDB as our data store, which offers clustering capabilities. This allows our

system to distribute the workload and handle increased data volume efficiently.

RethinkDB offers a built-in user interface, enabling easy data exploration and

providing useful statistics. To enhance scalability further, we utilize separate

tables for different sources. This approach facilitates efficient data searching based

on the source, enhancing query performance and streamlining data retrieval.

To ensure data durability and protection against system failures, we have im-

plemented a backup system. Regular backups of the database are taken, allowing

us to recover old data if needed in the event of a system failure.

By leveraging a NoSQL database like RethinkDB, employing separate tables

for different sources, and implementing backup mechanisms, we have created a

scalable and robust data storage solution that supports the growing demands of

our crawler system.

3.2.6 Full System Integration

The entire system, including the crawler, parser, normalizer, scheduler, and database,

is containerized using Docker, facilitating easy deployment on any system. The

system is organized using Docker Compose, making it effortless for anyone to copy

the data to a new system and initiate the system there.

The framework operates continuously and has successfully gathered approxi-

mately 650,000 articles along with around 58 million user comments contributed

by approximately 1.8 million unique users. It is essential to emphasize that the

crawler framework does not extract user identities; instead, it solely utilizes sur-
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rogate IDs provided by the Guardian for analysis purposes.

The crawler has also been effectively configured to collect data from approxi-

mately 20 more news sources, resulting in over 70,000 collected articles from MO

(assuming ”MO” refers to a specific news source or category). This ongoing ex-

pansion ensures the inclusion of a diverse range of data from various sources for

further analysis and insights.

Figure 3.2: Article and Comment Crawler Architecture.

3.2.7 Dataset details

Within the first three months of operation, our crawler successfully collected

650,000 news articles from the Guardian. These articles span a time range from

2009 to 2022. The crawler framework is designed to operate continuously, allow-

ing it to gather data from the Guardian as new articles become available on the

platform.

The average size of the articles in our dataset is around 400 words, while

the average size of the user comments is approximately 50 words. Our current

processed dataset consists of over 58 million user comments contributed by more
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than 1.8 million unique users.

For training our model, we carefully selected approximately 17,000 news arti-

cles from the dataset. These chosen articles contain approximately 1 million user

comments. To ensure meaningful training data, we specifically opted for articles

that have between 2-5 editor picks and a minimum of 50 user comments. This se-

lection criterion aims to facilitate the model’s understanding of the context within

a passage, as it can be challenging to train the model effectively without sufficient

relevant comments and editorial selections.

3.2.8 Characterising Dataset with Histograms

In our exploration of the dataset, we utilize various histograms to examine different

characteristics, particularly focusing on the timing of comments and editor picks.

Fig.7-10 demonstrates that even after the last editors’ picks are published, there is

a significant number of user interactions. This suggests the presence of informative

comments even beyond the time of finalizing editors’ picks. This observation serves

as a key motivation behind the proposal of IICON, an automation tool for editors’

picks.

Regarding the count of user comments, the majority of articles have approxi-

mately 20-40 user comments. However, for particularly interesting topics, a sub-

stantial number of articles have over 100 user comments. This abundance of com-

ments can make it challenging for new users to read through all the comments.

Fig. 3.3 provides a histogram illustrating the distribution of comments count in

articles.

Figures 3.4 and 3.5 highlight an interesting observation that, despite hundreds

of user comments, most sources provide users with editor picks to guide their read-

ing. Surprisingly, even after the editor picks are published, a significant number

of user comments continue to be posted in the articles. The irregular nature of

the comments’ timing makes real-time editor picks challenging.

Fortunately, our framework can address this issue effectively. By automating
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Figure 3.3: The histogram of the number of comments per article.

the process of editor picks with IICON, we can ensure that informative user com-

ments are not overlooked, even after the initial editor picks have been made. This

allows for a more comprehensive and inclusive approach to presenting valuable

content to readers, enhancing the overall user experience.

Figure 3.4: The number of comments per article after the last editor pick is
published.

Indeed, we observe that even though there is a substantial amount of user

activity after the last editor picks are published, there is often a significant time

delay before those comments are pushed. In many instances, this time delay
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Figure 3.5: The number of comments and user responses after the last editor pick
is published.

exceeds 48 hours. Additionally, the editor picks themselves are not immediately

published after the article is published; there is an average time gap of 24 hours.

This time gap between user activity and editor picks’ publication can result

in valuable comments being missed by readers who primarily focus on the initial

picks. However, our proposed IICON framework can bridge this gap by automating

the process of editor picks, ensuring that informative comments are highlighted in

a timely manner. This way, readers can have access to valuable insights, even if

they are posted after the initial publication or editor picks.

3.2.9 Data Curation

A text curation module drops unwanted punctuation marks and normalizes them

to a uniform format. The process discards any email address and user tagging from

the comment body. Sometimes a comment refers to another article via URL; this

URL may contain the title of the referred article. While processing, the normalizer

replaces the URL with the extracted keywords from the URL.
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Figure 3.6: The comments activity in time after the last editor pick is published.

Figure 3.7: The time gap between article publish time and the last editor pick
published time.
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Chapter 4

Methodology

This section describes our two proposed methods: a) DLM: DAG-Language Model

and b) CLM: Context-Learning Model.

4.1 DLM: DAG-based Language Model

DLM treats the informative comments identification task as a language model

matching problem. The key idea is similar to the one proposed by [31] with the

important difference that we use the news article to generate a query language

model, then generate queries to perform a probabilistic ranking of the comments.

There are three key steps: a) Construct a query language model from the news

article, b) Formulate multiple queries from the language model, and c) Rank

the comments against generated queries to determine comments’ informativeness.

Here, the terms in the corpus of all comments and articles contribute to smooth

the query language model.

4.1.1 Model Definition

We weigh the terms of a document according to their importance using the inverted

pyramid model [32] [33] [34]. To capture readers’ attention, the most important
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Figure 4.1: DLM architecture. This model builds layer by layer. New words that
co-occur with existing words in the same sentence create a new layer.

information related to a story should be presented in the leading paragraph of

an article; the subsequent paragraphs should present detail in decreasing order

of importance. The title is typically a one-line summary of the article. In our

observation, the title and the first few lead sentences are sufficient to capture a

story’s core. We refer to them as the lead and the remaining part of the article as

the context. The importance of a term for the query model is determined by four

parameters:

• Term Frequency.

• Significance level: the minimum distance of a term from the terms occurring

in the lead

• Relevance weight: the number of co-occurrences of a term with other signif-

icant terms in the article
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• Smoothing Factor: the general likelihood of the term’s appearance within

the corpus

Let A = (A,D1, D2, . . . , Dn) be a news article, where A is the article text and

all Di are associated comments. Let C = {A1,A1, . . . ,An} be the corpus. Given

an Ai, we aim to identify informative comments in Ai.

To calculate both the significance and relevance of terms, we construct a di-

rected acyclic graph (DAG), G = (V,E), for an article A where the vertex set is

defined as V = wi|wi ∈ A; and the edge set as, E = {(wi, wj)|wi, wj ∈ sk, sk ∈ A}.

Here wi is a word in the article, and sk is a sentence. Before building G, we curate

the terms in A by removing stop words and stemming. The DAG has a dummy

node as a root. The nodes initially connect to the root are the terms of the title

and two lead sentences. For each of the rest of the sentences, if there is any term(s)

in this sentence that is already included in the DAG, we create nodes for the other

terms in the sentences and connect them with the co-occurred term in the DAG.

We keep expanding the graph until there is no new node.

We define the significance level of a word wi as follows. For wi ∈ lead, σwi
= 1,

and for wi /∈ lead, σwi
= 1 + d(min(wi, wj)|wj ∈ lead)). Here the distance is

measured as the number of edges between the term pair. The relevance weight of

a term wi is measured as follows:

ρwi
=

∑
(wi,wj)∈E

sj<si

max(0, 1 − log(sj)) (4.1)

From the definition of σ and ρ, the terms that occur in close proximity to

words in the lead have more significance than terms that appeared further. Terms

that occur frequently with more significant terms have more relevance weight

than terms that occurred less often. Consequently, terms occurring in different

sentences have varying degrees of importance in the model.

In the definition of σ, only the term with lesser significance, wi, gets the benefit

of co-occurrence – not the term with greater significance, wj. The frequency weight
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of individual terms with the following formula balances this apparent lacking.

fwi = tf × si + k

si × (k + 1)
(4.2)

Here k is a scaling parameter, which exponentially decreases the importance of

a term’s frequency (tf) with the increase in its significance. The likelihood of a

term contributing to a query is a mixture of normalized relevance and frequency

weights:

lwi
= α× ρnormwi

+ (1 − α) × fnorm
wi

(4.3)

Equation 4.3 is combined with a collection probability term p(wi, C) using the

Jelinek-Mercer interpolated smoothing method [35] to estimate smoothed proba-

bility as follows,

pq(wi) = (1 − λ) × lwi
+ λ× p(wi, C) (4.4)

We expect an informative comment to augment the discussion of the article

with supporting or alternative arguments. Given a cut-off threshold for all pq(wi),

we partition the terms into a principal θp and auxiliary terms θa. Here, θp con-

tains the terms that capture the subject matter of the article, and θa provides

elaboration on the subject matter. An informative comment should have signifi-

cant overlaps with θp as well as with θa. The informativeness (I) of a comment D

concerning the article is a harmonic mean as follows:

I(P,D) =
1

β
sim(θp,θd)

− 1−β
sim(θa,θd)

(4.5)

Here, θd is the language model for the comment. Given the modeling of the

comment is straightforward, unlike that of the article, a simplifying alternative to

language model matching is generating a principal and an auxiliary query from

the query language model and doing a probabilistic matching of comments against

those queries. We implemented this simplified approach for experimental studies

presented in this paper.
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Note that auxiliary terms can be numerous. To avoid an abundance of auxiliary

terms, we disregard terms that are located more than a certain distance from the

root. Using these two queries, we then calculate the BM25 [10] scores for each

reader’s comment and then rank all comments based on the combined score. Here,

the score against the auxiliary query is inverted to reflect that we seek dissimilarity

– not similarity – for the second query before adding it to the score against the

principal query.

4.2 CLM: Context Learning Model

As DLM is based on term significance and relevance, it is expected to perform

well when a reader’s comment has matching terms with the corresponding article.

However, a highly informative comment may be lexically different but semantically

similar to an article. Hence, there may not be significant overlapping in the prin-

cipal terms, which could cause DLM to miss such comments. We propose CLM, a

fine-tuned transformer-based bi-encoder, to address this issue. The key idea is to

drop the dependency on principal and auxiliary terms so that the model can learn

comments with significant terms’ match as well as comments that have a similar

context to the article [36] [37]. We represent a passage using a dense represen-

tation so that passages with a similar context have the nearest representations in

dense vector space [38].

We train CLM based on similar informative and context-matched passages.

The model has two encoders, one of them encodes the article (ENCa(A)) and the

other encodes the user comment (ENCc(D)). Essentially the model is given two

passages pi and pj as input, and both orders, < pi, pj > and < pj, pi > make sense

in the discussion context. The similarity between the encoders is calculated using

a similarity function, sim(A,C) = ENCa(A)T ∗ ENCc(D).

We need a decomposable distance function in a large network of multiple cross-

attention layers. Due to wide usage and its simplicity We choose the inner product
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similarity for our encoder training and inference.

Figure 4.2: Context Learning Model.

4.2.1 Training CLM

We aim to build a dense vector space for each text passage, article, and comment so

that texts with a similar context are near in vector space and texts with dissimilar

contexts remain at a larger distance.

Given C (see the definition in Sec. 4.1.1), we build positive and negative ex-

amples by pairing articles and comments to train the model.

• Positive instance: Each passage in the pair has similar topics and context.

• Negative instance: Passages in the pair has different topics or context.

Both types of examples ensure that the model learns the similar context passage

as well as differentiates between passages with different contexts.

To learn the context of a text, we provide CLM with a pair of continuous texts,

where each passage can extend the idea and topics of the other passage. We con-

sider the relevant comments of an article as the positive pairs of the article, as the

comment extends the article’s idea with additional information. We also consider

each consecutive passage of an article as a positive pair too as each consecutive

passage can be a part of a continuous conversation. As for the negative instances,

passages from different articles with different topics are used. In addition, relevant

comments for different articles pair are used as a negative instance.

For training data, each article has a matched list of comments and an un-

matched list of comments. Let the matched list of comments for Ai be Mi =
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{mi
1,m

i
2,m

i
3, . . . ,m

i
r} ∈ C and unmatched comment set Ui = {ui

1, u
i
2, . . . , u

i
k} /∈

Mi, a subset of comments that comes from other articles. An instance is a triplet

< Ai,Mi, Ui >.

The loss function needs to have the capability to recognize similar contexts

and differentiate dissimilar contexts. The key idea is to improve the likelihood

of the matched text along with all the unmatched text. So loss function will be

optimized for the negative log-likelihood of the positive text.

L
(
ai,m

i+
j , nmi−

1 , ..., nmi−
n

)
=

− log
esim(ai,m

i+
j )

esim(ai,m
i+
j ) +

∑
k=1 e

sim(ai,nm
i−
k )

(4.6)

To increase the number of pairs in the negative set, which helps the model

to differentiate between irrelevant comments, we use in-batch negative pairs: for

each training batch, the positive comments of each set are considered as negative

comments of another set.

4.3 Building the Training Dataset

In the raw dataset, the editors’ picks are expert-annotated user comments and

can be considered informative and relevant. We apply three strategies to create a

training set to fine-tune CLM.

First, We pick 17.5K articles with at least two editors’ picks. We pair an article

and an editor pick comment to create a positive instance. We also pair the same

article with editor picks from other articles to build a negative instance. For these

types of instances, we use ¡article, comment¿ and, its inverse, ¡comment, article¿

as distinct instances.

Second, the average number of comments and editor picks in our dataset are

∼100 and ∼3, respectively. As we are using articles from a single source, the

editors’ picks can have biases. In addition, some comments are based on a single
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passage of the article. To improve the context learning from the single passage, we

also use passages in an article as a continuous conversation. We build a pair from

consecutive passages from the same article as a positive instance. On the other

hand, we pair a passage from an article with mid-passages from other articles to

create negative instances. We purposely skip the first and last passage of an article

from negative instances, as usually introductory and conclusive passages can have

similar context and ideas irrespective of the article topics.

Third, we also leverage the output of TF-IDF. Even if TF-IDF may fail with

a lower number of matched terms, it can pick the comments with a good number

of matched terms. This method provides good support for the top few recom-

mendations. We pair the top-recommended comments with the article to create

positive instances. Similarly, we couple the bottom-recommended comments with

the article to create negative instances.

With the above three strategies, the final training set contains ∼147K positive

and negative instances. As DLM develops a language model for each article, we

are not required to create training instances for DLM.

4.3.1 Creating the Test Dataset

To evaluate our model on unseen data, we need a set of articles for which the

informative and uninformative comments are annotated. Three human annotators,

who are Journalism & Communication graduates, annotated ∼1700 comments in

27 articles. They score each comment on a scale of -1 to 9, where -1 represents a

junk comment and 9 represents the comment as highly informative. Any comment

having a score of three or more is considered informative. The detailed annotation

guide is provided as a supplementary doc.
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Chapter 5

Experiments and Results

We address the following research questions.

• How do the proposed methods fare against the baselines and existing meth-

ods in terms of informativeness? (see 5.3)

• Do the proposed methods capture editor picks? (see 5.4)

• Do the selected informative comments make sense qualitatively? (see 5.5)

5.1 Experimental Setup

For DLM, we build a language model for each article to extract its informative

comments, and we use 0.6 as a cut-off threshold for creating primary (θp) and

auxiliary queries (θa). For the informativeness score (I), we use β as 0.5. As for

the CLM model, we leverage the HuggingFace BERT[39] pre-trained model for our

bi-encoder model, which helps us build a proper training specification and scheme

for the train data. Here, the model’s embedding size is 256, and we use 0.001 as

the learning rate with the Adam optimizer. After multiple ablation studies, the

inner-product optimized bi-encoder model is the final model.

Even if we annotated the dataset with three annotators, the informative scores

given by these annotators vary highly for some comments. This is expected as the

annotators have biases and different levels of experience in the topics discussed

29



in the articles and comments. To reduce the variation in the informativeness

scores, we convert the informativeness scale to binary classes—informative and

uninformative—using a threshold score of 3.

5.2 The Baseline Models

We compare DLM and CLM against multiple models. We use TF-IDF and BM25

as baseline methods for this study. We also compare our methods against the

transformer-based dense passage retriever model (DPR) [38], a supervised model,

and Contriver [40], an unsupervised method. We choose DRP and Contriver, as

they are well-known for capturing text context.

5.3 Method Comparison with Informativeness

Table 5.1: Mean precision(MP)(%) for each set of recommended K comments for
all of the models. For top-K comments, CLM outperforms the other methods.
MP drops with the increase of K.

Model/Pre@K MP@5 MP@10 MP@15 MP@20

TF-IDF 90 86 83 80

BM25 89 88 86 85

DPR 90 89 87 84

Contriver 93 90 86 80

DLM 91 87 85 84

CLM 94 91 90 88

We compare our proposed methods against four other methods using the test

dataset (see Sec. 4.3.1). For each article, these methods recommend K most

informative comments for K ∈ {5, 10, 15, 20}. We then calculate mean precision

at K (MP@K) for each of the methods (see Table 5.2). CLM outperforms all of

the models in terms of informativeness for all K. DPR and Contriver perform

better than the baselines and DLM, which implies that capturing context helps

identify more informative comments. Although DLM performs better than TF-

IDF and does not outperform BM25, DLM has utility as an online method as it
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requires no prior training. DLM also resolves the issues of high dependency on

term frequency and document length, which potentially overlooks other important

factors like document structure and relevance feedback.

5.4 Method Comparison with Editor Picks

Table 5.2: Mean precision(MP)(%) of editor picks for each set of recommended K
comments for all of the models.

Method/EP@K MP@5 MP@10 MP@15 MP@20

TF-IDF 7 21 21 58

BM25 16 50 66 83

DPR 16 25 41 41

Contriver 14 28 57 64

DLM 16 33 66 66

CLM 16 33 68 68

We also evaluate our methods using editor picks. For each method, we count

the number of editor picks in the recommended set of comments for each article

(see 5.3) and calculate the mean precision. We observe that BM25 outperforms

other methods for K = 10 and K = 20. CLM and DLM perform as well as BM25

for the rest of the Ks. As the number of average editor picks is very low, the

precision drops across methods. The other issue with editor picks is that most of

them are tagged as editor picks within some hours of publishing the articles (see

Appendix 3.2.8). The system does not update the editor picks with the increase

of comments. Despite such data quality issues with editor picks, CLM and DLM

provides reasonable results for some settings. The reason could be that CLM is

trained to understand the context in a general setting.

5.5 Qualitative Analysis of Informative Comments

In this section, we present three case studies on informative comments identified

by CLM in top-5 recommendations and discuss the merit of such selection.
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Case Study 1

Article: The beach is a melting pot – the perfect place to examine what has

shattered our confidence in Europe

Article Topics: EU, Greece, Beach, Economy

User Comment: ”Have just been on a beautiful beach on Syros in Greece all

day. Sunshine, grilled sardines, someone playing a guitar. Kids playing, grannies

chatting in the shade of an olive tree, everybody being nice to each other. And

beautiful blue sea. No wonder the Germany wants to punish this place. Life is

better here than it is in Stuttgart, they can keep their BMWs”

Explanation: The article discusses the Greece and EU economy and how the

larger powers handled the economic crisis of Greece. This comment is a kind of

satirical, but due to the lack of matched terms, TF-IDF, BM25, and DLM do not

identify this comment as informative. DPR and Contriver find this comment in

the top 10 and 20, respectively.

Case Study 2

Article: Planning regulations overlook heat – so developers build death traps

Article Topics: EU, City planning, Heating, Warm weather

User Comment: I’m not sure about the physics involved where the author says

that better insulation makes houses warmer in the summer. Surely better insula-

tion makes houses warmer when you are heating them, in the winter, and cooler

when the heat source is outside the house ie in the summer. So the emphasis in

current building regs on improving insulation should also help with over heating,

even where that is not its direct target. Am I missing something here?

Explanation: The article discusses the city planner, their issues, and the warm

weather in the UK. The user comment provides extra information about the cause

of the insulation and heating of the houses. Along with giving additional infor-

mation, it also asks a question for the new reader as well as for the article writer.

The other models fail to identify the comment as an informative one.
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Case Study 3

Article: Top US court rules for Muslim woman denied Abercrombie job over

hijab

Article Topics: Hijab, Religion

User Comment: I think it’s about time for those of us who want freedom from

religion to get some rights. That is the worry of so many religions and is why

the other religions pitched in. Our world is becoming more polarized by the day

and that people should keep their religious practices in their homes and places of

worship. And, I am a Christian who believes in God but not in organized religions.

So, she has the right to wear a hijab. The store should have the right not to hire

her.

Explanation: The topic of religion is too large that it is hard to capture a per-

son’s view with a small set of words. This comment discusses religion and provides

information about the existence of too much religion and organized religion. Al-

though the user discusses precisely the same topics as the article, only the contriver

identifies this comment as an informative one in the top 10 recommendations.

5.6 Ablation Study

Due to the challenges with determining accurate informativeness scores from anno-

tators, we faced difficulties in assigning proper scores, especially when comments

received vastly different scores from different annotators. To address this, we

focused on a binary classification approach, considering comments with an infor-

mativeness score of 3 or above as informative. However, we also explored various

scales of informativeness scores for testing the models.

In most cases, both CLM and DLM performed well, and as the informativeness

score increased, the difference in scores also increased. Nonetheless, evaluating the

models with discrepant annotation scores proved to be complex.

Another interesting observation with the annotated data was that annotators
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seemed to miss assessing the informativeness of comments that lacked common

words with the associated article. Instead, they tended to skim through the com-

ments for known keywords already present in the article. This discovery highlights

the need to improve the annotation guide to mitigate such issues in the future.

Overall, the research identified several challenges in the evaluation process and

identified potential areas for improvement and future tasks, such as refining the

annotation guide for more accurate assessments of comment informativeness.

Table 5.3: Mean Precision@K for informativeness score of 4,5,6,7.
method/MP@K MP@5 MP@10 MP@15 MP@20

DPR 73 / 50 / 29 / 12 63 / 41 / 22 / 8 61 / 38 / 21 / 9 58 / 35 / 18 / 7

TFIDF 63 / 36 / 16 / 6 60 / 34 / 12 / 4 54 / 30 / 11 / 4 54 / 30 / 10 / 4

Contriver 67 / 55 / 36 / 15 65 / 48 / 26 / 11 60 / 42 / 22 / 9 57 / 37 / 18 / 5

BM25 68 / 43 / 20 / 6 68 / 39 / 20 / 7 67 / 37 / 17 / 6 64 / 36 / 15 / 5

DLM 75 / 55 / 27 / 5 70 / 48 / 20 / 4 67 / 44 / 17 / 4 65 / 42 / 14 / 4

CLM 72 / 52 / 24 / 11 68 / 43 / 21 / 9 67 / 38 / 17 / 7 65 / 36 / 15 / 6
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Chapter 6

Discussions

Our proposed methods have two different utilities: a) DLM method is an online

method and requires no prior training and b) CLM is effective but needs a large

training set and is computation-heavy. Although the proposed models outperform

the baselines, we prefer CLM over DLM because of its robustness against lexically

different yet semantically similar comments. An interesting aspect of this model

is that it comprehends the context of the article itself. While it is safe to assume

the news article is civil, the dense representation learned by CLM will always be

inclined to the civil part of the context. As civility is an important aspect of edi-

tors’ picks construction and comments moderation, the model has good prospects

for addressing that issue. In the future, we plan to extend this research in differ-

ent directions. E.g., we can remove the dependency on a single news source, vary

the embedding size, filter out comments from bots, and improve the training data

augmentation process to build better training datasets.

6.1 Limitations

Here we enumerate some of the limitations regarding the datasets and methods.

• We are currently using data from a single source, the Guardian, as it is hard

to find large datasets for news articles and user comments that are publicly
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accessible and have editor picks. The editors’ picks of the Guardian are

biased by the perspective of its own editorial board.

• We do not implement a civility detection method as we considered the ar-

ticles as civil. As the CLM method learns from pair of articles and user

comments, the method may fail to include civil if this assumption fails.

• For some comments, the annotators’ scores have high variation due to their

biases.

• We do not implement bot detection. However, CLM might detect some bots

as it uses article data to train itself.

• For CLM, we use a fixed embedding size, which we do not vary.

• Also seems reading an article and later reading its comments also biases the

annotator for the purpose of ranking put users to look for common words as

comments, which leads to skipping comments not having common words.

6.2 Future Work

The future direction of the work is as follows:

• Introduce automated article detection in the crawler. Right now we are using

pattern-based article detection. But it requires an initial manual validation

to add new sources. Automated article detection will make it easier to add

new sources.

• Add more sources for user comments. The current model is trained and

tested on Guardian Dataset. we are already working on introducing NY-

Times data.

• One of the major bottleneck is the annotation of data for ground truth.

This process is time-consuming and costly. Though it’s hard to maintain

consistency. We have already built an annotation guide. Result analysis

introduces new issues with annotation consistency. We need to improve the
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annotation guide to create more consistency.

• Introducing longer dense representation for CLM.

• Training on data pairs from a single source might introduce biases based on

sources. Introducing cross-source training data to resolve this issue.

• As of hypothesis of an article from the reputed source being civil. we skipped

the civility detection. But introducing more sources might fail this hypoth-

esis. We need to introduce civility detection.

6.3 Ethics Statement

We collected data using the Guardian API, and The Guardian permits their data

to be used for research. As for user comments, the Guardian explicitly explained

that this data would be public and might be collected by a third party. For more

information, please check the following.

• Open Licence Terms

• Privacy Policy

• Terms of Service

The test data was annotated in collaboration with the BRAC University in

Dhaka, Bangladesh. The annotators were compensated fairly by BRAC.
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