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ABSTRACT
Interactive tools help users filter relevant information from massive
online sources, like news feeds and online discussion forums, by
enabling them to externalize their preferences. However, users’
information goals and preferences are often complex and are com-
prised of data attributes and a user’s subjective judgements over
these attributes. For instance, when filtering news articles based
on their newsworthiness, the system must capture both data at-
tributes like recency and shareability of the article, along with the
user’s personal and flexible assessment of news sentiment. While
most interactive tools enable users to externalize goals that are
expressible as true/false statements, they do not support incorpo-
rating subjective, loosely structured judgements of data attributes
which fulfill complex goals. In this paper, we introduce Teachable
Facets (TF), widgets that users can create on the fly to filter rele-
vant information to improve the sense-making of analysts. These
teachable widgets employ a Machine Teaching (MT) framework to
enable users to formulate personalized filtering criteria for complex,
multi-dimensional, loosely indexed, and unstructured data; teach a
filtering criterion using representative samples; apply these filters
to new data streams; and assess the relevance of outcomes. Through
a user study, we evaluate the performance of these filters based on
their ability to discover relevant items and the expressibility they
offer to the users in teaching criteria. In our discussion, we identify
ways this approach might improve future systems and delineate
implications should such systems be deployed broadly.
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1 INTRODUCTION
Filtering relevant information from large data streams can be chal-
lenging due to the limitations of “vocabulary” offered by search
interfaces and the inherent complexity of user preferences [1]. For
instance, consider news feed applications that are commonly avail-
able as part of search engine platforms. These employ filters to
extract newsworthy articles from large news feeds based on criteria
like popular topics, exclusivity, or most read articles. Using these
pre-defined faceted search interfaces [51], users can create dynamic
queries like “show the most recent news on topic X”, or “show most
frequently read articles”. However, these pre-defined filters often
limit users’ vocabulary. Complex and nuanced information needs,
such as the newsworthiness of a story or its potential economic
impact, cannot be easily operationalized as toggleable filters. This
is because determining elements of complex filtering goals, such as
the newsworthiness of an article, involves a variety of sub-criteria
like the exclusivity of the event it reports, proximity of the event to
the reader, eliteness of the people involved, its shareability, impact,
or use of linguistic features like sentiment [5, 19]. Some of these
factors are easy to quantify and encode as a filter – for instance,
proximity may be represented using the geographic location tag
of the reader’s device, and shareability may be represented by the
number of readers likely to share a given news topic on social media
platforms. On the other hand, factors such as news sentiment and
its impact involve qualitative judgements, are highly personalized,
and evolve as a user’s preferences change. This makes concepts
such as newsworthiness difficult to model and incorporate as part
of a traditional faceted search interface (see Figure 1).

Failure to capture these complex user preferences can result in
unintended consequences in information filtering tasks. If a system
solely relies on quantifiable sub-components such as its shareability

178

https://doi.org/10.1145/3627508.3638289
https://doi.org/10.1145/3627508.3638289
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3627508.3638289&domain=pdf&date_stamp=2024-03-10


CHIIR ’24, March 10–14, 2024, Sheffield, United Kingdom Mishra, et al.

Figure 1: The complex definition of newsworthy articles as
described in [19]. The left side shows the quantifiable news
factors, while the right side shows qualitative and highly
personal news factors.

(i.e., filtering based on “most shared articles”), it risks trapping read-
ers in homogeneous viewpoints [31] or skewing their impression
of the information space. Furthermore, designing interfaces that
promote usage of few specific filtering criteria may also be risky
for journalistic organizations. If news interfaces always promote
“most read” headlines, organizations have perverse incentives to
write on topics that are most shared as opposed to most informa-
tive. Prior research has addressed these challenges by employing
Machine Learning (ML) to model complex user behavior and pref-
erences [47, 61]. These models work behind the scenes, learning
from implicit user feedback including items clicked and read, topics
selected and liked, location, and user demographics. Using these
representations of user behavior, models automatically discover
relevant items from large news feeds and make them available as
a recommended list. However, recent studies have demonstrated
that these implicitly derived user interest models often introduce
a homogenization effect among users with diverse opinions, and
users do not approve of these agents for “hard” news topics due
to their opacity [32, 34, 62]. For critical decision-making tasks like
identifying stocks to trade or news topics of journalistic value, users
prefer to externalize their complex information needs over auto-
mated techniques even if they are more arduous or less effective
[52].

Though faceted search with dynamic query filter widgets has
specific limitations with regards to complex and nuanced criteria
such as newsworthiness, it provides a higher degree of transparency
and explicit feedback, thereby addressing some of the concerns that
users have about complex models. These benefits come from the
way faceted search allows users to navigate through complex infor-
mation hierarchies [20], make reversible changes, see adjustments
reflected immediately [1], and refine queries based on an iterative
sensemaking loop [28]. The mechanism that currently falls short
in cases such as newsworthiness is the Boolean nature of most
dynamic query filters (i.e., turned on or off) and their lack of agility
in the face of changing criteria. Likewise, the lack of transparency,
conceptual complexity, and homogenization of unitary machine

learning recommendation systems falls short for these complex cri-
teria. In this paper, we propose a human-in-the-loop ML approach
which blends these opposing strategies in the form of Teachable
Facets.

Teachable Facets (TF) are ML-based filtering widgets that users
can create on the fly to filter data based on personalized and com-
plex criteria. These filters incorporate a learning algorithm that
can be taught complex user preferences through qualitative user
judgments. The teaching process helps users understand their cri-
teria more deeply and build rapport with the system. TFs can be
used as stand-alone lenses through which to filter large, constantly
updating information streams or can be combined with pre-defined
filtering widgets to express preferences. We employ a Machine
Teaching approach [33, 49, 54], to enable users to create these fil-
ters, apply them in news filtering tasks, and revisit and modify
them when their preferences evolve.

In this paper, we describe the design of Teachable Facets and
implement it in the context of a news filtering task. Personalizing
news feeds based on subjective criteria (e.g., filtering “good news
about topic X”) can be especially hard for users of traditional brows-
ing interfaces [22]. First, we decompose these subjective criteria
based on qualitative features that may define them (e.g., good news
may be defined by the presence of positive sentiments like joy
and surprise). We then provide mechanisms to manipulate these
features in order to create custom definitions of filtering criteria.
Using the TF framework, users can formulate personalized filtering
criteria for multi-dimensional, loosely indexed, and unstructured
data like news headlines; teach a filtering criterion using represen-
tative samples; apply these filters to incoming data streams; and
assess the relevance of the outcomes in terms of visible items in
the news feed. We deploy our interactive tool in a crowdsourcing
environment, where users are given the task of creating news filters
that represent subjective criteria shown on the right side of Figure 1.
For all participants, we gather system usage data via an interaction
logger and analyze it to identify interactive information filtering
behavior. Over the course of a session, users develop a number
of switchable filters that capture different aspects of their criteria,
enabling them to quickly customize and refine their feed.

Our work generalizes to broader information filtering tasks that
feature complex and nuanced criteria that are hard for users to exter-
nalize. This includes applications such as product search (matching
ill-defined user preferences), literature surveys (where keyword
search may be insufficient), anomaly detection in event streams
(anomalies may be hard to characterize by heuristics), and col-
laborative sensemaking (managing competing group criteria). We
contribute a novel technical approach that leverages anomaly detec-
tion and machine teaching frameworks to quickly and effectively
construct complex content classification models. We evaluate the
success of our system based on the expressibility that Teachable
Facets offer to the users to externalize complex preferences and
their ability to discover relevant items as they learn user criteria.
Finally, we discuss limitations and extensions of our approach, es-
pecially as it relates to broader use cases in ML model-mediated
content curation and management.
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2 RELATEDWORK
Capturing complex filtering goals is a widely researched topic in
areas like recommendation systems [63], user modeling [59], and
search [36]. A majority of this work focuses on employing Machine
Learning (ML) techniques that automatically learn user preferences
from their interaction history and multi-faceted user profiles incor-
porating demographics, location, activity on other platforms, etc.
[11, 47, 61]. More related to our work is literature on interactive
interfaces that provide control and transparency to users and help
them externalizing their information goals and interests [35]. One
popular approach to filtering relevant information is by employing
hierarchical facets [20], which provide comprehensive categories
to represent information. For instance, Cat-a-cone [21] employs
a faceted search paradigm that makes it easier to find categories
in a medical datasets, like searching for documents on Radiation
Therapy based on keywords and labels. Many recent web-based
tools for applications like e-commerce, music, travel, etc., employ a
similar paradigm. They enable users to filter relevant items using
data properties represented through widgets. However, these tradi-
tional tools fail in scenarios where data properties change rapidly
based on context, timeliness, and relevance, for instance, in news
filtering tasks [8, 29].

Finding newsworthy topics is a constant challenge in journalistic
inquiry [31]. With thousands of news articles produced every day,
it has become increasingly difficult for individuals to identify news
items that are worthy of their attention [62]. Both information con-
sumers and distributors struggle to identify newsworthy articles;
while the consumers need to prioritize which headlines to click
and read, the distributors (like online news aggregation platforms)
need to decide which headlines should be pushed to the top of the
page [4]. One popular approach to filtering relevant news is to use
collaborative filtering [50] in which items are filtered similarly for
groups of users with similar interests. Prior systems have combined
these techniques with faceted search to help users stay abreast
of the most popular viewpoints. For instance, a news recommen-
dation platform might organize news headlines based on content
and their popularity among users who follow similar topics [43].
However, these systems suffer from issues like lack of transparency
and explicit user feedback in news filtering, “cold-start” and “grey
sheep” problems, and continuous changes in user interests due to
topic divergence, evolution of preferences, and sharing of devices
[15, 41, 56]. In this research, we address these challenges by design-
ing mechanisms to augment faceted search. Through interactive
real-time feedback, users can teach their complex preferences and
create facets in real-time that represent their filtering criteria.

Prior research has proposed various mechanisms to augment
faceted search by providing users with agency to specify custom
criteria during a search session, thus improving their overall ex-
perience [6, 40, 58]. For instance, researchers observed that intro-
ducing interactive faceted query suggestions into filtering tasks
helps to improve directed situated navigation [51]. Another sys-
tem, FacetBrowser [58], enables users to build complex “stories”
with sequences of related searches using facets and organize their
search tasks effectively. Interactive systems like SearchLens [6]
build upon this technique and employ a keyword-based mechanism
that enables users to create a collection of “Lenses” that reflect their

different latent interests across different contexts. Our research
builds upon this vast body of work by engaging the user in creating
their own preference profiles and externalizing their intent through
a machine teaching paradigm. This approach offers the advantage
of learning more flexible, loosely-defined preference criteria and
provides the ability to save these filters as “checkpoints” that can
be further refined when user preferences evolve.

Research shows that incorporating real-time user feedback in
ML systems can lead to better system performance on challenging
tasks [2, 13, 23]. For instance, interactive data clustering tools like
AppGrouper [7] which enable users to edit and modify the size of
data clusters produced by the algorithm, yield more coherent and
useful data clusters compared to algorithms alone. Prior research
has focused extensively on designing interfaces that help users pro-
vide feedback on data input and model outcome [16, 24, 38]. One
popular approach to leveraging human feedback is to provide repre-
sentative samples to help model learn the user’s decision boundary
[54, 69]. By providing feedback on instances selected by a learning
model, the user can guide the ML model towards a desired behavior.
For instance, in order to improve the relevance of top-k documents
ranked by an algorithm, Intent Radar [44] incorporates both neg-
ative and positive relevance feedback to improve the specificity
of model outcome. With these interactive systems, users primar-
ily engage in improving a single ML model outcome for a given
task, and focus their effort on providing relevant feedback while
assessing the outcome. However, it is difficult to capture complex
and evolving user preferences within the scope of a single model
for filtering incoming news streams. In this research, we provide
an opportunity for end users to select important features, provide
feedback on representative samples for training the model, and
build multiple models that capture different decision criteria for
different tasks over the same dataset. Our system supports users’
holistic engagement with the entire ML process using an interac-
tive teaching paradigm, and incorporate it within their complex
information workflows.

We deploy our interactive tool in a crowdsourcing environment
to gather data on how people use Teachable Facets for a news fil-
tering task. Crowdsourcing platforms have been adopted widely
for ML tasks like data generation, annotation, and model training
[57]. When making ML models accessible to users with limited
expertise, it is important to explain model results in a way they
can understand. Research in explainable AI provides substantial
evidence that lack of interpretability of model outcome and its
decision-making process adversely impacts the system’s usability
and reliability [37, 65]. Within ML systems, researchers have dis-
cussed the impact of model prediction and explanation complexity
on the user’s mental models [27, 39]. In this research, we incorpo-
rate simple explanations to improve transparency of the filtering
algorithm.

3 SYSTEM DESIGN
Faceted filters are comprised of labels that represent categories to
which an entity might belong. These labels are characterized by
data dimensions (or features); for instance, news headline contain-
ing features like players, game, score, and events are likely to be
categorized as sports news. In our approach, we preserve this spirit
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of faceted navigation and decompose loosely-defined labels into
users’ own conceptual features. Therefore, good news may incorpo-
rate words that communicate sentiments like happy and surprise,
bad news may incorporate fear, anger and sadness, and drama may
incorporate words that have mixed sentiments like both happy and
angry [46]. Our Teachable Facets (TF) system seeks to help users
create information filtering criteria that capture their news pref-
erences, modify them as their preferences evolve, and apply them
to filter relevant data items from constantly updating information
streams. In TF, we employ a simple, yet powerful, machine teaching
paradigm, which employs a select-teach-review iterative loop in lieu
of forming a training and test set of ground truth prior to training
(as in traditional ML models). Users select the news features they
consider important, teach by explicitly associating their preference
to read and share a news headline with the features they selected,
and review the recommended items in the news feed based on their
feedback. Over multiple TF iterations, users teach a specific faceted
view one aspect of their preferences. Across a session, users create
new facets or modify existing facets in order to personalize and
diversify their news feed, eventually forming a stable of customized
facets which can be deployed like any other traditional faceted
browsing widget.

3.1 Use Case
To demonstrate how this system could be used, we present a hypo-
thetical user: Isolde. Isolde is an independent trader who regularly
invests in stocks based on the sentiments of news coverage for a
company. Related research has noted that professionals now in-
creasingly make financial decisions like which stock to trade based
on qualitative news factors like sentiment [53, 67]. To this end,
Isolde keeps track of specific news topics and wants to organize
her news feed based on target sentiment. She is frustrated with
her news aggregation website which does not allow her to create
qualitative filters. In the past, Isolde has also observed that the
kinds of news filters she uses shape her future news feed with-
out any explicit input from her. While facets help users navigate
large databases using pre-defined categories that are coherent and
complete [60, 68], these interactions often predispose users to trans-
late their complex preferences using limited vocabulary. In Isolde’s
cases, this neglected her subjective judgment of news headlines
(like sentimens and impact), which was equally important.

Isolde is particularly interested in news that communicate sen-
timents like good (G), conflict (C) and surprise (S). A part of her
trading strategy is to invest in high volume stocks when news
coverage has positive and conflicting news sentiment [53]. While
she can search for keywords like “happy,” or “shocking news” and
toggle on different regional filters, it doesn’t really allow her to find
articles which are positive in tone, and match her specific idea of
what is surprising. Isolde moves to the Teachable Facets interface
(Figure 2). She is greeted by a welcome page explaining how she can
create a filter by teaching specific definitions to the system. While
this bootstrapping problem is a general downside of machine teach-
ing interfaces, it overcomes “cold-start” and “grey sheep” problems
associated with automated systems [17]. The TF interface shows
her some initial news to give a sense that it is starting to curate.

Isolde creates her first filter S, thinking that it would be an effective
way to judge system performance.

To kickstart the teaching process, she first adjusts sliders on
the left panel of the interface (Figure 2 A) that help to specify the
features that define the filter S. She then names this filter, which
saves this configuration as a facet in the view. The sliders serve two
specific purposes in our design. First, it helps the users prioritize
those features that are more or less important for a criteria, and
thus distinguish between labels that share overlapping features.
Several features are expected to be present in a given text, and the
slider provides an opportunity to externalize how the user defines
a given filtering criteria. For instance, a surprise news filter S, may
prioritize news that communicates either happy or sad sentiments
(like occurrence of a sudden natural disaster), but good news filter
G must prioritize news that communicates high happy sentiments
(like neighboring communities helping in rescue efforts after a
sudden natural disaster). This is aided by the inclusion of color-
coding throughout the interfaces. In Figure 2 B, Isolde has created
filter S using features like surprise and happy; the highlighted colors
indicate where these features have been found by the model. Once
configured, these features function as reference points for both the
user and the algorithm; the user can review whether the instances
shown in the news feed match their specified preference criteria,
while the algorithm narrows down the feature space of the data
instances for learning the filtering criteria.

After specifying filtering criteria using preferred data features,
Isolde begins teaching the model about her specific definition of
surprisingness using the middle panel of the interface (Figure 2 C).
TF presents a limited number of news headlines from which the
users can select the best matching and worst matching headlines
corresponding to the filtering criteria they specified. Using both
positive and negative instances for feedback is a useful technique
for learning accurate criteria [44]. In Isolde’s case, she identifies
some headlines that are genuinely surprising to her, and others
which may be surprising to her friend Marke, but are not at all
surprising based on her knowledge of the world. As she teaches the
filtering criteria, it is automatically applied to the incoming news
feed (Figure 2 D) to demonstrate how her preferences have been
reflected. The progress bar at the bottom also helps her judge her
progress through the teaching process, and how well the model is
learning her preferences. Once she has hit a point where the model
seems to understand what she wants, Isolde pauses and saves it as
a new facet in her view.

Isolde then follows a similar process to find stories that have
conflict; having sentiments that are both happy and sad. She notices
that the kinds of headlines she receives as she teaches are different,
and that this iterative teaching loop is also helping her get a sense
of her own definition of what a “happy news story” may be. Once
she has created several facets in the view, she can turn them on or
off and adjust the view to create a news feed that fits her specific
interests. She can also repeat the teaching process on her filter to
tune it based on her new interests or patterns in how journalists
compose headlines. Isolde might then check out how her filters
have fared with some recent world changes, and may find that her
own specific interests and definition of surprisingness have since
changed in the process. She can then repeat the teaching process
on her filter to tune it to her new interests or new patterns in how
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Figure 2: Our interactive news filtering interface designed to incorporate the Teachable Facets framework. Users can A) specify
their complex criteria using feature importance, B) create multiple filters, C) the interface presents qualified news headlines
that might be relevant for teaching by selecting one newsworthy and one not newsworthy headline, D) apply the created filters
on an incoming news feed by clicking on the filter. This view also explains the various headline features prioritized by the filter.

journalists compose headlines. Isolde observes that, by applying
these facets, she is able to find news articles that help make her
financial decisions based on media coverage a company is receiving.
While the TF system implemented for this paper functions on a
static dataset [64] (so as to control exposure when conducting
evaluations), future iterations one might also easily import new
data streams and include elements of traditional faceted filters, such
as keyword search and topics.

3.2 Implementation
There are three major components of our Teachable Facets system.
The first element focuses on assisting users in teaching through
examples. To support this, we designed a Detector unit compris-
ing of an active sampling technique that selects headlines useful
for the algorithm and which match a user’s criteria. The second
element, called the Learning to Rank unit, focuses on providing
ranking based on trained filters, and ensuring that users can flexi-
bly alternate between different filters. Our final element, referred to
as the Performance unit, considers how to provide quick summaries
of ranking feed performance so users can analyze the efficacy of
filters they created.

3.2.1 The Detector. The first challenge faced by the system is in
selecting examples to present to the user for teaching (Figure 2

C). Headlines are selected for presentation to users by a Detec-
tor designed to perform two tasks to address this challenge. It first
decomposes each incoming headline into a feature vector N=[𝑒1,𝑒2,..,
𝑒𝑛] where n= number of sentiments being considered. Here, we
set n=5, corresponding to 5 prominent types of sentiment used
for filtering news [53, 67] and employ a simple text-2-emotion
converter that uses word synthesis to extract sentiment [9]. Using
the set of news headline sentiment vectors, it assigns each one
a score between 0 and 1 based on their relative variance across
sentiment dimensions. This first pass finds headlines that have
significant identifiable sentiment, as there maybe headlines that
are either too noisy (e.g., parsing errors) or too neutral to provoke
sentiments for teaching (e.g., “Samsung won’t support Linux on
DeX once Android 10 arrives”) and are therefore ill-suited for TF’s
feed.

To operationalize this, the Detector employs Isolation Forest
[30], a technique that uses feature trees to isolate data points that
have significantly different distribution of features. We train our
Isolation Forest to consider headlines with low sentiment scores
(𝑒𝑛 < 0.3) to be part of a normal distribution, and to flag any head-
lines that fall outside this distribution. This results in all incoming
headlines being assigned a score 𝑆 between 0 and 1, depending
upon the intensity of sentiments they communicate (highest score
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Figure 3: Creating new filters based on unique preference
criteria. Users may specify multiple filtering preferences.

for headlines communicating highest intensity sentiments). The
Detector then selects 5 headlines from this pool, the highest ranked
(𝑆), the lowest ranked, and 3 headlines that are close to the mean
score and correspond to the user’s criteria. The intuition is that we
want the user to see both extreme and typical cases during teaching.

It is important to note that the problem of identifying data points
corresponding to a sentiment may also be formulated as a classifica-
tion task that can be achieved using a variety of (ML) classification
algorithms. However, framing this problem as an anomaly detec-
tion (AD) task (which we accomplish using Isolation Forest) offers
two major advantages over traditional classification tasks. First,
AD algorithms are equipped to handle unbalanced data better than
classification algorithms [26]. This allows them to perform reliably
with highly skewed distributions that occur frequently in real-world
data streams (for instance, news headlines from a particular source
might be dominated primarily by only select sentiments like anger,
anticipation or surprise, with only a few positive headlines oc-
curring occasionally in the data stream). Second, it helps handle
settings such as ours where no convenient ground truth data is
available to train or test the algorithm in a supervised fashion.

3.2.2 Learning to Rank. An important design goal of our system
is to provide a sustainable way of creating and maintaining facets,
support reusability, and, most importantly, refine them when a
user’s decision criteria changes or evolves. We operationalize this
by employing a representative sample-based teaching paradigm. By
leveraging both positive and negative feedback, our system tries to
capture not just the user preference but also the relative difference
between preferred and non-preferred items. With every iteration,
the detector presents items that have vectors far apart in the feature
space to maximize information gained in each training iteration.
When a user continues to teach or re-visits a filter which they wish
to refine, they can adjust the feature importance and select new
representative samples. For instance, the user may first create a
conflict filter in combination with a geolocation filter, to identify all
news articles reporting challenges faced by a local community, and
then refine the same conflict filter to identify challenges within a
particular city by selecting additional representative data instances.

To support this evolution process, we introduce the functionality
of Filter Buckets, which save each filter facet state as an intermediate
“checkpoint.” Each saved state comprises of four parts; 1) the initial

Figure 4: Scrolling through headlines produced by applying a
given filter. Showing rank, headline, features, and overview.

state of the model, 2) the data instances selected to teach it, 3) the
intermediate/final state of the model, and 4) its predicted ranked
scores on the incoming news feed. These saved checkpoints are
activated when the user clicks on a given filter, and are applied to
the most current data stream. In this setting, the model begins to
train from the last checkpoint, thus learning more nuances from
additional data points. Our system also allows users to delete a filter
altogether if it no longer is useful and considerable concept drift has
occurred between the filter’s learned boundary and a user’s decision
criteria. In the future, our state storage system might also allow an
‘undo’ capability or additional visualizations for explainability.

For our learning to rank algorithm, we implemented a point-
wise learning approach [25] using a logistic regression estimator
that can learn from mini batches using a sequential optimizer in
non-stationary classification setting [45]. The algorithm is simple,
yet powerful, and provides transparency in terms of feature weights
and importance. Being an online learner, the model can operate suc-
cessfully in a machine teaching setting where all the data necessary
to learn a decision boundary are not available, but are gradually
accumulated instead as users encounter new instances.

3.2.3 Ranking and Explaining Feed Performance. As users are teach-
ing the model, it is critical to give them a sense of how well the
model is learning. One method is to simply show the headlines to
the user and let them be the adjudicator (Figure 3). Another method
we pursue is to provide metrics which help users judge the efficacy
of their new filter (Figure 2 D). Besides visualizing the raw number
of teaching iterations, we also estimate the discoverability factor of
the current filter. The filters with high discoverability are better at
reaching desired articles, giving a general sense of how well the
filter might perform in displaying relevant headlines at the top of
the news feed.

To compute this metric, our scoring function predicts the ranking
scores on a test set of 1,000 news headlines, out of which 100 news
headlines are available in the user’s news feed. For each teaching
iteration, we calculate the rank gain of a headline using its rank
𝜌𝑖 after current iteration and rank 𝜌𝑖−1 immediately before the
current iteration using this formula: 𝜆𝑖 = 𝑙𝑜𝑔(𝜌𝑖/𝜌𝑖−1). As the
pool of headlines is N=1000, the maximum possible rank gain is
𝜆𝑖,𝑚𝑎𝑥 = 3 and minimum possible rank gain is 𝜆𝑖,𝑚𝑖𝑛 = −3. We
define an item to be discoverable when 𝜆𝑖 ≠ 0 for a given iteration,
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and its rank changes across each iteration. When rank gain 𝜆𝑖 > 0,
the item becomes more discoverable as it moves up in ranking
while if 𝜆𝑖 < 0, it becomes less discoverable across each iteration
as result of user action. A successful filter would rank all items
that correspond to a user-defined criteria higher than the others.
Therefore, the cumulative rank gain for relevant items should be
greater than the cumulative rank gain for irrelevant items. With
this definition, if a user prefers to see news filtered based on criteria
G on topic X in their news feed, then all news headlines matching
the feature dimensions with 𝜆𝑖 > 0 will make the news feed more
relevant.

Another key goal of our system is to provide transparency at
every stage of the filter creation process. When engaging end users
with ML systems, it is important to provide support for interpreting
model results, visualizing the outcome and helping them estimate
how their decisions are impacting the model’s outcome. To achieve
this goal, we incorporated both visualizations of the outcome of
each filter and the feature distributions of each headline it was
prioritizing. The news feed incorporates a ranking summary visu-
alization that provides an overview of how their filter is ranking
headlines with different sentiments (Figure 4), which is updated
after every iteration. We incorporate color channels to counter
change blindness that might result in oversights [55]. New, more
relevant headlines are pushed to the top of the ranked list after new
filters are applied, in addition to refining previously applied facets.

4 EVALUATION
Teachable Facets offer flexibility to users in determining what items
should be prioritized over others. The framework enables users
to establish a filtering criteria and provide examples of the best
and worst matches pertaining to this criteria. The goal of our sys-
tem is to augment the implicit feedback about user preferences
(e.g., clicks) with explicitly articulated preference feedback (e.g.,
selected features and positive and negative examples corresponding
to these features). The outcome of our system is a ranked list of
news headlines that are filtered from a large pool based on the
criteria specified by the user.

Evaluating ranking algorithms is a topic of ongoing research,
comprising of techniques that assess ranking systems based on met-
rics like accuracy, relevance, agency and fairness [12, 14, 18, 66]. In
our work, we employed a pointwise learning-to-rank algorithm that
has been well evaluated for its performance in various contexts [25].
Therefore, our goal in this work was not to re-evaluate our algo-
rithm on benchmark criteria. Additionally, evaluating most ranking
systems requires ground truth, which is expensive to annotate for
constantly updating streams.

Instead, our goal was to understand how well our system re-
sponds to individual preferences and produces relevant results.
This motivated our analysis towards the broader question of do
teachable facets personalize well to individual preferences? One way
to evaluate whether the system outcome is likely to be personal-
ized to an individual’s preferences is to investigate if for a given
filtering criteria (e.g., good news) and personalized user defined
configurations of feature dimensions (e.g., sentiments like happy
and surprise) produce different, yet relevant, ranked outcomes. We

conduct a user study to investigate the above question, which we
describe in detail in the next section.

4.1 User Study Design
We recruited a group of people (N=72) to participate in the pilot
studies to test the usability of our system, clarity of instructions,
performance of the underlying model, and stability of the system
when multiple people use it simultaneously. For the main study, we
recruited another group of participants (N=32), the results of which
are presented below. All users were recruited via a popular crowd
sourcing platform. Before beginning the task, each participant first
took a pre-task survey in which they provided background about
their news reading habits and demographic information. Partici-
pants then took a screening survey, where they were presented with
2 questions corresponding to each of the 5 sentiment dimension
(a total of 10 questions). In every question, they were presented
with a sentiment followed by a group of 5 news headlines. Their
task was to identify 1 headline that represented the sentiment in
question (e.g., identify which of the following headline communicates
“happy news” using positive words). The goal of this survey was to
capture a snapshot of how they assess the sentiments using the
linguistic features of a headline, and to help them prepare for the
task ahead. These questions were drawn from a corpus of news
headlines curated by expert annotators [3].

Following this survey, users were presented with detailed in-
structions on how to use the interactive tool to create novel filters.
They were allowed to freely explore the tool and create exploratory
filters to get familiar with the system. They were each assigned
a task to create and teach two (2) filters randomly sampled from
a group of three filtering criteria good news (G), surprise news (S)
and news with drama (D). They were provided with detailed def-
initions of the news factors from a journalistic standpoint, along
with examples. Using these reference points, they first selected the
feature dimensions and defined their importance for each of these
filters, assigned a name to their filter, and taught them iteratively
by choosing representative samples that the system selected for
them. They were each allotted minutes, although they could leave
anytime during the session, not exceeding 1 hour. The participants
were assigned a modest target of 15 iterations and a discoverability
score of 0.3 (presented as a percentage) to be achieved during the
session. They were compensated with a reward of $12 per hour and
a bonus for achieving discoverability score > 0.75. In the below
section, we share the results of the study.

4.2 Results
Of the 32 participants in the study, 15 were male, 16 were female,
and 1 did not disclose their gender identity. 18 participants were
below the age of 30, 10 participants were between the ages of 30
to 50, and 4 participants were over 50. Participants had varied
educational backgrounds, with a majority of them having a college
degree (N=20), some had a Master’s degree (N=8), 1 had a Ph.D.,
and 1 had a high school education. All participants were frequent
consumers of local news from a variety of online and offline sources.
The 32 participants created 84 unique filters with varied feature
dimensions and importance. Of these 84 filters, 49 were designed
with the specific task instructions (G=25 D=13 S=11), while the
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remaining filters were built for exploration purposes. These had
various names including factors like fun, positivity, unhappy, and
sad news, fake news and neutral.

To analyze the difference between the various feature dimen-
sions selected, we consider a baseline filter B that has all 5 feature
dimensions selected and set to medium importance, i.e., B=[0.5,
0.5, 0.5, 0.5, 0.5]. This baseline corresponds to creating a filter that
does not have any user preferences and uses all features with equal
(medium) importance to rank incoming news feeds. We computed
the Euclidean distance E [10] of the feature dimensions defined
for each filter (G,S,D) with the baseline filter B, where 𝐸𝑚𝑖𝑛 = 0
and 𝐸𝑚𝑎𝑥 = 1.12 (owing to the 5 features we used). We observed
that the 49 filters corresponding to the task were different from
the baseline in terms of features and their importance scores se-
lected; filter G (min=0.48, max=1.12, std=0.17), filter D (min=0.48,
max=1.02, std=0.20), and filter S (min=0.55, max=1.11, std=0.15). We
further observed that participants also engaged in refining their
filtering criteria throughout the course of the session. 27 out of
32 participants engaged in modifying their definitions (or filtering
criteria) they selected more than once during the session. They
often switched between different filters and applied varied criteria
to explore how they affected their news feeds.

We considered the first ranked list presented to the participants
at the beginning of the task as baseline. The participant’s goal was
to personalize this news feed by selecting appropriate headlines
to read. Using a Kendall Tau (KT) ranked correlation measure, we
computed the correlations between the baseline news feed and
final news feed created by each of the 49 filters. A KT score of 1.0
would indicate the feeds were exactly the same as the baseline for
each given filter, while a value of -1.0 indicates highly dissimilar
feeds. We computed KT (𝜏) measures using two criteria; the first
was comparing the ranks of actual headline. This enabled us to
measure whether the outcome of each filter applied to the news
feed resulted in the exact same headlines. We observed that 𝜏 values
for filter G (Mean 𝜏 = 0.11, 𝑠𝑡𝑑 = 0.42), filter S (Mean 𝜏 = −0.2,
𝑠𝑡𝑑 = 0.33) and filter D (Mean 𝜏 = 0.03, 𝑠𝑡𝑑 = 0.07) indicated weak
correlations with the baseline, suggesting that they were different
from the starting news feed. The second correlation test measured
ranked correlations using the sentiments communicated by each
ranked headline. This allowed us to measure, for a group of filters,
the similarity between the sentiments of the ranked headlines. We
observed that 𝜏 values for filter G (Mean 𝜏 = 0.15, 𝑠𝑡𝑑 = 0.36), filter
S (Mean 𝜏 = −0.009, 𝑠𝑡𝑑 = 0.12) and filter D (Mean 𝜏 = 0.03, 𝑠𝑡𝑑 =

0.092) suggested slightly stronger correlations with the baseline.
These observations suggests that users who created filters with
similar goals, but different definitions in terms of feature selection,
were able to see news headlines that are not exactly the same and
yet communicate relevant and similar sentiments.

5 DISCUSSION
In the previous sections, we described our interactive interface, user
study design, and experimental results. In the following section,
we discuss several important implications related to the design of
interactive Machine Teaching systems.

Teachable Facets provides a flexible framework for filtering in-
formation based on complex user preferences. We observed that

users engaged in creating diverse filtering criteria and refining them
to extract the most relevant news headlines. Formulating queries
based on data features and representative samples enabled them to
explicitly impact the news ranking algorithm. For instance, when
filtering news headlines with surprising news, they manipulated
the feature importance when the algorithm was unable to prioritize
relevant headlines with the initially specified features. This inter-
action provided context switching between formulating queries
and exploring query results, and encouraged users to create news
filters that weren’t specified in the task. For instance, they used
the slider features to create news filters like fake news, sad news,
entertainment, etc.

Prior research demonstrates that users prefer faceted search
interfaces for exploratory tasks [42]. Our research provides key
evidence that faceted search can also encourage data exploration.
This is particularly useful for information access tasks like news
reading, where it is important for users to be familiar with di-
verse viewpoints. It is important to note that the features used
to decompose the target criteria play important roles in this ex-
ploratory search. They function as “anchor points” through which
users specify exploratory filtering criteria, find navigation leads,
and investigate their goals. These features are used to also gauge
the relevance of the retrieved information and evaluate the usabil-
ity of the facets. Therefore, it is important that the choice of these
features be grounded carefully in the user’s goals. In future works,
it will be important to study how complexity of the feature set may
further impact teaching and creating unique facets.

Teachable Facets enable users to engage in machine teaching by
specifying information filtering goals using representative samples
and feature manipulation. Teaching involves adjusting the input
to the learning agent based on the understanding of the outcome,
and is a cognitively demanding process. Therefore, it was critical to
incorporate algorithmic transparency for teacher success. During
pilot studies, participants provided evidence that they were aware
of the need for ML explanations to measure their teaching success;
P23 mentioned “... thought I would see signs that AI was learning
from me, but nothing to me indicated that was the case...”

In our final design, we introduced feature-based explanations
that faithfully represented model performance over every iteration.
We observed that this significantly improved success rates and
encouraged users to engage in exploration beyond the task spec-
ifications. However, teaching is an iterative process that requires
users to iteratively access machine explanations. We observed that
a majority of participants were able to complete the task effectively
(P16 mentioned “Everything was easy to understand and complete,”
while P8 said “Very nice filter mechanism with the story tone [news
sentiments] table.” ).

To engage users in teaching, it is not only important to design
explanations that are interpretable and actionable, but also reduce
the time and cognitive load. Machine Teaching interfaces that pro-
vide a one-to-one mapping between input and output data features
can help to simplify teaching tasks that are cognitively demand-
ing. While significant research has been focused on how to design
reliable and interpretable ML explanations in various application
settings [65], there is little research on the cognitive load associated
with explanations. Additionally, our work also poses interesting
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research questions on uncovering the temporal effects of the ex-
planation language, and what explanation design patterns present
lesser cognitive load to their users.

We incorporated an instance-based teaching mechanism that en-
abled users to select news headlines that represented their specified
criteria. This mechanism was adopted successfully in prior research
in machine teaching [39, 48] and is particularly advantageous for
filtering applications. We introduced a segregation between the
news items participants used to teach and those they saw in the
feed. This design choice was intended to provide an intuitive segre-
gation between training and the test set, and was critical for users
to edit the facets they created. However, since all participants were
familiar with traditional news recommendation interfaces which
do not provide a clear and transparent distinction between the in-
stances used to learn user preferences, it caused a bit of learning
curve with our system. P9 mentioned “...I thought they should be
the most newsworthy and most interesting to me as first, then second,
third, fourth and fifth least. Instead, the third option was one I didn’t
want to read but would share and the fourth was one I did want to
read but not share...” However, the nature of our interaction design
led users to eventually break from prior beliefs and mental models,
and successfully create news filters using their custom definitions.
P4 mentioned “I think overtime I could make this work as I got used
to the system and could train it better.”

These observations suggest one of the major challenges MT sys-
tems might face in the wild; enabling users to move from the role of
passive data providers to active teachers of their own systems. Modern
algorithmic systems increasingly deploy automated systems, thus,
limiting end user agency. While they provide short term conve-
nience in terms of reduced effort, they increase user reliance on
algorithmic decisions. Therefore, it is important for system design-
ers to consider mechanisms that will reduce cognitive load, but
offer high agency for Machine Teaching systems in high stakes
settings.

6 LIMITATIONS AND FUTUREWORK
Our research has several limitations which open pathways to future
research in this area. First, while we demonstrate how Teachable
Facets could be useful to support personalized information filter-
ing and capturing complex user preferences, we did not explore
how this framework could be used in combination with static (or
traditional) facets. For instance, a good news filter may be created
for all news headlines corresponding to topic X. In future work,
we intend to extend this framework to faceted search interfaces
that include traditional facets. Second, we analyzed system perfor-
mance in terms of the relevance of headlines generated, and the
user experience of teaching complex preferences. However, we did
not perform a detailed investigation of cognitive load on users and
the impact of prolonged use of these tools on news reading habits.
In future work, we intend to focus on a much detailed evaluation of
the tool that includes investigating whether teachable facets intro-
duce news readers with diverse opinions, and help them break filter
bubbles [32]. Third, we studied the design of TF interfaces only in
context to identifying newsworthy headlines from constantly up-
dating streams on news aggregation websites, without considering

factors like source, volume, distribution, etc. Not all sources pro-
duce news articles with the same volume. For instance, larger news
organizations can produce significantly larger number of articles
everyday than smaller news organizations. It will be interesting,
and eventually critical, to study how teachable facets might impact
reader bias towards certain sources. Finally, the tests we conducted
involved approximately 110 participants recruited through crowd-
sourcing.While this demographic represents frequent users of news
aggregation websites, it will be useful to design user studies geared
toward professionals like traders and journalists.

7 CONCLUSION
In this research, we first described the challenges associated with
capturing complex user preferences. We then propose the design
of Teachable Facets, an interactive machine teaching framework
for information filtering tasks. We implement TF in context to an
online news aggregation platform and deploy them in a crowd
sourced environment. We systematically evaluate the design and
outline implications that can highlight the benefits associated with
TF framework.
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