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Crowdsourcing and Evaluating Concept-driven
Explanations of Machine Learning Models
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An important challenge in building explainable artificially intelligent (AI) systems is designing interpretable
explanations. AI models often use low-level data features which may be hard for humans to interpret. Recent
research suggests that situating machine decisions in abstract, human understandable concepts can help.
However, it is challenging to determine the right level of conceptual mapping. In this research, we explore
granularity (of data features) and context (of data instances) as dimensions underpinning conceptual mappings.
Based on these measures, we explore strategies for designing explanations in classification models. We
introduce an end-to-end concept elicitation pipeline that supports gathering high-level concepts for a given
data set. Through crowd-sourced experiments, we examine how providing conceptual information shapes the
effectiveness of explanations, finding that a balance between coarse and fine-grained explanations help users
better estimate model predictions. We organize our findings into systematic themes that can inform design
considerations for future systems.
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1 INTRODUCTION
In order to work efficiently with their human counterparts in critical decision-making activities
such as healthcare [29], finance [58], and security [40] while remaining transparent and accountable,
Machine Leaning (ML) models should not only be accurate but also must explain their decisions
effectively. This has motivated recent research in explainable AI[27] (xAI), with one main thread
focusing on visualizing model properties or data features that are crucial in completing the task. For
instance, when identifying objects in satellite imagery [2] using Convolutional Neural Networks
[63], which have complex mathematical representations, an explanation system may highlight the
pixels or properties (composition, position, etc.) that were used by the model. In this approach,
low-level data features inferred from the model structure form the language of the explanation.
On the other hand, human users do not reason based on low-level features. Instead, they rely on
higher-level ones (green grasslands, vegetation, livestock, etc.) to make sense of the scene. As a
result of this mismatch, explanations focusing on low-level features can be hard to interpret [3].
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ML explanations that utilize low-level data features such as pixels, n-grams, and data attributes
are advantageous because they are mathematically faithful to the model, providing extremely de-
tailed, fine-grained, information about model activity (e.g. Grad-CAM [60] showing pixel response).
However, this granularity can be overwhelming and it requires the analyst to make inferences in
order to interpret the explanation in meaningful ways. Highly granular explanations lack overar-
ching structures that help to structure an analyst’s interpretation. For instance, pixel importance
values highlighted in Figure 1(v) show a model’s focus on the striped area of the image, but do not
offer any concrete evidence that stripes were the true differentiating feature.
Additionally, these explanations are often specific to a particular data instance and may lack

information about how other similar data points were treated by the model. A lack of sufficient,
relevant context may also lead to misinterpretations. For instance, in Figure 1(v), it is important
for the analyst to see examples which were interpreted similarly by the model so that they can
verify that stripes are indeed a deciding factor. Yet, providing extraneous information increases
processing time and might confound rather than reinforce analyst observations.

As an alternative to granular, low-level model explanations, researchers have proposed techniques
for constructing explanations that use higher-level concepts that are familiar to users [61, 74], with
an intuition that familiar concepts may be more usable. For example, techniques can summarize
properties of regions across a corpus of images [34] or phrases in text [47]( e.g. ‘stripes’ for zebra
as shown in Figure 1(i)). However, this process is not lossless. Concept features are abstract in
comparison to highly granular feedback, risking potentially hiding outliers and reducing specificity
to exact model features (which could lead to user interpretation errors or bias [65]). A trade-off
exists between providing model-faithful, highly granular explanations and simplified, conceptual
explanations that might be more interpretable and bridge to contextual information.
In this paper, we explore how granularity, faithfulness to model features, context, and simpli-

fication affect user understanding and confidence in machine learning models. In particular, we
focus on hybridized, human-centered explanation strategies which are faithful to machine’s learned
representations along with contextual information (presented through high-level concepts). We
explore how these explanation strategies apply to image classification using Convolutional Neural
Networks [31] and affect user assessments. We select this task because of its inherent complexity
resulting from images’ varied interpretations and ambiguities, and its applications to a wide range
of scenarios that remain challenging to the ML community. In the discussion, we identify how our
findings can apply to a wider range of applications. We evaluate a spectrum of explanation strategies
by gathering conceptual information for a model’s training data, exploring ways to visualize this
information to explain model behavior, and conducting a controlled study to examine different
levels of contextual information and granularity, exposing potential trade-offs in explanation design.
The main contributions of this research are as follows:

(1) Formulation of explanation designs at varying levels of granularity (ranging from pixel-level
to concept-level) and context (ranging from information about single instance to information
about a local neighborhood of samples).

(2) A crowdsourcing pipeline to gather a rich data set of conceptual information that can power
explanations based on above formulations.

(3) An empirical study that measures users’ confidence on estimating model performance when
these explanations are presented in an application context.

Our findings suggest that, while providing context helps to improve the interpretability of an
explanation, fine-grained explanations do not yield the best results. Further, these attributes offer
different levels of improvement in interpretability depending on model outcome (false positives
versus true positives). We suggest that well-tuned explanations which a) align their granularity
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Fig. 1. Explanation space can vary in both context (information about similar data instance) and granularity
(data features used). Context can vary from local to global, while granularity varies from coarse to fine-
grained. Shown above are examples of explanations techniques for (a) image identification [7, 34], (b) sentiment
identification [39], (c) object detection [53], (d) fake news identification [53], (e) image captioning [66] and
(f) prototype explanations generated using our crowd sourcing methodology(*). All the above tasks can be
framed as classification tasks with image and text data.

with the size of the most important features in performing the task, and b) provide context that
balances effort and ability to test inferences can offer the best potential payoff for analysts.

2 CONTEXT AND GRANULARITY IN MACHINE EXPLANATIONS
In order to successfully assist users in debugging, auditing, or making sense of ML models, explana-
tions must reflect machine behavior reliably (i.e. fidelity) and should be comprehensible by users (i.e.
usability). While machines process images solely based on feature computation, human adjudicators,
on the other hand, make sense of images using both bottom-up (photons to brain response) and
top-down (knowledge shaping perception) processes [45]. This makes it challenging to design
usable visual explanations of model behavior that remain faithful to the underlying mathematics.
Explanations based on low-level features, such as pixel-level [7] and region-level [60] (Figure 1v)
importance scores prioritize accuracy through absolute fidelity to model features, presenting a
single data instance thoroughly. However, they may be difficult to interpret generally, because
these granular, highly detailed explanations (which rely on low-level data features) lack grounding
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Fig. 2. Context is determined by summarizing data features that were important to the model to correctly
classify select neighbouring instances (local) or all instances (global). Granularity is determined by using data
features through low-level pixels (fine-grained) or high-level regions (coarse). Highest granularity in this case
is where all pixels are used, and lowest level granularity is when no pixel importance is shown.

in human familiar concepts, making them potentially abstract and reducing the avenues analysts
have to employ their own domain knowledge. This absence of implicit guidance also makes it
difficult to identify patterns when examining many instances (e.g. given heat-maps of two different
tiger images, it is hard to conclude whether the model responds to stripes in both). On the other
hand, explanations based on high-level, conceptual features (e.g. a visual summary showing stripes
along with a natural language summary, "stripes were used to identify the image as tiger") may be
easier to comprehend and provide a general understanding of the behavior. Further, a high-level
explanation can also offer analysts a contextualized understanding of how a model identifies a
group of like images (e.g. "most images like this one were classified using stripes"). Contextual
information, which naturally lends itself to these high level explanations, may vary based on its
scope, for instance incorporating closely similar data instances or data instances of the entire class.
In this paper, we explore how variations in the explanatory structure (or granularity) and contextual
information provided (or context) in model explanations can be used to improve user’s confidence
on the model and their assessment of its activities. In the following section we define granularity
and context for the purpose of exploring the design space of possible explanations.

2.1 Granularity
Granularity of explanations refers to the level of detail provided by the data features used to explain
the decision. Low-level data features (e.g. visualizing weights of each pixel that is important for
classification in Figure 2(b) ) provide a high degree of detail with regard to models’ mathematical
representations, generating a fine-grained explanation. A low granularity explanation, on the other
hand, is comprised of high-level data features that offer more specificity (e.g specific well defined
regions showing the tail of the tiger), and thus can be referred to as coarse in nature. When varied
on a scale (Figure 1), different levels of granularity lead to detailed or abstract explanations.
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There is risk in assuming that the more detailed an explanation, the better. A recent study
[46] measured how factors like the length of the explanation, introduction of new concepts and
repeating input terms impacted how users perceived explanations in a text classification task. The
results suggest that highly detailed explanations may not necessarily improve user confidence.
While the detail in fine-grained explanations risks high effort and forcing inferences on ambiguous
but detailed feedback, coarse explanations demand greater inference and interpretation in order to
apply the feedback, posing risks of bias (both analyst and algorithmic) and ambiguous or poorly
generalized inferences.
In this paper, we build on existing work by generating 4 different explanations of an image

classification task, having varying levels of granularity ranging between coarse to fine-grained, by
systematically varying the number of segments (N) used in the explanation. At the highest level of
detail, we present an activation heatmap of model responses over the image sample using all pixels.
As granularity decreases, we segment the image into meaningful regions, presenting increasingly
schematic representations of machine response. We use segmentation as a tool for varying granu-
larity as in the case of image classification. We find that different amounts of segmentation match
well to different scopes of image features. While a large number of segments readily unitize small
details, a coarse amount of segments draws attention to larger features in general.

2.2 Context
Context in an explanation refers to the breadth of data instances used to explain the model’s general
behavior, and the method used to display any additional instances. Information regarding how the
model processes similar data instances provides some context to the explanations, helping analysts
to verify their inferences for generalizability and identify subtle patterns across samples. Different
amounts of data can be sampled using similarity metrics and other filtering techniques, producing
explanations that include varying levels of context. Context-less explanations present information
about a single instance of training or test data. Much as in high granularity cases, these presentations
are closest to the raw behavior of the model, with minimal summarization over sample space. A
local context explanation presents information about an instance’s local neighborhood (e.g. showing
information about images that are closely similar to one ladybug image, Figure 2a) and a global
context explanation presents summary information about all data points that belong to that class
(also see 1i). Recent studies have explored how instance-level explanations might actually do little
to improve an analyst’s understanding of a model [3] as compared to global explanations of a
model’s behavior across classes of samples [53]. By incorporating neighborhood information using
higher-level concepts, an explanation might provide a bird’s eye view of the model’s performance
that is more usable and actionable.
In this research, we consider 3 different explanation strategies providing varying levels of

context by constructing neighborhoods of related image samples at increasing scale and presenting
information about them. We consider context-less (no neighborhood data instance information is
presented), local context (information from only select highly similar samples is presented), and
global-context (information from all similar data instances is presented) explanations in our study.
We present contextual information to the users using a bar chart visualizing importance scores
of features used by the model (see Figure 6). Explanations tell the analyst what kind of features
neighboring samples presented (either very similar points or all points belonging to the class). These
summaries of model explanations use concepts that are elicited through a crowdsourcing technique
we describe in the later sections. Conceptual data about images act as a bridge between samples that
are semantically similar but visually dissimilar. This dimension operates separately from granularity.
Furthermore, a concept-based approach to presenting context is more stable in scenarios where
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images are semantically similar but have visual elements that generate significant dissimilarity
scores unrelated to semantic differences when compared using statistical image similarity metrics.
In general, the dimension of context will be highly influenced by the kind of display chosen to

represent the contextual information. We chose to use a bar chart metaphor because it provided
a separate, distinct visual summary, with the trade-off that specific instances are not shown. We
valued the schematic view this provided and the way it encouraged participants reason on a
conceptual level. Another way to surface these examples would be to show them as additional
samples of interest. We hope to investigate additional displays in future studies.

One might also argue that contextual information can be derived by examining several low-level
feature based explanations in the local neighborhood (such as, a model’s response on similar images).
However, this approach can only work when the explanation is low fidelity (coarse granularity),
less prone to open interpretation and is easily distinguishable across all data samples. For instance,
when investigating a model that uses facial features to identify emotions, the user should be able to
confidently judge that the region of importance being shown in all samples is eye and not forehead.

2.3 Hypotheses
Through an experimental study we aimed to explore the trade-offs mentioned for granularity
(e.g. fidelity vs. ease of use) and context (e.g. generalizability vs. effort) and expose any potential
interactions between them. We use several different outcome measures. First, we ask participants
to report their satisfaction with the model’s explanation and their confidence in the model’s overall
performance. Second, we ask participants to "predict the prediction" of the model, based on the
explanation it provides. This measure has been used in prior work [49] as a proxy for participants’
ability to understand the model and the predictions it makes. We compute the difference between
the participants’ predicted confidence and the actual output confidence of the model to measure the
efficacy of the explanations. A low difference implies accurate estimation of model performance.
Based on these measures, we hypothesize:

• H1: Coarse granularity should help participants estimate model predictions more
accurately. This is because these explanations are low in fidelity and should align better
with participants’ concepts.

• H2: Likewise, higher degrees of context should help participants estimate the model
predictionsmore accurately, as these explanations will give themmore comparison points
for making an informed judgment.

• H3: Considering self-report measures, coarse granularity explanations will result in
higher self-reported participant confidence, as their simplified feedback will be easier
for participants to interpret.

• H4: For poor quality data instances, there will be higher differences in the partici-
pant’s ability to estimate predictions and their self-reported confidence, as compared
to high quality, reliably classified ones because universally high confidence (or skepticism) of
the model’s performance may be disrupted by samples that are difficult to classify.

• H5: Explanations incorporating local and global context will report higher partici-
pant confidence on model decisions, as compared to context-less explanations.

• H6: Presence of context in high granularity explanations will have stronger effect
on participant’s confidence than weaker ones, because providing context ought to help
participants place a sample into a broader space of data.
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3 RELATEDWORK
Some machine learning (ML) classification models have structural features that are inherently
explainable such as Decision Tree splits [52] or Logistic Regression [51] coefficients, while others
require post-hoc explanation techniques to extract meaningful representations from the models’
complex architectures (e.g. Convolutional Neural Networks (CNNs) [31]). Some of these post-hoc
techniques rely on visualizing the model’s internal operations, for instance, visualizing layer-wise
activations in a neural network [70]. A comprehensive survey of visualization techniques for
CNNs can be found in [71]. They vary widely, including layer-by-layer views, overlays on data
samples, diagrams of information flow, and depictions of changes during training. However, these
explanations often require that the user has sufficient knowledge of model architecture and hence
can be difficult to interpret byML non-experts. As model explanations reach broader audiences (both
because ML is increasingly being integrated into everyday life [20] and there is increasing societal
focus on model accountability [24]), researchers have explored new, more accessible techniques for
explaining complex models.
One way the research community has explored for making more accessible explanations is

by utilizing causal relationships between input instances and the model’s response. For instance,
techniques such as identifying images [25] or parts of images (using occlusion) [62] that maximally
activate hidden regions of the model. These techniques allow users to estimate regions of importance
to the model at a broader level. On the other hand, heatmap visualizations produced via CAM
[73] and Grad-CAM[60] algorithms generate more fine-grained visual explanations by explicitly
providing importance scores at a per-pixel and region-based levels. Other techniques like saliency
maps generated by layer-wise relevance propagation (LRP) [7] also explicitly visualize pixel-level
information about features that have high relevancy scores, providing a sense of the most important
features belonging to a predicted class. These approaches prove very useful in explaining the results
of a single instance of data on a very fine-grained, granular level. However, they do not connect to
broader information required for a model’s performance evaluations and auditing (e.g. determining
whether a sample is exceptional or typical) and their fine-grained, pixel-level feedback may be
noisy and hard to interpret, as there is an assumption that human-meaningful features will emerge
from analysis of a performant model, which may not be guaranteed.
One thread of research [72] attempts to add structure by assigning meaningful labels to the

individual units (or layers) of deep learning models, providing a reference point for adjudicators
to compare their visual semantic interpretations. In this work Zhou et al. use labels belonging to
colors, materials, textures, parts, objects and scenes. Explanations for single data instances are a
combination of these concept labels. A similar approach is adopted by IBD [74], where parts and
object labels are accompanied by heatmaps [23] to explain the predictions of various models. These
explanations provide more schematic feedback, presenting outlines of regions that were important.
This reduces the granularity of the feedback, with potential benefits in ease of understanding.
Approaches like TCAV [34] follow a parallel, low-granularity strategy, generating concepts to
explain an entire class of data instances. A user can access model performance based on whether
or not it employs a specified concept in identifying a given class (e.g. one can investigate whether
"red" was used in the identification of "firetrucks"). This approach moves beyond instance-level
explanation and only employ high contextual information to measure a model’s performance for a
given class. While these approaches improve the explanations of a model’s decisions, it is unclear
to what degree we should make use of conceptual information in explanations. Is the gain in clarity
offered by these techniques sufficient to exceed the potential loss in specificity? Should we present
one concept or a combination of concepts? Do these techniques work best on a sample-by-sample
level or with class-level context? In our lab study, we investigate these questions.
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In this paper we make use of crowdsourcing as a tool for gathering human conceptual data.
Crowdsourcing platforms find application inmanyML tasks such as dataset generation [8, 22, 30, 48].
In particular, crowdsourcing can be leveraged in places where human adjudication outperforms that
of a machine [11], as is the case with the kind of conceptual data we seek. However, quality and work
structure might limit achievable results [35]. While gathering ground truth image classification
data on a crowdsourcing platform is relatively straightforward, gathering human conceptual and
attentional data may be much more challenging because tasks must allow for high expressabilty on
the part of workers (so that concepts are faithfully gathered) but also maintain high consistency
and work quality. Despite these challenges, researchers have gathered large-scale datasets that
incorporate information about how individuals perceive and make sense of stimuli. Salicon [32] is a
large-scale dataset containing information about user attention as inferred from mouse movement.
While attention is a bit different from concept evocation, this provides evidence of the feasibility
of gaining access to the cognition of participants on crowdsourcing platforms. Further work has
investigated how behavioral logging [57], a game with a purpose [17], and blurring techniques
[15] can provide reliable information about user’s cognitive state. While in this work we do not
directly seek attentional data, we do need workers to reliably report where they are directing their
attention when conceptualizing an object. We also make use of traditional majority vote quality
control schemes [8] as data validation in our workflow.

Just as important as it is to design new explanation techniques for ML models, it is also necessary
to understand how best to evaluate explanations. Generally speaking, the goal of an explanation
is to give its intended users the rationale behind the model’s decision making process. There are
a variety of strategies for evaluating this. Some metrics include users’ trust and confidence [28],
their satisfaction [6], and verbalizations of their mental representations of the model [36]. Expertise
often plays a role, as an explanation designed for an ML expert may not make sense for the ML
novices [43]. Doshi-Velez and Kim categorize evaluations as being application-grounded, human-
grounded and functionally-grounded based on the type of subjects and tasks [19]. We employ
human-grounded metrics to evaluate how user confidence in the model’s performance is impacted
by explanation design using a predict the prediction task [50]. We also include measures of user
confidence and satisfaction in our evaluation. While, we do not explicitly measure trust, prior work
[34, 49, 53] suggests that humans tend to trust ML models if they find model explanations reliable.
We specifically focus on CNN based image classification tasks due to their widespread applica-

tions [5] and the unique challenge images pose for explanations. Though image classification of
animals and objects, as examined in this paper, may seem trivial, the methods can be transferred
to practical applications like agricultural auditing [56], and facial recognition [64]. Selecting a
neutral problem of image classification with Imagenet dataset, provides a better guarantee that our
experimental participants will possess necessary domain expertise to participate and also avoid
potential confounds from socially or culturally sensitive tasks.

4 ELICITING CONCEPTUAL DATA FROM THE CROWD
To construct our explanation samples, we use conceptual features to summarize model performance
across a variety of data instances. We use concepts as a means to connect across samples and model
behavior characteristics throughmeaningful shared properties. A concept is a mental representation
of classes or categories of things which help individuals reason about the world [45]. For instance,
conceptual schema help people to understand what precisely makes an entity a bird and to describe
how a single bird is different or similar to other birds. Because they are universally employed by
individuals, and form an important part of our understanding of the real world [9], they have
been considered a prime target for making more usable machine explanations [42]. These mental
representations, however, vary widely across people (as a result of, but not limited to, experiential,
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cultural, and social factors). Common theory holds that there is no such thing as an ideal prototype
of a class of things [54], so humans reason about classes using a mixture of different conceptual
elements. In light of this, we must gather a wide sample of human judgments in order to identify
common patterns among individuals. We then use these concepts to produce explanations of
varying levels of granularity and context.

Prior work on concept based explanations for deep learning models [4, 34, 74] provides several
approaches for connecting pieces of ground truth from different datasets to generate descriptive
labels. For instance, in [4], densely annotated datasets like Pascal-Part[12], Pascal-Context[44] and
Describable Textures[14] were used to assemble a dataset with pixel-level labels of each image
describing colors, materials, textures, parts, objects and scenes. Adopting this approach or borrowing
from existing datasets is promising but has several limitations. The underlying assumption in
assembling descriptive datasets from others is that these label categories can correctly represent
higher-level concepts used by humans. If the data set we are exploring does not have well defined
categories representing human conceptualizations of entities (perhaps because it is appropriating
an existing schema rather than starting from base human responses), then this approach would not
work. Likewise, the labels available in different datasets form an exhaustive, but shallow vocabulary
for conceptual data. Because single class membership and assigning the most accurate label are
prioritized, the size and heterogeneity of labels is limited (e.g. while a feature detector may help
decompose a face into [eyes, nose, mouth, forehead], it may miss that many human adjudicators
think of "hairline" and "lips" when they conceptualize a face, limiting expressability). Finally, it
should be feasible to assemble pixel-level annotations from existing samples in different datasets,
which is often not tractable when borrowing/applying features across different models.

For this reason, instead of inferring conceptual data for explanations from existing datasets, we
designed a crowdsourcing pipeline to sample conceptual information directly from humans in their
own terms, providing unadulterated feedback on how humans perceive categories of images. It
also gives us flexibility for gathering data that will be useful in varying context and granularity.

4.1 Crowdsourcing Approach
Our elicitation process begins with a source corpus of images from which seeds are selected for
concept generation. For the purposes of this work, we selected 10 random classes from ImageNet
[16], an image recognition dataset commonly used in the ML community. We make use of Mobilenet
[31], one of the many performant models trained on Imagenet dataset, owing to its lightweight
architecture (4,253,864 parameters, 88 layers), and high performance (top-5 accuracy of 89.5 percent).
Using this dataset–model pair offers simplicity in tasks ("what is in this image?") with familiar
object categories (e.g. animals, stationary, sporting goods), and moderate accuracy ensures that
false positives will be generated which are equally useful to evaluate explanations. In the discussion,
we revisit this consideration and examine alternative applications.

4.1.1 Selecting Seed Concept Images. We selected a corpus of 431 images belonging to 10 different
ImageNet classes. We then sampled 146 seed concept images in total (M=14 seed images per class)
from each of the selected classes. As random selection of these seed concept images risks cornering
and may not guarantee even coverage of all patterns present in class (e.g. there maybe an image
subset where the black dots on a ladybug may not be clearly visible), we employed a clustering
approach. This approach is based on the notion of feature similarity commonly used in computer
vision applications. Images that contain similar objects have similar mathematically derived feature
vectors. We first extracted the feature vectors of all images using MobileNet model as feature
extractor and then performed K-Means clustering [18] over the vectors. We specified K (number of
clusters=6) to be small owing to the small size of our dataset (M=43 images per class). Finally, we
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Fig. 3. The concept elicitation pipeline. Groups of crowdworkers generate and validate concepts.

sampled themost central feature vectors from each cluster to be the seed concept image representing
that cluster. One limitation of this approach is that it is not effective when the feature space is
organized into sparse clusters. To overcome this limitation, we selected more than one seed concept
image from such classes. However, in future work we intend to refine our sampling technique.

4.1.2 Task Design. Each concept in our final dataset is a mask – label pair, connecting a selection
mask defining a region of pixels to a corresponding label (Figure 4b). We designed a web-based
interface for Amazon Mechanical Turk (AMT) which allowed participants to draw on an image
using a free-form lasso tool and then "tag" the region with a concept label. Our task first showed
users the ground truth label of the image and asked them to draw an outline around the whole
entity. This functioned both as a way to train users to use the lasso tool and to validate that
they were attentive and understood the task. We then prompted participants to draw an outline
around the most important part of the image they used to determine that it was a member of the
ground truth class (e.g. to identify a ladybug, users could highlight its spotted wing case and label
it accordingly). We avoided showing users any list of possible concepts, drop-down menus, or
pre-defined regions in order to avoid them from being primed. This strategy helped us extract
human mental models free from external influence. In the future, one might imagine strategies that
make use of different layers of elicitation, drawing for example on literature in crowd brainstorming
[10] and taxonomy construction [13]. Following this, we prompted users to draw an additional
4 outlines for other features they used to identify that the entity was a member of its class. A
thumbnail preview reminded users of the parts they had already submitted. An informal pilot
suggested that requesting more than 5 parts resulted in diminishing returns in useful information
and data quality. We chose this design pattern to force users to first attend to the image and then
declare a concept. By grounding them in the particular sample, we make certain that the concepts
provided are bound to actual features in the image.

4.1.3 Quality Control. Even with attention checks [35] and qualifications, not all contributions
received were of high quality or submitted in good faith. Manual inspection of our data indicated
that about 14 percent of submissions were of poor quality. As a result, we introduced additional
quality validation on a worker- and concept-level. In this process, we gathered our corpus of
approximately 9000 concepts (mask-label pairs) generated by 309 unique workers and reached out
to a new, distinct group of 322 workers to rate concepts based on their relevance to a class, and the
relevance of the label to the specific image mask. Again, to validate that the responses produced by
the workers of the quality validation task were not random series of clicks, in each bundle of rating
tasks we added one task with obviously poor answers – concepts were described using random
keyboard characters ’bgdg’,’sdsdf’, etc. We only accepted work that successfully rated these check
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Fig. 4. Per-image and per-class aggregation to generate local and global context information a) The seed
concept image. b) The concept of “stripe" as produced by 6 different crowd workers (out of 309 unique workers)
showing concept masks and labels for a data sample. c) Per-image aggregation of all masks. d) 15 unique
concept labels produced by the 6 workers. e) 20 most frequently used concept labels (out of 75 unique labels)
for the “skunk" class. Agreement score shows the number of crowdworkers who gave this label.

tasks as irrelevant (1-point). We further rejected all work by the workers who universally submitted
poor quality work and blocked them from further submissions.

4.1.4 Results. We deployed tasks on AMT, iterating over all 146 images in our dataset. Each image
was presented to 10 unique workers. We collected all the coordinates corresponding to each drawn
image mask and their concept label. For concept elicitation, each worker was compensated $0.35.
For the quality control task, where each worker rated the quality of the concept, we compensated
$0.06 and each task was also completed by 10 workers. Wages were set based on task completion
times (as recorded in pilot tests) to achieve a $15 per hour wage. A total of 309 unique workers
participated in the crowdsourced elicitation phase of the study, and 322 unique workers participated
in the validation phase. We describe the concept aggregation process in the subsequent sections.

4.2 Aggregating Concepts
The concept elicitation phase produced 7,379 submissions (approximately M=720 concepts per
class) with all 146 seed concepts images described by (M=45) mask-label pairs from 309 unique
workers. We systematically aggregated this data in multiple ways in order to create an explanation
corpus on a per-image and per-class level. Our goal was to construct an ordered set of regions
paired with appropriate labels describing salient concepts representing an image and a class. We
then use these to construct a variety of concept-driven explanations at different levels of granularity
and contextual content.
Our concept corpus consisted of 10 classes (airplane, baseball, guitar, koala, ladybug, perfume,

racket, skunk, tiger, zebra). Each class contained P seed concept images, encoding Q concepts. Each
of the Q concepts were one of the image mask (M) and label (L) pairs from the crowdsourced
elicitation stage. We define a concept for a given seed image, S, as 𝐶𝑞 = ( 𝑀𝑞 , 𝐿𝑞), where 𝑀𝑞 is
the image mask and 𝐿𝑞 is its corresponding label for the qth concept of every seed image (where,
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q∈1,2,...,Q). The goal of aggregation is to find the most salient concepts people use to describe a
sample and an entire class.

The set of concepts at a per-image level is the aggregation of all unique concepts𝐶𝑞 that are most
frequently agreed upon by the crowdworkers. We aggregate using the following steps 1 through 4:

(1) For a given seed concept image, we extract all labels ∈ 𝐿𝑞 , generated by the crowd.
(2) Using stemming [67] and Wu-Palmer word similarity metric [69], we grouped all similar

words under 1 representative label. For instance, labels like ‘stripe’, ‘stripes’, ‘stripe of skunk’
and ‘skunks stripes’ were all grouped together under 1 label-‘stripe’.

(3) We sample the top-10 most frequently occurring labels to create a final resulting set 𝐿.
(4) Finally, we filter all the masks ∈ 𝑀𝑞 described by using the aggregated labels ∈ 𝐿 and then

perform mask aggregation by assigning a value 1 to all pixel locations in M, then performing
score summation followed by normalization. This gives an aggregate mask 𝑀𝑞 of pixel
locations described by L (see Figure 4a-c).

We also aggregate over concept labels that represents an entire class. These concepts, however,
are only described by labels 𝐿𝑞 and not by image masks𝑀𝑞 , because, while aggregating highlighted
regions for each image is relatively straightforward, it is more challenging (and less meaningful)
across different images. We identify the most frequently occurring labels across different classes.
The final concept set 𝐶 is extracted using steps 1-3 as described in previous section. We found
that workers did agree on common concepts. For instance, the most common concepts used to
describe a skunk were ’tail’, ’head’, ’stripe’, ’white’ and ’body’ (unordered). This technique might
be further improved by using word similarity algorithms such as [26] or ontologies to nest and
combine similar words like, leg, foot, etc. (one could also create nested concepts such as head
contains face, face contains mouth,etc.). The concepts at both the per-image and per-class level are
used to provide local and global context information to users in our intervention.

5 DESIGNING EXPLANATORY PROTOTYPES
Our final dataset after elicitation and aggregation consisted of 146 images belonging to 10 classes;
each image had an aggregated pool of concepts that were represented by labels and associated
aggregate image regions (that matched with the concept labels, Figure 4). Each class consisted of
an average of 14 seed-concept images (that represented most of the images present in that class),
and each seed-concept image was represented by the top-5 dominant concepts (most frequently
used concepts) from its aggregated pool. We design our experimental explanations by making use
of different portions of our aggregated data. One part of our explanation visualizes the model’s
behavior on a per-image level using traditional activation heatmaps segmented into meaningful
regions to achieve varying levels of granularity. We then make use of per-image and per-class
information to provide increasing amounts of detail about neighboring points as context using a
bar chart. Combined, each of these hybrid explanations represent one condition in our experiment
permuted over the levels of granularity and context we support.

5.1 Presenting Context
We implement context by presenting information about neighborhoods of related image samples at
increasing scale using a bar chart. We hypothesize that increasing amounts of context will help
users judge whether the performance of the model on one sample generalizes, and how it may or
may not be taking advantage of unique features of a class (e.g. skunk stripes). We relate samples
based on shared machine activation, conceptual connections, and class. Conceptual data about
images can act as a bridge between samples that are semantically similar but visually dissimilar. This
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dimension operates orthogonally to granularity, as we can add contextual information regardless
of the features used to present information about individual samples.

It is hard to meaningfully connect pixel regions across multiple images. As a result, we make use
of the aggregated concept labels. We construct scores which represent the importance attributed by
the model to regions defined by the dominant concepts of the class prediction. For instance, given
an image classified as "racket," if the dominant concept for the class "racket" is "net" (as defined by
the aggregated corpus), then the concept score of "net" would be the maximum score assigned by
the algorithm [60] to the region associated with the label "net" for that instance of "racket".

To calculate the concept-based score of an image Iw,h (of width w and height h), we employ the
coarse localisation map Lw,h of the image made earlier. Given that Cj belongs to the set of concepts
that can be used to describe the concepts of Iw,h, then Aj is the image highlighting the aggregated
regions associated with each concept Cj, and Bj is the associated label. We set the limit of j to be the
number of concepts used to describe an image Iw,h (in this case J=5). We can create an aggregate
masked localization map Mj = T(A,Lw,h), where T is an image masking operation defined by,

Tx,y =

{
sx,y, if ax,y ≥ thresh
0, otherwise

Here sx,y is the activation score of pixel at (x,y) in Lw,h and ax,y is the value of pixel at (x,y) in A, the
crowd-supplied regions. We set the threshold value to be𝑤/2, where w is the number of workers
per image, so that we only consider regions of the image where the majority of workers agree.
Finally, we compute concept scores for a given concept by finding the maximum model-assigned
value for that region. Therefore, for image Iw,h, concept score CSI = max(mx,y), where mx,y ∈ MJ.

We make use of these concept scores to generate several different kinds of explanations where
they were presented to the user using a bar chart alongside the decision (see Figure 2a). Focusing
on the neighborhood of images that share similar conceptual or feature vector properties to the
current sample, we provide summary views (e.g. graphing the prevalence of different concepts) of
similar samples (local context) or the prevalence of concepts in the entire class (global context).
Class-level or model-level, provide a broader comparison with which the user can distinguish
typical or unusual classifications. Though this goes beyond the scope of our initial investigation,
one might also introduce concept label weights and model accuracy to further refine the context.
The aforementioned approaches, however, are only possible if a Cj exists for a given Iw,h – one

can only derive concept scores CSI for images that were seed concept images in the first place. This
limits the scalability of the concept score calculation process. If we do not have data for a specific
image, we cannot construct the necessary aggregated concepts. Given machine learning corpora
can contain tens of thousands of samples, we must resolve this limitation without requiring an
immense amount of crowdsourced labor to cover all points.

5.2 Scalability through Concept Neighbourhoods
As previously mentioned, one thread of research on concepts, theorizes that individuals combine
several representations within a shared feature space to build an understanding about a class of
objects [45]. These schematic representations (or prototypes, depending on school of thought) help
to identify new stimuli and categorize them conceptually. We apply a similar technique to scale up
our concept data to larger corpora.

We assert that data instances that share the same model feature space (numerical vectors derived
from a data sample) are also likely to share same concept space. Data instances that are closer in
the feature space are likely to share more concepts than the ones that are further apart (Figure 2a).
In effect, the neighborhoods of data samples we created earlier in order to identify seed images
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also describe conceptually similar feature spaces. Based on this notion, we use the feature space
neighborhoods as a proxy for conceptual neighborhoods used by human adjudicators.
We use our image neighborhoods from the elicitation process to derive a concept for a newly

introduced image Iw,h where Iw,h. To identify which concepts are closest to this new image, we
create a neighborhood score NSI that captures the concepts of neighboring seed-concept images
that have labeled data. To compute NSI, we first extract the features of all images belonging to a
class using our model as feature extractor. We reduce the dimensionality of these features (from
1024 to 2) using Principle Component Analysis [68] and then compute the neighbours of each
data point using nearest neighbour algorithms [37] in the reduced space. Finally, we calculate a
threshold value K. For a new image I, all other data points that fall under the radius of distance ≤
K, are considered to be neighbours. If a seed concept image S exists within this cluster, then the
concepts for S can be borrowed and used to describe Iw,h. However, if the there is no labeled seed
within the distance ≤ K, then the segmented image features can be compared to feature segments
of other labeled images in the corpus to locate the closest labeled concepts.

5.3 Presenting Granularity
In our explanations, we implement granularity by varying the level of detail of our presentation
of instance-level (or per-image) model behavior, motivated by the idea that reducing the level of
detail will help individuals better parse information that is important to the model. At the highest
level of detail we present a standard activation map of model responses over the image sample
showing importance scores assigned to all pixels. As granularity decreases and explanations become
more coarse, we segment the image into regions that present meaningful object parts, presenting
increasingly schematic representations of machine response.

We begin our explanations of model behavior by applying a traditional approach for visualizing
the model activity using a heatmap. To calculate the region-based scores of an image Iw,h of width
w and height h, we first use the Grad-CAM[60] algorithm which maps the output features of the
model to the input features based on predicted class. The algorithm produces a coarse localization
map Lw,h in which, each pixel is assigned a score sx,y between 0 and 1. Pixels belonging to the
region of high importance are assigned higher scores than the pixels belonging to the region of low
importance to the model. This provides us with a high granularity baseline visualization. Using a
perceptually uniform color scale, we display scores as an overlay on the image.
To create coarser (less granular) explanations, we segment the image into N regions which

vary based on granularity target using the SLIC segmentation technique [1]. We then compute an
importance score Sn for each region Rn, by averaging the corresponding scores sx,y of all pixels
belonging to the region Rn. This brings about the trade-off mentioned earlier in the paper. As N
decreases, the heatmap is simplified with larger outlined regions of solid color. This potentially
occludes small outliers with the benefit of highlighting larger, feature-based and concept oriented
trends. The interpretation of these regions is still left to the user. For instance, the region of high
importance for an image classified as "ladybug" may appear to belong to the "red and black dots" of
the ladybug or to the "leaf" or any other part (see Figure 2b). We use the same heatmap technique
and color scale to show the scores of segmented regions. At the very lowest level, we eschew the
heatmap completely in favor of circle annotations around the centroid of the N highest activating
regions in a low segmentation map, pointing the user directly to salient features at the cost of
hiding pixel-level details of model feature vectors.

6 EVALUATION
In the previous sections, we outlined the general process we used to gather conceptual data and
construct explanation strategies for an image classification model. We created a series of prototypes
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Fig. 5. The evaluation interface (in the global context andmoderate granularity condition C2_G2). Participants
can click on the images to zoom.

that present model behavior for an instance at different levels of simplification and different ways
of integrating conceptual data to provide context about a sample’s neighborhood of points as
granularity and context. We designed a crowdsourced study exploring concept-based explanations
across a variety of granularity and context levels, investigating the potential benefits and costs of
these approaches in terms of participants’ ability to understand the model and their confidence in
its reliability. Participants were presented with image samples from our dataset and their predicted
class. Depending on their experimental condition, they received a specific explanatory visualization
describing why the model made a classification decision.

Evaluation Task: In our evaluation task, the users were presented with a stimulus, the model
response on that stimulus, and its corresponding explanation (Fig. 5). Participants provided several
responses using an explanation. In the first response, they were asked to rate their confidence in the
model’s reported identification (the classification results) on a 5-point scale. Participants then report
their level of confidence that the model will reliably classify any instance of the class in the future
on another 5-point scale. In the third response, we asked users to estimate how confident the model
was in making its prediction using a percentage range scale, following a "predict-the-prediction"
pattern from previous work in this area [50]. We realize that it is challenging to predict this numeric
value with absolute confidence and were concerned that participants would be overwhelmed by a
numeric entry widget or continuous slider. To avoid choice overload and to simplify the interface,
we discretized a continuous slider ranging from 0% to 100% with markers for each 5% increment of
confidence. We felt that encouraging users to "bin" accuracy rather than estimate a precise number
might better match how individuals in our pilot investigations thought of model accuracy (e.g.
"very low", "neutral", "somewhat high"). We also provided them with a similar scale that helps them
report their confidence on model performance (see question 5 in Figure 5). Users were also required
to provide written feedback about why they chose this percentage. This helped us to capture the
nuances of user experience while isolating responses that were obviously fraudulent.
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Fig. 6. Experimental conditions evaluated in the study across varying levels of granularity and context of
explanation. Bar charts represent the variations in context, while heatmaps represent variations in granularity.

While a number of constructs for trust and confidence exist in sociology and psychology [38,
41, 55], the ML community continues to wrestle with defining and measuring participant trust in
models. Prior research [34, 50] has shown how evaluating the quality of explanations independent of
application setting can yield beneficial results, taking the point of view that self-reported confidence
in the model’s activity is a reasonable proxy for trust.

Some researchers [59] further argue that interpretability is also a proxy for trust. For the purposes
of this paper, we adopt the convention that confidence and interpretability are proxies for participant
trust, but we acknowledge and emphasize that this does not necessarily reflect the full sociotechnical
implications of trust. To operationalize ourmeasure, we used a “predict the prediction” task, common
in the literature, that measures how explanations help users better estimate model performance.

Participants: We deployed this study over AMT on randomly selected 91 images from our set
(of 146 images), each image was evaluated by 6 unique workers for each condition. The tasks were
assigned to workers in random order, and the workers were paid a wage of $0.03 for 1 image task
(based on a $15 hourly wage). Participants were shown both true and false positives examples. For
instance, if the input image was a ladybug and the predicted class was not a ladybug, the users
still estimated how confident the model was in its prediction. We initially experimented with an
additional condition where we intentionally supplied participants with false labels. In practice, this
was unsuccessful as model confidence on these samples was universally low (due to high overall
model accuracy) and the ambiguous examples in the dataset (e.g. a liger) could have posed a greater
challenge to users.

Experimental Conditions: Our study has two independent categorical conditions that are
permuted. We set 4 granularity conditions based on the implementation described in the previous
section and set 3 context conditions. These have been shown in Figure 6. The granularity conditions
range between coarse and fine-grained while the context conditions are contextless,local and global.
This provides 12 individual combinations of the two conditions, all of which are evaluated in our
experiment. We evaluate the explanations belonging to 7 random classes (ladybug, koala, tiger,
guitar, baseball, racket, zebra) used in concept elicitation phase selecting total of 91 data samples
and request 6 unique participant submissions for each sample.

7 RESULTS
We gathered a total of 6,552 responses (91 images X 12 conditions X 6 workers) from 302 unique
participants on Amazon Mechanical Turk (our concept elicitation phase was comprised of 309
separate workers and the concept validation phase was comprised of 322 separate workers). We
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eliminated 414 invalid or fraudulent responses from the final analysis using the check question. To
compensate for the resulting imbalance in response counts across each experimental condition,
we randomly dropped an additional 121 data points in total from conditions that had an excess of
500 responses. The final dataset contains approximately 500 responses across each experimental
condition (mean=501.41, SD=2.09) generated by a group of 302 participants.

As described in Section 2, had the following hypotheses about our study conditions:

• H1: Low granularity should help participants estimate predictions more accurately.
• H2: Likewise, high context should help participants estimate predictions more accurately.
• H3: Low granularity explanations will result in higher self-reported participant confidence.
• H4: For poor quality data instances, there will be higher differences in the participant’s
accuracy of estimated predictions and self-reported confidence.

• H5: Explanations incorporating local and global context will report higher participant confi-
dence on model decisions.

• H6: Presence of context in high granularity explanations will have stronger effect on partici-
pant’s confidence than weaker ones.

7.1 Predict the Prediction
In the predict the prediction task, we asked participants to estimate how confident they thought
the model was in its predicted outcome based on the provided explanation. The intuition here
is that "better" explanations will help participants to estimate model confidence more accurately.
For analysis, in order to connect model’s predicted confidence with participants’ slider that had
values spaced every 5%, we rounded model’s predicted confidence scores to the nearest 5. We then
compared the absolute value of the difference between the prediction confidence estimated by the
users and the actual prediction confidence of the model for a given data instance across conditions.
Participants were relatively accurate at predicting confidence but with high variance (M=22.24,
SD=22.65). We observed that the mean error was lowest under the experimental condition with
medium granularity and high context (C2_G1 (M=20.33, SD=20.04), closely followed by C2_G0
(M=20.60,SD=21.70).

We conducted a linear regression to identify whether these differences were meaningful, treating
the conditions as categories rather than as numeric or ordinal attributes. Taking C0 (no context)
and G0 (high granularity) as a baseline, we found that C1 (𝛽 = −0.10, 𝑝 = 0.48) and G1 (𝛽 = −0.01,
𝑝 = 0.97) did not differ substantially. However, C2 performance was markedly better (𝛽 = −0.47,
𝑝 < 0.001*). G2 performed marginally worse (𝛽 = 0.30, 𝑝 = 0.06.) and G3 significantly so (𝛽 = 1.49,
𝑝 < 0.001*). This runs counter to our initial expectations. Our results do not support hypothesis
H1 – higher granularity performed better. However, providing conceptually grounded contextual
feedback proved increasingly helpful, confirming hypothesis H2. We did not detect any interaction
effects (finding no evidence for H6 for the case of predicting the prediction). Examining results with
respect to hypothesis H4, we interacted true positive vs false positive with both the granularity and
context conditions in our model. We find that across the board, correct examples were predicted
with much more accuracy (𝛽 = −1.92, 𝑝 < 0.0001*), confirming the hypothesis. As true positive
examples were often at or near ceiling in terms of machine confidence, this strong effect might be
the result of a ceiling at 100% or participants’ improved ability to recognize good exemplars. More
interestingly, a main effect remains for G3, under-performing in comparison to higher granularities
(𝛽 = 0.73, 𝑝 < 0.015*). We observe interactions in both C2 (marginal; 𝛽 = −0.52, 𝑝 = 0.09.) and
G3 (𝛽 = 1.08, 𝑝 < 0.01*). In both cases the explanations perform slightly worse for good examples.
It is unclear whether this is a result of the explanations providing less useful information when
examples are good or if they exhibit some additional property that disrupts their effectiveness.
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Fig. 7. Summary of results for predict the prediction task under experimental conditions C0_G0 (baseline),
C1_G2 (local context and medium granularity), C0_G3 (high granularity) and C2_G0 (global context). Each
point in scatter plot represents the machine confidence as predicted by the user (x-axis) and the actual machine
confidence on the image (y-axis). The perfect prediction line is an area in this case because participant and
model scores were rounded to nearest 5% value.

7.2 Confidence in Model Identification
Participants rated their overall confidence in the performance of the model in classifying the image
sample based on the explanation they viewed. On average, participants reported higher confidence
for accurately classified images (M=4.66,SD=0.79) compared to false positives (M=4.38,SD=1.12),
as confirmed by a Kruskal-Wallis test on the Likert responses (𝜒2 = 87.2, 𝑝 < 0.001*). In further
analyses, we did not detect any interaction effects with correctness. Examining how granularity
affected participants’ confidence in the model’s classification of the sample, we notice that the
highest granularity condition outperformed all of the others (M=4.63,SD=0.84). A Kruskal-Wallis
test identified significant differences (𝜒2 = 9.29, 𝑝 = 0.025*), and pairwise Wilcoxon rank sum tests
indicated that G0 was significantly different from all other conditions (p: G0-G1=0.037, G0-G2=0.008,
G0-G3=0.008). This finding suggests the opposite of our initial hypothesis, H3. We hypothesized that
lower granularities would be clearer to the user and therefore lead to higher transparency which
might increase confidence. Our finding that G0 outperformed suggests that perhaps providing more
detail gives users a heightened sense of control over the model, leading to more (over)confidence.
This finding is especially salient for system designers, as it suggests there may be cases where
providing high amounts of detail lead to confidence that may not bear out in terms of participant
performance (though in our case G0 seemed to perform well). In terms of providing context, the
mean confidence for C2, the global conceptual context condition was somewhat higher than its
peers, as indicated marginally by a Kruskal-Wallis test (𝜒2 = 4.72, 𝑝 = 0.094.). Pairwise tests were
similarly borderline (p: C0-C2=0.076, C1-C2=0.046). As a result, we have some suggestive evidence
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Fig. 8. Distribution of user’s confidence on model’s identification and overall performance on a 5-point scale.

that proves hypothesis H5, but cannot confirm it. We observed no interactions between the two
independent measures.

7.3 Confidence in Overall Model Performance
Participants also reported their confidence in the model’s performance as a whole (as opposed to a
specific instance). We see similar responses as in the per-image confidence. As a whole confidence
decreased as granularity decreased (perhaps due to the summary’s very low information density)
(𝜒2 = 165.4, 𝑝 < 0.001*; p: G0-G1=0.13, G0-G2=0.017, G0-G3<0.001, G1-G2=0.38, G1-G3<0.001,
G2-G3<0.001). We also observed an identical trend in the context condition, where ratings improved
as more conceptual context was provided (𝜒2 = 26.8, 𝑝 < 0.001*; p: C0-C1=0.064, C0-C2<0.001,
C1-C2<0.001).

7.4 Summary
We observed that both users’ ability to predict predictions as well as their confidence along two
self-report measures were improved by the presence of conceptually grounded context feedback
in the explanations (conditions C1 and C2). This provides positive evidence for hypotheses H2
and H5. Interestingly, we find evidence of an effect opposite to hypotheses H1 and H3 in terms of
explanation granularity. We observe that higher granularity explanations resulted in high prediction
accuracy and high confidence, even though they may pose a greater cognitive load in terms of
understanding and interpreting. We do not note any interaction effects – indicating that context and
granularity offer independent benefits/costs for participants (leaving H6 unsupported). However,
with regards to the true/false positive status of samples, we found that the benefits of context and
high granularity were muted for correct examples, possibly due to a ceiling effect.

8 DISCUSSION
In this section we call attention to several broader themes and implications for designing explana-
tions that effectively leverage context and granularity across different tasks and data types.

Identifying and presenting the most useful contextual information: Our study demon-
strated that model explanations which provide contextual information (grounded in human-friendly
conceptual language) help to make models more interpretable. Providing additional information
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about model behavior on similar data instances is beneficial. However, contextual information is
not universally informative. While local contextual information provides insights into how similar
data instances are treated by the model, global context provides information about the variations
across data instances. For instance, in the task of analyzing a person’s social media posts to identify
symptoms of anxiety, an analyst might want to ask why the model thinks that a particular set of
posts indicate symptoms of anxiety. Local contextual information, in this scenario, would be how
similar posts were classified and can reveal expressions suggesting specific moments of anxiety. On
the other hand, global context (explaining how model classified all the posts) can help the analysts
identify expressions shared across different anxiety events signifying a prolonged anxious state.
While both of these features are potentially of interest to analysts, their utility often depends on
specific tasks.

Context helps, but it ought to be presented in a way that leads to actionable information on the
part of the analyst (e.g. auditing that all kinds of anxiety are well-interpreted versus spot-checking
a poorly performing set of instances). In the case of our work, providing context using conceptual
summaries of features, the data lent themselves to simple, conceptually grounded explanatory
visualizations. This might not always be the case, as in the text example it may be challenging
to represent textual nuances deeper than term frequency in a succinct visualization. Designers
leveraging our findings must consider what sorts of concepts (or other human-friendly features that
cut across data instances) are present in their data and use case, and tailor contextual feedback to
best present them. Interactivity may also help here, giving users an ability to explore across different
kinds of contextual data. In this case, where both local and global context are intertwined, it is
important to quantify what concepts are local to an instance or global to a given class. Additionally,
all contextual explanations require some degree of similarity computation which may introduce
bias or error in the process, necessitating transparency about how and why context was provided.

Fine-tuning granularity in explanations: Participants expressed high confidence in models
for conditions which presented pixel-by-pixel heatmaps, even if they require effort to process.
In our study, participants also performed reasonably well in predicting performance using these
explanations. Counter to our initial expectations, participants were able to readily interpret such
explanations without much training. On the other hand, we observed that both self-reported trust
and predicted performance accuracy were diminished when the explanations provided coarse,
well-structured feedback. For instance, in condition G3, users were presented with precisely la-
beled regions of importance without any ambiguity. Their self-reported confidence ratings and
prediction accuracy were low, perhaps due to the sacrifice in detail and ambiguities that emerge
from such simple, abstract feedback. This is also indicated in participants’ qualitative reports that
they anticipated that the model was hiding something. One key take-away from our work, then, is
that a very coarse granularity explanation with too much structure and organization might have a
negative effect on user trust and performance, despite the simplicity and quick processing it offers.
This aligns with prior work on user perceptions of newsfeeds and recommender systems that might
deliver the "best" results but do so in a way that seems opaque to end users [21].

Considering the broad space of granularity, we found that a ’moderate’ amount (G1) did no worse
than the pixel-by-pixel condition. This Goldilocks Zone may have the advantageous properties we
initially cited for coarser granularity (e.g. less effort, lower training, simplicity) and incorporate
higher user confidence on explanations that seemed more complete or detailed. However, the four
conditions for granularity in our study only provided an upper bound on ’too much’ simplification,
and not a precise set-point. Considering that explanations can take any number of forms based
on use case and input data, we do not believe there will be one universally preferable option.
Instead, we propose several design considerations for tuning granularity. First, explanations should
prioritize adding granularity when possible, as it can reduce burdens on users and eliminate cases
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where analysts fixate on details around model resolution. Second, explanations ought to tune their
granularity to the specific task analysts are performing. If an analyst is auditing class-level response
for a satellite image recognition model, it may be appropriate to set granularity to target clusters
that represent "forest," "street," and "lake." On the other hand, if an analyst is inspecting a recidivism
prediction model for possible biases, it may not be appropriate to represent the model response for
all attributes and instead highlighting specific sensitive attributes would be more actionable. In
both of these cases, the granularity is set to a level of detail that resolves the features that will be
of most use to the analyst. Finally, when possible, explanations should allow analysts to tune its
granularity. This would assist in cases where analysts are doing exploratory work or have tasks
that require them to balance factors across instances and classes.

Accounting for information imbalance in true and false positives: We noted in our study
that participants’ impression of the explanatory content and model performance was significantly
reduced in the case of false positives as compared to true positives across different levels of
granularity and context. While one would expect confidence in the model to decrease when
participants see incorrect behavior, it was more surprising to see a similar drop in the quality of the
explanation itself disrupting their ability to estimate model performance. Feedback such as "[I rated
it poorly] ...because of the low precision of the application. The regions are highlighted well but they
could be more precise," and "[I rated it poorly because the] ...graph shows that only mouth, legs, strape
[sic] are important to identify the object but what about eyes," emphasize that participants expected
the explanations to have more information when they thought the sample was a poor example of
its class. This observation connects to the notion that users seek more information for an incorrect
decision than for a correct decision both out of a need to confirm the error they see (versus their
expectation that a system should answer correctly) and because incorrect decisions may inherently
be borderline or harder to judge. It aligns with research [24] drawing insights from social sciences
which highlights that rather than asking "why X," people usually seek information about "why Y
instead of X." Negative affect may also spill over from one question to the next. Though we did
not explicitly study this option, one potential solution to this issue is to provide specific context
in cases where model performance is lacking. Through carefully chosen samples, an explanation
might provide several ‘Ys’ in "why Y instead of X" or help to temper analyst expectations by always
providing a buffering true positive example. Granularity might also be manipulated to help analysts
weight different samples.

Explanations beyond supporting evidence: A well designed explanation also ought to draw
attention to scenarios where one should not trust the decision (i.e. counterfactuals). Our study
showed that despite the model classifying data instances correctly, participants reported lower
confidence in the model’s performance when the explanations did not align with their mental
models. Their qualitative feedback further supported this argument. For instance, for an image
showing only part of an entity, workers provided feedback such as, "the application focused on the
feet, pants and the lawn, but not the hand and the racket itself," and, "The application identif[ied]
object in wrong place," . This implies that the explanations encouraged users to think critically about
the model’s decisions, pointing to a tantalizing possibility for adversarial design in explanation
systems. One might intentionally display erroneous model behavior in order to make the user
more skeptical, much as generative adversarial networks can help analysts reason about model
improvements [33]. More broadly, we hope to explore how explanations shape analyst perceptions
of model behavior over time, both individually and for ML in general.

Generalizing to new data and tasks: While we focused on an image classification dataset
throughout our work, our approach is extensible to other datatypes such as text. The notion of
granularity still holds true for text-based explanations. For example, level of detail and specificity
would be determined by the length and choice of words and phrases used by the machine to explain
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its decisions. The notion of a concept naturally comports to text data, potentially using keywords to
summarize portions of text. One can also imagine replacing the lasso tool in our concept elicitation
task with a simple highlighter to identify substrings that function as concept "regions". The approach
would be more intuitive, as highlighting "important" pieces of information is a common technique
used to comprehend a text. The notion of concept neighbourhood can be employed in its modified
form, as the feature space of text documents may be difficult to quantify. However, techniques like
topic modelling [75] can be used to categorize the information that conceptually associates two
pieces of texts, and the explanation may comprise of higher level themes. There are also potential
analogues for multivariate and categorical data input. For example, dimensionality reduction
techniques can reduce the number of dimensions that an analyst must view in an explanation
(granularity), and clustering techniques can provide simplified representations of groups of similar
points as context. In this case, the "concepts" could either be encoded by the analyst as a part of
their analysis (e.g. specifying sensitive attributes, providing filter criteria) or inferred a priori (e.g.
bias detection, causality).

9 LIMITATIONS AND FUTUREWORK
This work has several limitations in terms of implementation, experimental design, and crowd-
sourcing. Firstly, we conducted our study with a small set of images. For real world analysis, we
would like to conduct this study with a larger subset of images. While we introduce a technique for
augmenting our dataset without recruiting orders of magnitude more microtask workers, we did
not formally evaluate its scalability and performance with gold standard data. We also considered
only one kind of model explanation method for extracting low-level feature details (Grad-CAM)
and only one image classification model (Mobilenet). In the future we hope to evaluate explanations
generated by other models. Of particular interest are controls such as a model that delivers random
noise, one that is always wrong, and models that have subtle differences, for effective comparison.
Our concept elicitation pipeline also has several limitations. The users use free-form drawing

to highlight regions of importance. While the technique captures unadulterated conceptual rep-
resentations from the users, it lacks structure and some users may find it difficult to externalize
their knowledge. One possible solution is to allow users to select pre-segmented regions of images
to help kick-start the process. Another important aspect of the pipeline was language refinement.
We allowed workers to use their own language and preferences to label. This was very useful for
improving expressability (assuming the explosion of variations can be adequately managed), but
may pose difficulties for people who do not have command over the language.

Finally, we evaluated two properties of explanations, granularity and context, with 4 and 3 levels
respectively. We need to further investigate several intermediate levels of perception for in-depth
investigation into these representations. There are other dimensions such as the type of visualization
used (e.g. natural language, heatmap overlays, charts) and the amount of granularity included
within a contextual visualization. Our exploration relied on self-report measures from participants
as well, which may not be perfectly reliable and may experience environmental validity issues in a
microtask market context. Furthermore, in-person lab studies (when in-person meetings are once
again possible) might help to validate the methodology and provide qualitative observations.

10 CONCLUSION
In this paper we highlighted the need to investigate techniques to build interpretable explanations
that are easy for users to understand. We propose a hybrid approach that employs low-level data
features with high-level concepts, to present instance-level explanations of the data-instance and
its neighbourhood. We describe and implement an end-to-end crowd sourcing pipeline that can be
used to gather concepts and design meaningful, human-centered explanations. Finally, we evaluate
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how users’ confidence on the model is impacted by explanations at varying levels of detail through
a controlled study. We hope that our work helps to inform the growing body of literature on the
design, efficacy, and usability of machine learning model explanations.
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