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Abstract

It is important that NLP systems and their
users find a common language to communicate
which surface-level cues in a text are informa-
tive, be it to explain how the system performed
an inference or how it should have. One way to
evaluate machine explanations is to compute
their overlap with human rationales. However,
for which users and uses of NLP systems is
this evaluation suitable? We discuss the fac-
tors which affect the consistency, validity, and
reliability of human rationales as ground truth
for machine explanations. Inspired by human-
centered design, we build on these observa-
tions and outline directions to incorporate hu-
man rationales into the design process of NLP
systems and to tailor them to the goals of dif-
ferent stakeholders of the system.

1 Introduction

NLP systems are widely used and interpetability
is a highly desired property. One paradigm of
evaluating interpretability is to compare local ma-
chine explanations—spans in a text that primarily
informed model inference—against those that hu-
mans would deem most informative, also known as
human rationales (DeYoung et al., 2020; Atanasova
et al., 2020). This is in line with the longstanding
practice of assuming humans as ground truth: as
human-generated labels are ground truth for pre-
dictions, human-generated rationales should also
be ground truth for machine explanations.1

While this an intuitive assumption in many cases,
it is not without complications. First, the assump-
tion may not hold true. Many tasks of interest in
NLP, such as sexism and stance detection, aim at
inferring subjective, ambiguous, or contested con-
cepts, where humans themselves are not consistent

1We use the terms ‘explanation’ and ‘rationale’ inter-
changeably in this work.

or reliable (Gallie, 1955). Furthermore, several fac-
tors in how human rationales are defined, collected,
and compared to machine explanations may affect
their usefulness. For example, should all tokens in
a human rationale have the same importance?

Inspired by calls for interdisciplinary research
in building better NLP systems (Blodgett et al.,
2020; Havens et al., 2020) and research in cogni-
tive psychology and human-centered design, we
reflect on the social and interactive functions of
human reasoning, as a mode of justifying oneself
and convincing others (Mercier and Sperber, 2017).
This provides a lens for understanding the benefits
and limitations of human rationales as ground truth
for machine explanations. In particular, this allows
connecting the goals of human rationales with those
of different stakeholders of NLP systems (Norman,
1986; Suresh et al., 2021).

To elucidate the current gap in the use of human
rationales in interpretability research, we first sum-
marize how they were devised and are currently
used in Section 2.3. Next, we enumerate the lim-
itations of using human rationales for evaluating
automated rationales, and identify open questions
(Section 3). In Section 4 we discuss the potential
utility of human rationales for explaining and aug-
menting NLP systems for different stakeholders.

2 Current Uses of Human Rationales

The recent resurgence of human rationales in the
NLP community has been due to a growing interest
in interpretability. We briefly discuss evaluations
of NLP interpretability, the use of human rationales
and the potential disconnect between the two.

2.1 Evaluating Machine Explanations
Machine explanations are often used to accomplish
one of two goals: plausibility and simulatibility.
For plausibility, evaluations of machine explana-
tions include comparison with human rationales,



a metric which can shed light on the convergence
between human and machine reasoning. Rather
than affording understanding how well humans un-
derstand how the machine derives the output from
the input, the overlap of human rationales and ma-
chine explanations measure plausibility, or con-
vincing a machine explanation would be to another
human (Jacovi and Goldberg, 2020).

Besides plausibility, human-grounded simulata-
bility experiments can be performed in lieu of
application-oriented evaluations (Doshi-Velez and
Kim, 2017). Simulatability evaluations, like for-
ward simulation and counterfactual simulation,
allows evaluating how well humans can predict
model behavior on new inputs. This property is
especially useful since it indicates that a person
understands why an automated model predicts a
certain label. These evaluations are based on expla-
nations of predicted output rather than the ground
truth since good explanations do not necessarily
need to match human intuition.

There is no one-size-fits-all evaluation that
works for all ML systems, even for the subset
of ML-based NLP systems. Instead, evaluations
should be tailored based on the goals of the sys-
tem. For example, a classifier detecting moral
foundations might have automated explanations
with lower overlap with human rationales com-
pared to a classifier detecting sentiment, simply be-
cause moral foundation is a much more subjective
or contested construct. Furthermore, evaluation
paradigms (such as overlap with human rationales,
forward simulation) are aimed at diagnosing differ-
ent aspects of interpretability, and the aspect being
probed should be clearly defined to understand the
quality of automated explanations. Finally, other
goals of interpretability might also be considered
such as mental model soundness and complete-
ness (Kulesza et al., 2013).

2.2 The Use of Human Rationales

Human rationales have been solicited for several
reasons. First, as a complementary source of super-
vision for machine learning models, i.e., to make
machine learning models focus on the core fea-
tures of the construct (Zaidan et al., 2007). The
sole goal of the ML model is still to predict the
class label in this setting. Second, they are also
solicited to identify the spans where the construct
features are salient in order to train ML models
which could be used to predict these spans, rather

than just the class label. See, e.g., the SemEval
2021 Toxic Spans Task.2 The final and more recent
use case of human rationales is as ground truth for
evaluating machine explanations, for example as a
part of the ERASER benchmark, for several NLP
tasks (DeYoung et al., 2020).

2.3 The Disconnect Between Human
Rationales and Machine Explanations

Lipton envisions several desiderata of model in-
terpretability such as transferability, trust, and fair
decision making. The implications of high and
low overlap are unclear regarding the desiderata
of model interpretability. Moreover, while mea-
suring overlap with human rationales may provide
an understanding of automated explanation qual-
ity for certain tasks, they might be misleading for
others. For example, measuring overlap between
human and machine rationales can help understand
whether the predictions of spellcheck should be
accepted or not, but the same measure cannot tell
moderators much about subjective or ambiguous
concepts like sexism or hate speech.

The cases of human rationales used as additional
supervision, or as ground truth for machine expla-
nations, brings forth a second disconnect. These
use cases assume that human rationales contain all
and only the patterns relevant for a task, guided by
human commonsense knowledge, expertise, and
symbolic reasoning abilities. Yet, NLP systems are
also used to discover new knowledge, patterns, or
theory from data. Indeed, increasingly machine
learning systems outperform human experts in cer-
tain domains (Litjens et al., 2016; Schrittwieser
et al., 2020), and may rely on explanations that
are unaccounted for, or at least neglected by hu-
mans. Explanations of such systems need not over-
lap with human intuition, simply because the goal
of the exercise is to discover hitherto unknown
patterns. Therefore, both simulatability and over-
lap with human rationales are inappropriate eval-
uations of such use cases. Therefore, there is a
need for determining which NLP tasks can be
evaluated based on human and machine ratio-
nale overlap.

3 Limitations of Human Rationales for
Evaluating Machine Explanations

In addition to the disconnect between the evalu-
ation protocol and its purpose, we discuss other

2https://sites.google.com/view/toxicspans



issues and open questions associated with solic-
iting and analysing human rationales, including
their purported status as ground truth for machine
rationales.

3.1 Centering the Human in Human
Rationales

Whose Rationales? Using human (annotator) ra-
tionales for evaluating automated rationales, as-
sumes humans to be the ground truth, and that
automated methods should mimic their reasoning.
Yet, there are several drawbacks of this assumption.

We note that annotators label and reason based
on their lived experiences, and their annotations
are interpretive (Paullada et al., 2020). Indeed,
previous research has shown that annotator dis-
agreement cannot be dismissed as noise (Pavlick
and Kwiatkowski, 2019; Gordon et al., 2021).
This is particularly important for subjective con-
cepts where annotator agreement can be low.
Low agreement instances are often removed from
training datasets, yet they may be the examples
which provide a holistic understanding of the con-
cept (Kenyon-Dean et al., 2018). Similarly, it is
imperative to account for diversity of annotator ra-
tionales and find ways to aggregate them without
losing their individuality.

Are Human Rationales Robust? It is entirely
possible some explanations are non-spurious with
respect to the current language use and construct
specification (i.e., regardless of model, dataset, and
annotators), that is they understand the correct as-
sociation between the manifestation of the con-
struct in text and it’s latent factors. For example,
the rationale for “women are terrible drivers” be-
ing ‘women’ and ‘terrible drivers’ makes the case
of sexism due to the stereotype about women’s
bad driving. Other rationales may be spurious, for
example, just ’terrible’ in the previous sentence.
While this rationale correctly spots one aspect of
what makes this document sexist, it fails to account
for the generalization of ‘women’. How should the
task of annotating rationales be designed such that
they down-weight spurious features?

3.2 Validity of the Overlap
Lack of Consistency in Soliciting Human Ratio-
nales. There is no standard template for solicit-
ing human rationales; some tasks asks for compre-
hensive rationales or all tokens that justify a deci-
sion, while others ask for sufficient tokens (DeY-
oung et al., 2020; Carton et al., 2020). Further-

more, the exact wording of the questionnaires is
unknown. Given that seemingly innocuous changes
in question wording can affect respondents’ percep-
tion (Gendall and Hoek, 1990), it is important that
we hone in on a standard template which can be
customized based on different NLP tasks or use
cases. Furthermore, there is a need for quality
control in soliciting human rationales. Would the
same human give the same explanation twice? How
would one aggregate rationales across annotators
and measure confidence or errors?

Challenges in Computing Overlap. The
ERASER benchmark (DeYoung et al., 2020) de-
scribes two metrics for measuring overlap between
annotator and machine rationales; discrete and soft
selection. Since complete matching might penalize
the inclusion or exclusion of trivial tokens in the
explanation, a more relaxed metric which counts
partial matches up to a certain threshold is intro-
duced. Yet, the use of this metric begs the question
of whether all tokens in an annotator rationale be
ranked equal? For example, if an annotator justifies
the positivity of the sentence “He’s not too bad”,
based on the tokens ‘not’, ‘too’ and ‘bad’, two ma-
chine rationales with partial matches— ‘not’ ‘bad’
and ‘too’ ‘bad’, would be considered to have the
same partial overlap with the annotator rationale.
But it is clear that the second explanation is worse
since it excludes the negation.

Granularity of Rationales We consider two
common forms of human rationales— highlighted
spans or tokens, or free text responses.3 The for-
mer has several advantages but there are some open
questions. Namely, how does one integrate back-
ground knowledge and commonsense reasoning
when rationales are lacking (e.g. because the expla-
nation is indirectly related to the construct)? Next,
how to integrate latent rationales?

When Predictions are Wrong. Current re-
search computing overlap between human and ma-
chine rationales tend to ignore wrong predictions.
What are the implications of overlap between hu-
man and machine rationales, even for misclassifi-
cations? There is an outstanding need to explore
the interaction between local explanations, human
rationales, and predictions.

There is no one-size-fits-all evaluation that

3There is a third emergent form of human rationales for
NLP tasks, namely ‘structured’ responses (Wiegreffe and
Marasović, 2021). These responses are not entirely free-form
but rather in response to template-like questions. Given their
recency, we hope to study structured rationales in future work.



works for all NLP systems. Instead, evaluations
should be tailored based on the goal of the sys-
tem. A classifier detecting moral values might have
automated explanations with lower overlap with hu-
man rationales compared to a classifier detecting
binary sentiment in reviews, simply because moral
value is a more subjective concept and is harder to
anchor to specific tokens than sentiment.

4 The Potentials of Human Rationales

We now turn to how annotator rationales, in the
form of either in-text spans or free text, might help
in facilitating machine intelligence, rather than eval-
uating it. by opting for a human-centered design
lens (Norman, 1986). Human-centred design seeks
to include all stakeholders of a potential system
and their thoughts, goals, and needs in the design
process. To that end, we describe how annotator
rationales might impact on and interact with three
types of stakeholders—annotators, developers of
the NLP system, and users of the NLP system.

4.1 Annotators

Annotators should be considered an important
stakeholder in the design of NLP systems and
their input, an important part of the design pro-
cess. In fact, annotators are essential in the current
paradigm of supervised ML-based NLP systems.
One can draw parallels between annotator ratio-
nales and design rationales, which explicitly list
decisions made during a annotation process, and
the reasons behind them (Moran and Carroll, 2020).

The process of annotation can incorporate
human-centred approaches which allow annotators
to provide greater insight and justification into their
reasoning, for example through the think aloud
protocol. Drawing from the social and persuasive
function of human reasoning (Mercier and Sperber,
2017; Pruthi et al., 2020), annotator rationales can
also be an example of inter-annotator communica-
tion or deliberative crowdsourcing (Schaekermann
et al., 2018; Tang et al., 2019). To that end, annota-
tor rationales can improve consensus building and
dispute resolution, the latter being a regular fixture
in qualitative coding. Finally, incorporating annota-
tor rationales more deeply into the design process
of NLP systems also seeks to further recognize and
value the contribution of annotators.

4.2 Model Developers

Model developers can use annotator rationales as
a secondary source of supervision (Zaidan et al.,
2007). More importantly, annotator rationales can
inform the design process of the model (for ex-
ample during data cleaning or feature engineering)
even before the operationalization process, or while
defining the construct that they aim to measure. An-
notator rationales can reveal blindspots in construct
definition and operationalization.

For subjective or contested concepts, annotator
rationales can help model developers in several
ways; first, they provide an understanding of the
design space of the construct, specifically, the am-
biguous parts that lead to dispute. Second, model
developers can estimate an upper limit of the pre-
dictability of the construct, and accordingly reflect
on the repercussions of deploying the system.

4.3 Model Users

We think of two types of model users— decision
makers and sense makers. Decision makers, for
example, content moderators or recruiters using
the output of NLP systems to guide their judge-
ment, might want to measure how well a model
replicates the human evidence-based decision-
making process. Here, decision makers can com-
pare automated rationales and human rationales
but with more nuanced metrics that take into ac-
count the weight of different tokens. Annotator
rationales also indirectly affect decision makers by
providing information on whose lived experiences
are encoded in the model, and by scaffolding their
expectations from the model.

Sense makers, such as researchers in human-
ities or social science using NLP systems to find
patterns in text, might prefer explanations that facil-
itate breaking down complexity to find surpris-
ing associations similar to a grounded theory ap-
proach (Nguyen, 2018). Annotator rationales can
help sense makers by serving as a starting point of
theories which can augment the process of discov-
ery in an abductive fashion (Walton, 2014).

To conclude, annotator rationales can be a pow-
erful source of information across the entire de-
sign process, providing insight on why people,
specifically annotators, perceive constructs the
way they do, unearthing considerations outside
of the model designer’s purview, and indirectly
increasing model users’ trust.

There could very well be other stakeholders, par-



ticularly targets of NLP system predictions. We ac-
knowledge that they are an important stakeholder,
especially since they might be disproportionately
harmed. While annotator rationales do not directly
affect them, we hope to understand the values and
needs of targets of NLP systems in more depth in
future work.

5 Discussion

We enumerate several issues and open questions
about the use of annotator rationales in evaluating
machine rationales. We hope that the questions
posed here will help us, as a community, reflect on
the implications of this type of evaluation, while
improving it’s standardization and specification, as
well as discerning use cases for which such an eval-
uation is informative. We suggest that the design of
evaluations for explanations keep in mind the needs
and goals of different stakeholders. For example,
for our envisioned stakeholders, while simulatabil-
ity and overlap with annotator rationales might help
model developers, it is unclear if they benefit sense
makers. Finally, we layout several suggestions and
connections to literature in HCI that may reveal
interesting uses of human rationales in unearthing
how humans individually and collectively reason,
thereby allowing us to incorporate this reasoning
into NLP systems. In future, we hope to build upon
the stakeholders and use cases described in this
work, to design better NLP systems, their explana-
tions, and the evaluation of these explanations.
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