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Collaborative human–AI problem-solving and decisionmaking rely on effective
communications between both agents. Such communication processes comprise
explanations and interactions between a sender and a receiver. Investigating these
dynamics is crucial to avoidmiscommunication problems. Hence, in this article, we
propose a communication dynamicsmodel, examining the impact of the sender’s
explanation intention and strategy on the receiver’s perception of explanation effects.
We further present potential biases and reasoning pitfalls with the aim of contributing
to the design of hybrid intelligence systems. Finally, we propose six desiderata for
human-centered explainable AI and discuss future research opportunities.

Mixed-initiative systems have been success-
fully integrated in multiple domain applica-
tions, where human and artificial intelligence

(AI) augment one another. To achieve such hybrid intelli-
gence,1 communication interfaces (e.g., interactive
visual analytics workspaces) are essential. To facilitate
the analysis through such interfaces, tailored interac-
tion workflows are studied and researched. Generally,
the goal of interactive human–AI collaboration for
hybrid intelligence is to perform efficient and effective
problem-solving and decisionmaking. Hence, one of the
main principles of mixed-initiative systems is “Minimal
Feedback for Maximal Gain,” i.e., involving the human or
the AI agent where their intelligence ismost effective.

As depicted in Figure 1, this leads to a spectrum of
mixed-initiative workflow designs, ranging from manual
tasks with an AI in the loop to automatic tasks with
humans in the loop. Systems that are designed within this
spectrum typically perform multiobjective optimizations.
They further need tobalance thedegreeof automation ver-
susmanual work based on the tradeoff between costs and
risks of the task; the data ambiguity and contextualization;

and the subjectivity andpersonalizationdegree of the anal-
ysis. Thus, by balancing these aspects, tailored interfaces
can allow for human and AI to effortlessly augment each
other, giving humans a superpower through the logic, scal-
ability, and computing power of the AI, and in turn,
giving AIs a superpower through the perception,
creativity, and general world knowledge of humans.

Especially interactive visual analytics techniques
can empower humans through different, effective com-
munication-support techniques.24

These interactions allow both agents to communi-
cate their problem-solving rationales and explain their
decision making, filling each other’s knowledge
gaps.13 To explain the inner working of AI models,
explainable AI (XAI) models have been researched
and developed. In general, the processes of interac-
tive and explainable AI encompass three stages23:
1) Understanding of the AI’s decisions and behavior;
2) Diagnosis of the AI’s performance and applicability;
and 3) Refinement of the AI models for the given
users, tasks, and data. Explanations follow different
strategies (e.g., inductive, deductive, contrastive) and
use different mediums for communication (e.g., visu-
alization or verbalization).

However, achieving meaningful and effortless
communication through explanations is challenging.
Human explanations are usually contrastive, selective,
social, and adaptive.16 They can be used for education
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(learning and teaching), the presentation of alterna-
tive opinions and information, or persuasion based
on a belief system. Depending on the communication
modality and dynamic, humans understand each
other’s explanations as suggestions, facts, or deci-
sions.13 This allows them to assess the associated
knowledge content and avoid miscommunication.

Hence, based on the observation of human–human
communication, open questions in mixed-initiative
research are how does communication between
humans and AIs differ in their dynamics, and which
challenges arise when explaining problem-solving and
decision-making processes?

As depicted in Figure 2, one of the fundamental
challenges is that humans communicating with AIs
will presuppose notions of explanation and interaction
that are based on their experience communicating
with fellow humans. On the other hand, an AI also has
predetermined notions about explanation and interac-
tion. For example, humans contextualize and adapt
their explanations and interactions dynamically based
on the sociotechnical context in which they occur.3

Hence, they expect others to use similar conceptual
reference points in their communication. However,
AIs are typically designed to be general-purpose appli-
cations with less nuance in contextualization or adap-
tation of their communication.

Communication is conditional, contextual, and time
dependent. Hence, studying the impact of communica-
tion dynamics on both agents, the sender and receiver, as
well as on both humans and AIs is crucial to avoid mis-
communication problems. This is especially important to
assess potential biases and reasoning pitfalls that can be
triggered through explanations and interactions. Such
issues have not yet been studied extensively in XAI
research. However, as the reach of AI-based applications
scales to many users and scenarios, we crucially need to
make decisions about communication not spontaneous
and circumstantial but rathermindful and intentional.

Explanations are a kind of social interaction and, as
such, insights from psychology, sociology, and philoso-
phy are crucial. This article highlights the relevance of
a dialogue between computer science and other disci-
plines. Based on connecting insights from these fields,
we present a communication dynamics model through

which we can closely examine explanations within the
human–AI interaction process, reflecting on the send-
er’s explanation intention and strategy, as well as on
the receiver’s perception of explanation effects.

Based on ourmodel, we identify and structure poten-
tial miscommunication problems between senders and
receivers; in particular, we examine six reasoning pitfalls
and 13 related biases. Addressing these pitfalls, we
deduce six desiderata for human-centered explanations.
We exemplify the implication of these pitfalls and biases
in the context of an application for medical autodiagno-
sis. Finally, we conclude with a discussion of lessons
learned, and research opportunities.

This article aims to provide a high-level viewpoint
on the communication process between humans and
AIs, highlighting the roles of visual and interactive
explanations. Our goal is to offer a unified model with
consistent terminology, which can enable researchers
to provide effective design recommendations. Our
model relies on analyzing best practices from the
research fields of visualization, human–computer inter-
action, interactive and explainable AI, as well as AI
philosophy.

MENTALIZING AND PERSPECTIVE-
TAKING

An essential part of successful communication ismental-
izing and perspective-taking. Mentalizing refers to our
understanding of the inner state of minds in ourselves
and others.6 It allows us to see the points of view of other
people we interact with. It also enables perspective-tak-
ing, i.e., putting ourselves in the position of others to find
common grounds and knowledge gaps, enabling us to
build effective argumentation and rhetorical strategies.
As this process gives us the capacity to identify the
knowledge gap of our counterparts, it allows us to figure
out the appropriate modality and pace for communica-
tion. We explain our mental models to others in order to
teach them about our understanding. In turn, we learn to
change our understanding of theworld and our surround-
ings by adapting ourmentalmodels.21

The processes of mentalizing and perspective-taking
are part of humans’ social and emotional intelligence. To

FIGURE 1. Intelligence augmentation spectrum.
FIGURE 2. Human–AI communication. Each agent assumes a

certain communication dynamic, which can lead to miscom-

munication if the dynamics misalign.
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analyze whether AIs can be enabled to mimic such pro-
cesses, we need to further inspect the details of commu-
nication dynamics. In particular, we need to investigate
changes in mental models, triggered through explana-
tions and interactions.

We refer tomental models as the internal knowledge
representations of humans. In turn, for an AI, we call the
knowledge representation models internal models. In a
mixed-initiative application context, the stored knowl-
edge can be abstractly represented as knowledge about
the data and the tasks. In addition, to adapt and evolve
their understanding, users need a representation of
the AI and AIs need a representation of the user.
Hence, these models depict what each agent knows
about its interlocutor. Figure 3 represents the adaptation
of thesemental and internal models through interactions
and explanations on the human–AI communication inter-
face. Through observing a transformation from an input
to an output on the interface, the agents can infer infor-
mation, observe patterns, and adapt their understanding.
The change in their internal and mental models is the
result of their communication.

These internal and mental models, however, are
typically neither complete nor correct. Mental models

are constantly evolving and may include nonaccurate
knowledge or beliefs, acquired by agents during the
learning phase. These models may provide simplified
explanations to complex phenomena, used to solve
problems quickly and save cognitive energy.8 As a con-
sequence, the inaccuracy and oversimplification of
these models may lead to biases and errors in commu-
nication.17 The model that the receiver has of the
sender updates through the explanations given by the
latter. To avoid miscommunication, the sender needs
to be able to leverage the internal or mental model of
the receiver when providing an explanation. In the next
section, we explore in more detail the dynamics of
communication following the process from the send-
er’s intended internal and mental models to the
receiver’s perceived ones.

COMMUNICATION DYNAMICS
MODEL

This section introduces our communication dynamics
model. In the description of the model, we focus on
the features of explanation as a process rather than a
product. In particular, we consider how the internal/
mental models affect the reception of the explanation
and how the explanation, in turn, affects the updating
of knowledge representations. The model describes
the different communication phases between two
dynamic agents: a sender and a receiver. From a high-
level perspective, this dynamics can be divided in
three main stages: Internal/Mental models, decision-
making, and communication channel (see Figure 4).
These stages are mirrored; the communication starts
from the sender’s model and ends with the update of
the receiver’s model on the basis of what happens in
the stages in-between. Each of them can be divided
into subprocesses. Both the high-level and the low-
level stages are described in detail in the definition
boxes shown in Figures 5–11.

FIGURE 3. Internal and mental model adaptation. The model

that the receiver has of the sender updates through explana-

tions given by the latter.

FIGURE 4. Communication dynamics model describing the communication stages between a sender and a receiver. Dotted lines

connecting processes within the dynamics indicate a possible incorrect mapping and/or loss of information.
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In the following, we describe the subcomponents
of the communication dynamics model.

Knowledge Representation
Expanding the mental model description from the previ-
ous section, we differentiate between the forms of infor-
mation represented in the senders’ and receivers’ internal
and mental models (see Figure 6). This includes the infor-
mation that the agents have regarding the interlocutor.

The presented categorization shown in Figure 6 has
been inspired by the representation of a system’s compe-
tencies described by Pearl andMacKenzie in their Ladder
of Causation.18 Note that, associative knowledge repre-
sentation can only reply to “what” questions, and factual
questions, through associative reasoning, while func-
tional knowledge representation can reply to “what” and
“how” questions through interventionist reasoning, which
considers the causes of the variable to explain. The struc-
tural knowledge representation is the more complete of
the three. It can reply to “what,” “how,” and “why” ques-
tions through counterfactual reasoning. By counterfac-
tual reasoning, we mean the capacity to reason about
the causes of events in counterfactual terms (event C is
said to have caused event E if, under some hypothetical
counterfactual case event C did not occur, E would not
have occurred).19 It is worth pointing out here the differ-
ence that we assume between “how” and “why” explana-
tions: while “how” explanations are not necessarily
interpretable by a nonexpert audience, as they provide
information about the mechanisms through which a sys-
tem works, “why” explanations are the ones preferred by
humans in conversational contexts.

Information Processing
To describe the mechanism of information processing,
we refer to the dual-system theory of cognition, which
explain the mechanism of decision making through the
dichotomy between Systems 1 and 2.5,8 System 1 pro-
cesses are fast, automatic, and effortless while System 2

FIGURE 5. Definition boxes for internal/mental models, deci-

sion-making, and communication channel.

FIGURE 6. Knowledge representation includes the functional,

structural, and associative forms of information.
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processes are slow, deliberate, and controlled (see
Figure 7). System 1 usually offers the default and intuitive
response and it is the task of System2 to confirmor over-
ride the response by System 1. Both the sender and the
receiver use these two systems when processing infor-
mation for sending and receiving an explanation.

Explanation Intention
The sender processes information and forms an expla-
nation intention, which, in turn, affects the successive
stages of the communication process (see Figure 8).
Note that, when talking about intention, we do not
assume any specific theory of mind, understanding it
as the commitment to achieve a particular aim.

Explanation Strategy
Based on pedagogical research, the content of explan-
ations can be expressed using multiple strategies and
mediums4 (see Figure 9).

Explanation Effect
When receiving the explanation produced by the
sender, the explanation causes an effect on the
receiver which may, or may not, correspond to the
explanation intention of the sender (see Figure 10).

FIGURE 7. Informationprocessingasexplainedthroughthedual-

systemtheoryofcognition,inwhichSystems1and2arecontrasted.

FIGURE 8. Explanation intention of the sender, along with the

successive stages of the communication process.

FIGURE 10. The explanation effect is the characterization of

the effect the sender’s explanation has on the receiver.

FIGURE 9. The explanation strategy of the sender, which can

include deductive, contrastive, and inductive reasoning.
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Interaction Dynamic
The interaction dynamic is the stage of the communi-
cation dynamics where the communication between
the sender and the receiver takes place and which
allows the flow of information between the two agents
to run (see Figure 11). The agents may use different
media for actuating this process (e.g., visualization or
verbalization).4

BIASES AND REASONING
PITFALLS

Explainees ask for an explanation mainly in two sce-
narios; to close a knowledge gap in their internal
model, or when detecting an abnormality in a phenom-
enon that does not fit into the internal/mental model.

While explanations are a useful and necessary tool
for learning and generalization, as they allow the
receiver of the explanation to update their knowledge
representation of the sender, they can also be a dan-
gerous source of reasoning pitfalls. Inaccuracies, dis-
crepancies, and information loss may arise in the
explanation–communication dynamics when senders
and receivers have different needs and intentions.

The study of how cognitive errors emerge and which
social consequences they have is widely addressed in

the literature in social sciences, psychology, and philos-
ophy. Still, there is a current lack of research on cogni-
tive biases in the context of the selection of
explanations and in communication dynamics.10 Paying
closer attention to how reasoning pitfalls affect the
interaction between the sender and the receiver of
explanations, and the misalignment that may derive
between the sender and the receiver’s intentions is
crucial for improving H-AI interaction.

Taxonomy of Reasoning Pitfalls
We present a taxonomy of some of the key reasoning
pitfalls that can emerge in the context of a communi-
cation setting of an explanation. In the following
boxes, we organize these pitfalls according to the
stage of the communication dynamics in which they
emerge, following the stages indicated in the scheme
in Figure 4: Internal/mental models, decision making,
and communication channel. For each pitfall, we
offer some examples of related cognitive biases. We
acknowledge that, by categorizing pitfalls and relative
biases, we fail to capture the complexity that charac-
terizes them and oversee some of the overlaps
between the different categories.8,15 However, this
simplification is motivated by the wish to provide a
consistent and accessible mapping between pitfalls
and components of communication dynamics, which
can be used by researchers and practitioners in
debiasing techniques.

Lack of Appropriateness
(Internal/Mental Models)
Inappropriate knowledge representation of sender
and/or receiver, and/or inaccuracy in updating it.

Curse of Knowledge Bias: Erroneously assuming
that the interlocutor has sufficient knowledge to
understand.25 What can go wrong: the sender presup-
poses that the receiver has background knowledge on
a subject and produces an explanation that the
receiver cannot understand.

Attribution Bias: Believing that the characteristics
of an individual group member are reflective of the
group as a whole, or vice versa. What can go wrong:
the sender misinterprets the need of the receiver if it
differs from the needs that are usually shared by the
receiver’s user group.

Availability Bias: Giving more relevance to the
more easily available information. What can go wrong:
the receiver updates their knowledge representation
of the sender on the basis of the information about
the sender that is more readily available but not nec-
essarily the relevant one.

FIGURE 11. The Interaction Dynamic is the sender and receiver's

communication dynamics as information flows between them.
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Lack of Interpretability (Internal/Mental
Models)
The explanation cannot be processed and/or incorpo-
rated into the knowledge representation of the
receiver in an accurate way.

Confirmation Bias: Accepting only the explanations
that confirm previous assumptions. What can go wrong:
the receiver integrates the information provided by the
explanation in the set of prior beliefs without updating
the knowledge representation accordingly.

Selective Attention: Attending to selected informa-
tion contained in the explanation and ignoring others.
What can go wrong: the receiver processes only part
of the explanation received.

Lack of Informativeness (Decision-Making)
The explanation does not contribute to closing the
knowledge gap of the receiver because it either pro-
vides inaccurate or insufficient information.

Recency Effect: Tendency to recall the more recent
piece of information received. What can go wrong: the
sender or the receiver updates their knowledge repre-
sentation on the basis of the more recent feedback
received by the interlocutor, disregarding past and
possibly more relevant information.

Sample Bias: Selecting and presenting information
in a way that fails to be representative of the phenom-
enon intended to be analyzed. What can go wrong: the
sender provides an explanation that explains the phe-
nomenon in a partial way.

Lack of Relevance (Decision-Making)
The explanation provides irrelevant and/or superflu-
ous information.

Information Bias: Tendency to seek more informa-
tion to improve the perceived validity of a statement
even if the additional information is not relevant or
helpful. What can go wrong: the receiver prefers more
information to less, even if not relevant, thus perceiv-
ing the information provided by the explanation as
more relevant than what it actually is.

Misinformation Effect: Tendency for postevent
information to alter the original memory or knowl-
edge of the phenomenon. What can go wrong: the
receiver incorrectly processes the information with-
out placing it in the context of previous relevant
knowledge.

Lack of Accuracy (Decision-Making)
The discrepancy between the explanation intention
and the explanation effect.

Authority Bias: Tendency to attribute more accu-
racy to the information coming from an authoritative
figure. What can go wrong: the receiver who wants to

fulfill the need to be educated through the requested
explanation, erroneously believes that the explanation
fulfills this need without questioning it if it comes
from an authoritative agent.

Fair-Washing: Promoting the false perception that
the explainer respects ethical values. What can go
wrong: the sender manipulates the receiver’s beliefs to
align with their goals, with the intent of generating trust.

Lack of Interactiveness (Communication
Channel)
The explanation strategy used does not support the
fulfillment of the explanation intention and/or of the
receiver’s need.

Overconfidence Effect: Tendency of having greater
confidence in one’s own judgments than the objective
one.7 What can go wrong: the sender provides informa-
tion through an inappropriate strategy with respect to
the explanation intention, based on the confidence of
the correctness of their role as an explainer.

Hyperbolic Discounting: Prioritizing immediate
rewards to long-term ones, even if they are smaller.
What can go wrong: the receiver accepts an explana-
tion that does not fulfill their need in order to con-
clude the interaction sooner.

Contextual Evaluation of Explanations
The model of explanation–communication dynamics
we propose in this article allows identifying the mecha-
nisms that are responsible for the emergence of these
reasoning and communication problems. Together
with the identification of the mechanisms at the origin
of these errors, a necessary first step in finding a strat-
egy to prevent them from happening is to acknowledge
the contextual and interactive nature of explanations.
Different user groups vary in their needs for what
should be explained and have different preferred expla-
nation strategies.3 An explanation for the same phe-
nomenon may be needed by some receiver but not by
others, according to whether the phenomenon is
already contained in the receiver’s model, and, even
more basically, receivers must be aware of their lack of
knowledge in order to seek an explanation. If they
receive an explanation when they think they do not
need it, they are not going to update their knowledge
representation of the system. For this reason, attention
for the development of human-centered strategies of
explanation is crucial.22

The evaluation of the appropriateness of an expla-
nation is contextual. The lack of consensus in the liter-
ature regarding the set of properties that explanations
should be evaluated against should, thus, not be too
much worrying: there is not such a thing as a “good”
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explanation in absolute terms, rather, there can be
many good explanations, according to the target user
group and their needs.

Desiderata of Human-Centered
Explanations
Based on the pitfalls described previously, we deduce
the following six desiderata for human-centered
explanations. This list of desiderata is not intended to
be exhaustive and some of the categories may par-
tially overlap. Still, it has the benefit of offering a list of
features that can help to evaluate an explanation,
using the communication dynamics model we pre-
sented in Figure 4 and Table 1.

INSPECTINGBIASESANDPITFALLS
The communication dynamics model we present in this
article can be used to describe andmap themechanisms
responsible for the origination of reasoning pitfalls and
biases in sending and receiving an explanation. Biases
are “representative for various cognitive phenomena
that materialize themselves in the form of occasionally
irrational reasoning patterns, which are thought to allow
humans to make fast judgments and decisions.”10 They
can involve either the sender or receiver. For example,
biases may originate in the receiver, when preferring cer-
tain types of explanations over others. Explanations privi-
lege a subset of prior beliefs, excluding the ones that are
deemed inconsistent (confirmation bias is the most
famous example: accepting explanations that confirm
their assumptions). This has the advantage of reducing
the cognitive load (explanations are selective) but also
has the danger of perpetuating inaccuracies if explana-
tions are generated from false beliefs.

Biases may also involve the sender, e.g., when they
inaccurately update their knowledge representation
due to giving more relevance to more easily available

but less relevant information about the receiver (avail-
ability bias), or when assuming wrong features of the
receiver on the basis of the data contained in the
dataset (attribution bias).

After having presented an example of successful
communication, from the biases presented in the tax-
onomy of pitfalls previously we select two biases: the
curse of knowledge and the authority bias, showing
how they can be modeled in the communication
dynamics model of Figure 4 to identify the mecha-
nisms that originated them.

Running Example: Medical Diagnosis
A dataset consisting of medical data and data of previ-
ous patients affected with COVID-19 and seasonal flu is
processed through a neural network black-box method.
A post-hoc XAI method based on LIME explains the
decision boundary of the diagnosis generated by the
black box model through an explanation based on ver-
balization and visualizations. The system uses natural
language sentences to prompt the user to provide the
necessary information for the diagnosis, for example,
age, gender, past illnesses, medications, contact with
infected persons, and symptoms. A chat interface ena-
bles the user to interact with the system and to
query its behavior (see Figure 12).

In this application, there can be a range of end
users (e.g., AI experts or data scientists) concerned
about the explainability of the model/algorithm; medi-
cal experts or physicians, concerned about clinical
inference/prediction; or patients, concerned about the
output reliability on the basis of symptoms and about
how to proceed for curing the symptoms.

Example of Successful Interaction
Example Scenario—Starting point: The sender is the
AI ; the receiver is a human user The user has a

TABLE 1. Desiderata of human-centered explanations.

Appropriateness The explanation is appropriate to the user group, i.e., the sender has the appropriate knowledge
representation of the receiver.

Interpretability The explanation is accurately incorporated into the knowledge representation of the receiver, who
updates their internal/mental model accordingly.

Informativeness The explanation provides the necessary and sufficient information to close the receiver’s knowledge gap.

Relevance The explanation does not provide irrelevant or superfluous information that is not necessary to close the
receiver’s knowledge gap.

Accuracy The effect produced by the explanation in the receiver is consistent with the explanation intention of the
sender.

Interactiveness The explanation supports effective interaction between sender and receiver, i.e., the explanation strategy
is appropriate to the explanation intention and to the receiver’s needs.
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functional knowledge representation: they know how
to use the system, but not how it works nor the mech-
anism through which it produces the diagnosis. The
sender still has no knowledge representation of the
user.

Interaction—The user is prompted by the system
in giving demographic information (age, gender, and
country), medical history, and a description of the
symptoms. As a result of the feedback received from
the user, the system updates its knowledge represen-
tation. It has now a structural knowledge representa-
tion of the user, as it is able to assign the user to an
end-user group and contextualize their symptoms
within their demographic group, their past medical his-
tory, and the information already included in the data-
set available to the system. The black-box model of
the system outputs the diagnosis of “COVID.” The user
asks the system why it gave that particular diagnosis.
The user’s need is of knowing, of getting more details
regarding how the system works. The sender then pro-
cesses the information received through both Sys-
tems 1 and 2: through System 1, it correlates the user’s
data to similar data available in the training set to
assign the user to a specific end-user group. Through
System 2, it combines the information received by the
user to determine the user’s need. The system then
forms the explanation intention of informing the user
and it does so through a contrastive strategy: explain-
ing through natural language sentences that the
symptoms described correlate in 98% of cases to a
diagnosis of COVID and that if the user did not have
the symptoms “Loss of smell and taste” and “Chest
pain,” it would have produced a negative diagnosis.
This information satisfies the user’s need of knowing.
The user processes this information through System
2, attentively considering whether the explanation is
accurate and consistent with their needs, and updates
the knowledge representation accordingly. The user
still does not possess a full structural knowledge
representation of the system, as they do not know
how it works in detail, but they have a richer functional
knowledge representation than what they had prior to
the interaction.

Example of Sender Bias and Pitfall
We use as an example interaction between a human
user and the application for autodiagnosis, described
in Figure 12, to show which mechanisms of the com-
munication dynamics are involved in the emergence
of the curse of knowledge bias.

Example Scenario—Starting Point: The sender is
the AI ; the receiver is a human patient with no

background knowledge about AI models and, thus,
with an associative knowledge representation of the
AI. The AI has no knowledge representation of the
user at the beginning of the communication dynamics.

After the patient has provided their details and
symptoms, the system outputs the diagnosis of
“COVID-19.” The patient then prompts the system, ask-
ing why it gave that diagnosis and, in reply, the system
shows the patient a visualization of the learned deep
representations of the black-box AI model, erroneously
assuming that the receiver possesses the necessary
background knowledge to understand it. This brings to
an interruption of the communication flow, as the
receiver can neither process nor incorporate in the
mental model the information given by the system.

Interpretation—The sender possesses an inappro-
priate representation of the receiver, as it fails to keep
into account the end-user category (see Figure 13).
The knowledge representation that the sender has of
the receiver is at the associative level, formed through
a statistical correlation of data included in its training
set that corresponds to the profile of the patient, with-
out taking into account the background knowledge
and the end-user category of the patient. The AI also
fails to integrate the feedback received by the patient
through the initial screening questions and to update
the knowledge representation accordingly, as it pro-
cesses the new information received through System
1, i.e., automatically, without noticing the inconsisten-
cies between the information given by the patient and
the knowledge representation of the latter. By mistak-
enly assuming that the receiver has background
knowledge in ML models, the explanation intention of
the AI is to educate the receiver by showing a visuali-
zation of the features correlated with the diagnosis,
an inductive explanation strategy that is not apt to
satisfy the receiver’s need. As a consequence, the
flow of communication is interrupted and the patient
stops using the autodiagnosis tool.

FIGURE 12. Example of a medical diagnosis system based on

an interactive and explainable interface powered by both ver-

balization and visualization.
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Example of Receiver Bias and Pitfall
Using as an example another possible interaction
between a user and the diagnostic AI, we describe at
which stages of the communication dynamics of an
explanation the authority bias emerges.

Example Scenario— Starting Point: Sender is the
AI ; receiver is a human programmer with a func-
tional knowledge representationof the sender. TheAI has
a functional knowledge representation of the receiver at
thebeginningof the communicationdynamics.

The user gives the AI their details and symptoms,
and the AI outputs the diagnosis of “Seasonal Flu.”
The receiver then prompts the AI asking to explain
the reason behind the diagnosis, and the AI provides
them with a visual explanation based on projecting
the model’s embedding space. What is important to
note, is that the black-box model that is processing
the data has a bias toward false negatives (for exam-
ple, overestimating or underestimating the weight of
a feature for the diagnosis) and the uncertainty-
based visual encoding is not perceived by the
receiver.

Interpretation—There are no inaccuracies in the
communication process of the sender (see Figure 14).
The sender has a correct knowledge representation of

the receiver, uses the right kind of information proc-
essing with the intention of providing the receiver
with information, and does so through an appropriate
explanation strategy. The problems arise when the
explanation is received by the programmer. Instead of
processing the information received with System 2,
and thus analyzing whether the diagnosis has been
produced with a high level of confidence or can
instead be a case of false negative, the receiver pro-
cesses the information through System 1, assumes
that the performance of the system is correct, and
gives as feedback to the AI the recommendation of
not suggesting to perform additional tests to patients
that receive a negative diagnosis. By failing to incorpo-
rate into the knowledge representation the informa-
tion regarding the bias toward false negatives,
information that would allow the receiver to know
how the system would behave when provided with
information from other patients, the high confidence
in the performance of the system makes the receiver
perceive they have learned something from the sys-
tem, while instead they only have a functional knowl-
edge representation of it. In communication dynamics,
there is a discrepancy between the explanation inten-
tion and explanation effect. In addition, the receiver

FIGURE 13. Curse of knowledge:bias that ariseswhen an agent incorrectly assumes that the interlocutor has sufficient knowledge to

understand. The communication flow is interrupted as the receiver cannot process the information produced by the sender.

FIGURE 14. Authority bias: Tendency to attribute more accuracy to the opinion given by an authoritative figure. The receiver fails

to update the knowledge representation accurately, assuming that the performance of the sender is correct.
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inaccurately processes the explanation and, as a con-
sequence, does not update the mental model appro-
priately, deeming the explanation as more complete
and relevant than what it actually is.

DISCUSSION
In this article, we proposed a framework for unifying
ongoing, but disconnected discourses in the literature
on XAI on criteria for explanation evaluation, H-AI com-
munication dynamics, influences of users’ background
on the explanation reception, taxonomies of reasoning
pitfalls, and explanation kinds, by performing a decom-
position of mechanisms in the communication dynam-
ics of explanations and an analysis of which kind of
errors can originate from misalignment and inconsis-
tencies in each of the components of the explanation
process. This is a necessary first step toward finding a
consensus regarding the desiderata for human-cen-
tered explainable systems that can foster an effective
H-AI interaction and facilitate human understanding.

The reflection on the dynamics of H-AI communi-
cation in the process of sending and receiving explan-
ations conducted in this paper has led to various
lessons learned and opened up the field to possible
future research paths. In the following, we discuss
three main points in each subsection.

Lessons Learned
Rational Interactions and Explanations

Humans are not always rational in their decision-
making, and we do not expect them to be when we
interact with them. However, an AI gives the illu-
sion to be rational, while, in fact, it is just reflecting
patterns in historical data. The communication
dynamics model proposed provides a structure
through which to map kinds of explanations to the
knowledge representation through which the
explanations are produced (sender) and received
(receiver). Using this model for conducting an anal-
ysis of communication scenarios between humans
and AI agents can help researchers to understand
whether users incorporate in their mental model
explanations from AI using the same conceptual
framework they use for humans.

Co-Adaptation of Two Agents
The sender and receiver are two dynamic agents
that interact in the process of producing and
receiving explanations. The analysis of explana-
tion as a process is useful to study where the
errors of communication emerge and to identify
areas of incorrect mapping and possible loss of
information. The inspection of mechanisms of co-
adaptation20 in our model allows shedding light

on whether AIs can mimic mentalizing processes,
typical of successful human interactions.

Social and Emotional Intelligence
As a first step to resolving these problems, our
approach aims to facilitate identifying problems in
the communication between senders and receivers.
Understanding errors in communication and the
incorrectness that they originate in the models can
help designers create systems that minimize the
chances of originating these errors, thus contri-
buting to moving toward systems that possess a
higher level of social and emotional intelligence by
providing a representation of dynamics of interac-
tion in explanation processes.

Future Research Directions
Definition of Concepts

a) Agency: Through the communication dynamics
model presented, it is possible to investigate the
notion of agency by considering whether in an H-AI
context it is always humans who assume the initia-
tive, i.e., the guiding role in the conversation or
whether, also, AIs can be considered to be exhibiting
a certain degree of agency. Hence, assuming that
being able to engage in communication dynamics
and to update the knowledge representation model
of the interlocutor is enough for exhibiting agency
would open the possibility of considering also AIs as
“agents.”
b)Understanding: In order to allow for understand-
ing, explanations need to be accommodated in the
context of prior beliefs and not be inconsistent with
those. The process of closing a knowledge gap by
updating the knowledge representation and the
mentalmodel of the interlocutor can be the subject
of further investigation in the search for a working
definition of understanding.
c) Explainability versus interpretability: A possible
disambiguation between the notions of explainability
and interpretability may follow from the above-
mentioned considerations if an interpretable
explanation is understood as an explanation
that allows for understanding.9

Empirical Research
a) Validation through human-subject experiments:
The desiderata of human-centered explanation will
enable the evaluation of the performance of XAI
models.22

b) Debiasing techniques: The communication
dynamics model proposed and the mapping of the
reasoning pitfalls that can emerge in the process of
communication can be used as a starting point to
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consider possible debiasing techniques that prevent
these errors from happening.10 In particular, through
using effective visualization techniques, we canmiti-
gate possible biases.2

Communication and Cognitive Processes
a) A more detailed study of the communication
dynamics happening in the production and recep-
tion of an explanation can be conducted starting
from an extended analysis of pitfalls, which
includes also inductive biases and other kinds of
cognitive errors.5 This exploration can lead to a
more sophisticated study of the possible overlaps
between the different categories of pitfalls and
desiderata identified in this article.
b) The proposed model can be used to explore
further areas of research (e.g., the role of uncer-
tainty and causal inference in communication).

CONCLUSION
To enable true hybrid intelligence through mixed-initia-
tive systems, explanations and interactions are at the
utmost importance. This paper presented a communi-
cation dynamics model, examining the impact of the
sender’s explanation intention and strategy on the
receiver’s perception of explanation effects. We pro-
vided a detailed inspection of the process of communi-
cation as an essential ingredient for successful human–
AI collaboration and interaction. To that end, we also
presented potential biases and reasoning pitfalls.
Finally, we presented six desiderata for human-centered
XAI and discussed future research opportunities.

REFERENCES
1. D. Dellermann et al., “Hybrid intelligence,” Bus. Inf.

Syst. Eng., vol. 61, no. 5, pp. 637–643, 2019.

2. E. Dimara, S. Franconeri, C. Plaisant, A. Bezerianos, and P.

Dragicevic, “A task-based taxonomy of cognitive biases

for information visualization,” IEEE Trans. Vis. Comput.

Graphics, vol. 26, no. 2, pp. 1413–1432, Feb. 2020.

3. U. Ehsan et al., “The who in explainable AI: How AI

background shapes perceptions of AI explanations,”

2021, arXiv:2107.13509.

4. El-Assady et al., “Towards XAI: Structuring the

processes of explanations,” in Proc. ACMWorkshop

Hum.-Centered Mach. Learn., vol. 4, 2019.

5. J. S. B. T. Evans, “Dual-processing accounts of

reasoning, judgment, and social cognition,” Annu. Rev.

Psychol.. vol. 59, pp. 255–278, 2008.

6. P. Fonagy, G. Gergely, E. L. Jurist, and M. Target, Affect

Regulation, Mentalization, and the Development of the

Self. London, U.K.: Routledge, 2018.

7. M. Hilbert, “Toward a synthesis of cognitive biases: How

noisy information processing can bias human decision

making,” Psychol. Bull., vol. 138, no. 2, p. 211, 2012.

8. D. Kahneman, Thinking, Fast and Slow. London, U.K.:

Macmillan, 2011.

9. F. C. Keil, “Explanation and understanding,” Annu. Rev.

Psychol., vol. 57, pp. 227–254, 2006.

10. T. Kliegr, �S. Bahník, and J. F€urnkranz, “A review of

possible effects of cognitive biases on interpretation

of rule-based machine learning models,” Artif. Intell.,

vol. 295, 2021, Art. no. 103458.

11. T. Kulesza et al., “Tell me more? The effects of mental

model soundness on personalizing an intelligent

agent,” in Proc. SIGCHI Conf. Hum. Factors Comput.

Syst., 2012, pp. 1–10.

12. P. Lipton, “What good is an explanation?,” in

Explanation, Dordrecht, The Netherlands: Springer,

2001, pp. 43–59.

13. T. Lombrozo, “The structure and function of

explanations,” Trends Cogn. Sci., vol. 10, no. 10,

pp. 464–470, 2006.

14. P. Lipton, “Contrastive explanation,” Roy. Inst.

Philosophy Suppl., vol. 27, pp. 247–266, 1990.

15. Y. Maruyama, “Rationality, cognitive bias, and artificial

intelligence: A structural perspective on quantum

cognitive science,” in Proc. Int. Conf. Hum.- Comput.

Interact., 2020, pp. 172–188.

16. T.Miller, “Explanation in artificial intelligence: Insights from

the social sciences,”Artif. Intell., vol. 267, pp. 1–38, 2019.

17. D.A.Norman, “Someobservationsonmentalmodels,” in

MentalModels. London,U.K.: Psychol.Press, 2014,pp. 15–22.

18. J. Pearl and D. Mackenzie, The Book of Why: The New

Science of Cause and Effect. New York, NY, USA: Basic

Books, 2018.

19. N. J. Roese, “The functional basis of counterfactual

thinking,” J. Pers. Social Psychol., vol. 66, no. 5, p. 805, 1994.

20. F. Sperrle et al., “Co-adaptive visual data analysis and

guidance processes,”Comput. Graphics, vol. 100,

pp. 93–105, 2021.

21. F. Sperrle et al., “Learning and teaching in co-adaptive

guidance for mixed-initiative visual analytics,” in Proc.

EuroVis Workshop Vis. Anal., 2020, pp. 61–65.

22. F. Sperrle et al., “A survey of human-centered evaluations

in human-centeredmachine learning,”Comput. Graphics

Forum, vol. 40, no. 3, pp. 543–568, 2021.

23. T. Spinner, U. Schlegel, H. Sch€afer, andM. El-Assady,

“explAIner: A visual analytics framework for interactive and

explainablemachine learning,” IEEE Trans. Vis. Comput.

Graphics, vol. 26. no. 1, pp. 1064–1074, Jan. 2020.

24. W.Willett et al., “Perception! immersion! empowerment!

superpowers as inspiration for visualization,” IEEE Trans.

Vis. Comput. Graphics, vol. 28, no. 1, pp. 22–32, Jan. 2022,

doi: 10.1109/TVCG.2021.3114844.

22 IEEE Computer Graphics and Applications November/December 2022

VISUALIZATION FOR AI EXPLAINABILITY

Authorized licensed use limited to: ETH BIBLIOTHEK ZURICH. Downloaded on December 19,2023 at 13:02:15 UTC from IEEE Xplore.  Restrictions apply. 

http://dx.doi.org/10.1109/TVCG.2021.3114844


25. C. Xiong, L. VanWeelden, and S. Franconeri, “The curse of

knowledge in visual data communication,” IEEE Trans. Vis.

Comput. Graphics, vol. 26, no. 10, pp. 3051–3062, Oct. 2020.

MENNATALLAH EL-ASSADY is a research fellow at the ETH AI

Center, Z€urich, Switzerland. Her research focuses on combining

data mining and machine learning techniques with visual ana-

lytics, specifically for text data. She is the corresponding author

of this article. Contact her atmenna.elassady@ai.ethz.ch.

CATERINA MORUZZI is currently a research associate with

the Department of Philosophy, University of Konstanz, Kon-

stanz, Germany. Her research interests include computa-

tional creativity, the investigation of the key guiding

principles shared by human and artificial brains, and the

empirical investigation of public perception of AI applications

in the creative sector. Moruzzi received her Ph.D. degree in

philosophy from the University of Nottingham, Nottingham,

U.K. Contact her at caterina.moruzzi@uni-konstanz.de.

November/December 2022 IEEE Computer Graphics and Applications 23

VISUALIZATION FOR AI EXPLAINABILITY

Authorized licensed use limited to: ETH BIBLIOTHEK ZURICH. Downloaded on December 19,2023 at 13:02:15 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


