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Explainable AI (XAI) vision (2016)

Calibrated / 
appropriate 

trust

AI ≠ automation



XAI’s roots
(Way back in humanities & social sciences)

• 1970s/1980s: Expert system 
explanations

• 1990s/2000s: Growth of machine 
learning

• 2016: DARPA XAI programme
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Mycin: Is Meningitis a hospital acquired illness?
Doctor: why?
Mycin: [2.0] this will aid in determining the orgamisms that might be causing the 
infection
It has already established
[2.1] the infection that requires therapy is meningitis
[2.2] organisms were not seen on the stain of this pending csf culture
[2.3] the type of infection is bacterial
[2.4] neurosurgery is not one of the relevant items of patient 100
[2.5] the age of patient 100 is greater than 25
therefore if [2.6] the infection was acquired while the patient was in hospital then 
there is evidence that the organisms that might be causing the infection are E 
coli(0.75) staphylococcus-coag-pos(0.3) pseudomonas-aeruginosa(0.3)
klebsiella-pneumoniae(0.5)
Doctor: How 2.3
Mycin: The following rules concluded about the likelihood that the type of the 
infection is bacterial:
[2.7] RULE148 (0.19)
[2.8] RULE500 (0.51)
[2.9] RULE501 (0.95)
[3.0] RULE502 (0.97)
[3.1] RULE526 (0.98)
[3.2] RULE504 (0.97)
[3.3] RULE524 (0.98)



Motivation

Model understanding is absolutely critical in several domains --
particularly those involving high stakes decisions! 



Motivation: Why Model Understanding?

Predictive
Model

Input

Prediction	=	Siberian	Husky

Model	understanding	
facilitates	debugging



Motivation: Why Model Understanding?

Predictive	
Model

Defendant	Details

Prediction	=	Risky	to	Release

Model	Understanding

Race

Crimes

Gender

Model	
understanding	
facilitates	bias	
detection



Motivation: Why Model Understanding?

Predictive	
Model

Loan	Applicant	Details

Prediction	=	Denied	Loan

Model	Understanding

Increase	salary	by	
50K	+	pay	credit	
card	bills	on	time	
for	next	3	months	
to	get	a	loan

Model	understanding	helps	
provide	recourse	to	

individuals	who	are	affected	
by	model	predictions	



Explainability versus Interpretability

• Explainability = ability of an AI system to explain itself

• Interpretability (or intelligibility) = ability of a user to build an appropriate 
mental model that guides interaction with the AI system
• Understanding of how the system works
• Being able to use the system successfully
• Being able to ’trouble-shoot’ system and fix ‘mistakes’

• Are some algorithms (e.g. decision trees) naturally interpretable? 



Mental Models

• A mental model is kind of internal representation in someone's 
thought process for how something works in the real world

• Based on meaning, understanding and experience

• Users build mental models to guide how they interact, behave or fix 
things when they go wrong

[Norman 1983, Johnson-Laird 1983]



Different stakeholders = different 
explanations?
• End users / lay users (e.g. loan applicants)

• Decision makers / domain experts (e.g. doctors, judges)

• Regulatory agencies (e.g. FDA, European commission)

• Researchers, developers and engineers



Explanation content versus explanation 
presentation/style
• Keep apart what information is transmitted in an explanation versus 

its form and presentation
• E.g. based on a model it is often possible to extract the probability 

that the AI is assigning to a prediction of belonging to a certain class 
i.e. its decision confidence

0.67341
67% Accept / 33% Reject

I think it’s a little bit 
more likely that this 
application should 

be accepted. 



Intelligibility types

• What did the system do?

• Why did the system do W?

• Why did the system not do X?

• What would the system do if Y happens?

• How can I get the system to do Z, given the current context?

[Lim and Dey CHI 2009]



Lots of work to make ML transparent

• Simplest: I give you the source code of the model

• Next simplest: I give you a representation of the model

• Exposing the model (global explanation)
• Exposing (combination of) features that contribute to a decision (local 

explanation)

[Molnar 2022]



Explanatory debugging principles

• Explanations should be

• Iterative

• Sound = Faithful

• Complete

• Don’t overwhelm
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[Kulesza et al. IUI 2015]



Explanation styles and feedback 

[Stumpf et al. IJHCS 2009]

• What explanation styles do end-users 
prefer?



Explanation styles
Keyword Rule Similarity



Results

• Explanation styles:
• Rule-based best understood
• Keyword-based also good but negative weights problematic (absence 

of features)
• Serious understandability problems with Similarity-based
• No clear overall preference, very individual



Local explanations



LIME: Local Interpretable Model-Agnostic 
Explanations

• Explains important feature that 
led to a decision
• Uses a post-hoc explanation on a 

simplified model 
• Another popular method which 

outputs feature importances: 
SHAP 

(a) Husky classified as wolf (b) Explanation

Figure 11: Raw data and explanation of a bad

model’s prediction in the “Husky vs Wolf” task.

Before After

Trusted the bad model 10 out of 27 3 out of 27
Snow as a potential feature 12 out of 27 25 out of 27

Table 2: “Husky vs Wolf” experiment results.

to work well in the real world, (2) why, and (3) how do
they think the algorithm is able to distinguish between these
photos of wolves and huskies. After getting these responses,
we show the same images with the associated explanations,
such as in Figure 11b, and ask the same questions.

Since this task requires some familiarity with the notion of
spurious correlations and generalization, the set of subjects
for this experiment were graduate students who have taken at
least one graduate machine learning course. After gathering
the responses, we had 3 independent evaluators read their
reasoning and determine if each subject mentioned snow,
background, or equivalent as a feature the model may be
using. We pick the majority to decide whether the subject
was correct about the insight, and report these numbers
before and after showing the explanations in Table 2.
Before observing the explanations, more than a third

trusted the classifier, and a little less than half mentioned
the snow pattern as something the neural network was using
– although all speculated on other patterns. After examining
the explanations, however, almost all of the subjects identi-
fied the correct insight, with much more certainty that it was
a determining factor. Further, the trust in the classifier also
dropped substantially. Although our sample size is small,
this experiment demonstrates the utility of explaining indi-
vidual predictions for getting insights into classifiers knowing
when not to trust them and why.

7. RELATED WORK
The problems with relying on validation set accuracy as

the primary measure of trust have been well studied. Practi-
tioners consistently overestimate their model’s accuracy [21],
propagate feedback loops [23], or fail to notice data leaks [14].
In order to address these issues, researchers have proposed
tools like Gestalt [20] and Modeltracker [1], which help users
navigate individual instances. These tools are complemen-
tary to LIME in terms of explaining models, since they do
not address the problem of explaining individual predictions.
Further, our submodular pick procedure can be incorporated
in such tools to aid users in navigating larger datasets.
Some recent work aims to anticipate failures in machine

learning, specifically for vision tasks [3, 29]. Letting users
know when the systems are likely to fail can lead to an
increase in trust, by avoiding “silly mistakes” [8]. These
solutions either require additional annotations and feature
engineering that is specific to vision tasks or do not provide
insight into why a decision should not be trusted. Further-
more, they assume that the current evaluation metrics are
reliable, which may not be the case if problems such as data
leakage are present. Other recent work [11] focuses on ex-
posing users to di↵erent kinds of mistakes (our pick step).
Interestingly, the subjects in their study did not notice the
serious problems in the 20 newsgroups data even after look-
ing at many mistakes, suggesting that examining raw data
is not su�cient. Note that (author?) [11] are not alone in
this regard, many researchers in the field have unwittingly
published classifiers that would not generalize for this task.
Using LIME, we show that even non-experts are able to
identify these irregularities when explanations are present.
Further, LIME can complement these existing systems, and
allow users to assess trust even when a prediction seems
“correct” but is made for the wrong reasons.

Recognizing the utility of explanations in assessing trust,
many have proposed using interpretable models [27], espe-
cially for the medical domain [6, 17, 26]. While such models
may be appropriate for some domains, they may not apply
equally well to others (e.g. a supersparse linear model [26]
with 5� 10 features is unsuitable for text applications). In-
terpretability, in these cases, comes at the cost of flexibility,
accuracy, or e�ciency. For text, EluciDebug [16] is a full
human-in-the-loop system that shares many of our goals
(interpretability, faithfulness, etc). However, they focus on
an already interpretable model (Naive Bayes). In computer
vision, systems that rely on object detection to produce
candidate alignments [13] or attention [28] are able to pro-
duce explanations for their predictions. These are, however,
constrained to specific neural network architectures or inca-
pable of detecting “non object” parts of the images. Here we
focus on general, model-agnostic explanations that can be
applied to any classifier or regressor that is appropriate for
the domain - even ones that are yet to be proposed.

A common approach to model-agnostic explanation is learn-
ing a potentially interpretable model on the predictions of
the original model [2, 7, 22]. Having the explanation be a
gradient vector [2] captures a similar locality intuition to
that of LIME. However, interpreting the coe�cients on the
gradient is di�cult, particularly for confident predictions
(where gradient is near zero). Further, these explanations ap-
proximate the original model globally, thus maintaining local
fidelity becomes a significant challenge, as our experiments
demonstrate. In contrast, LIME solves the much more feasi-
ble task of finding a model that approximates the original
model locally. The idea of perturbing inputs for explanations
has been explored before [24], where the authors focus on
learning a specific contribution model, as opposed to our
general framework. None of these approaches explicitly take
cognitive limitations into account, and thus may produce
non-interpretable explanations, such as a gradients or linear
models with thousands of non-zero weights. The problem
becomes worse if the original features are nonsensical to
humans (e.g. word embeddings). In contrast, LIME incor-
porates interpretability both in the optimization and in our
notion of interpretable representation, such that domain and
task specific interpretability criteria can be accommodated.
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[Ribeiro et al. KDD 2016]



Saliency Maps
Input Prediction

Junco Bird

What parts of the input are most relevant for the model’s prediction:  ‘Junco Bird’?

Saliency Map



But beware: “explanation” might be misleading

Gradient ⊙ Input

Guided Backprop

Guided GradCAM

Model	parameter	randomization	test	

Adebayo, Julius, et al. "Sanity checks for saliency maps." NeurIPS, 2018.

https://arxiv.org/abs/1810.03292


Prototypes/Example
● Use examples (synthetic or natural) to explain individual predictions

○ Identify instances in the training set that are responsible for the prediction of a 
given test instance

○ Identify examples (synthetic or natural) that strongly activate a function (neuron) 
of interest



Counterfactual Explanations

What features need to be changed and by how much to flip a model’s prediction?

[Mothilal et al 2020]



Counterfactual Explanations

Predictive	
Model

Deny	Loan	

Loan	Application

Recourse: Increase your salary by 50K & pay your credit card bills on time for next 3 months

f(x)

Applicant

Counterfactual	Generation	
Algorithm

Rec
our

se



Global explanations



Representation Based Explanations

[Kim	et.	al.,	2018]

Zebra
(0.97)

How important is the notion of “stripes” for this prediction?



Representation Based Explanations: TCAV

Examples of the concept “stripes”

Random examples

Train a linear classifier to separate 
activations

The vector orthogonal to the decision boundary
denotes the concept “stripes”

Compute gradient w.r.t. this vector to determine
how important is the notion of stripes for a prediction



Model Distillation

Model	
Predictions

Black	Box	
Model

Label 1
Label 1
.
.
.
Label 2

.
v1, v2
.
.
v11, v12
.

Data	

Explainer
Simpler,	interpretable	model
which	is	optimized	to	mimic	

the	model	predictions



Model Distillation Using Generalized Additive Models

Model	
Predictions

Black	Box	
Model

Label 1
Label 1
.
.
.
Label 2

.
v1, v2
.
.
v11, v12
.

Data	

Explainer



Kulesza et al. IUI 2015



Study setup

• 77 participants split into two groups: 40 using EluciDebug, 37 using a version 
without explanations and advanced feedback

• 20 Newsgroup data set (Hockey and Baseball): initial system training on 5 
messages for each subject, 1850 unlabeled messages to sort

• 30 minutes to “make the system as accurate as possible”

• Measures: accuracy, amount of feedback given, mental model scores, perceived 
workload

• Multinomial Naïve Bayes, retrained after every feedback



Results

• More accurate system accuracy with less effort
• 85% for our system versus 77% without explanations at end of study
• Made adjustments to 47 messages while without explanations had to label 

182 messages

• With better understanding
• 15.8 mental model score versus 10.4
• The more you understand, the better you can make the system

• Do not overwhelm
• No difference in workload measures



AI explanation design
● Need to know who the user is

● Global or local explanations or both? 

● Global explanations
○ How the model works
○ The accuracy of the model
○ Important features

● Local explanations
○ Important features for this decision
○ Decision confidence



Designing for Intelligibility

• Essentially hand-crafted for each user group and each AI system

[Eiband et al. IUI 2018]

Expert  
Mental Model 

User  
Mental Model 

Target  
Mental Model 

Iterative 
Prototyping Evaluation 

What happens to 
the best of our 
knowledge?  

What can be 
explained?  

What does an 
expert mental 
model of the 
system look like? 

How do users 
currently make 
sense of the 
system?  

What is the user 
mental model of the 
system based on its 
current UI?  

How does it differ 
from the expert 
mental model? 

WHAT to explain? HOW to explain?? 

Which key 
components of the 
algorithm do users 
want to be made 
transparent in  
the UI?  

To what extent are 
users actually 
interested in the 
rationale behind the 
algorithm? 

How can the  target 
mental model be 
reached through UI 
design?  

How and where can 
transparency be 
integrated into the 
UI of the system? 

How has the user 
mental model 
developed?  

Has the target 
mental model been 
reached? 

Employees & 
Transparency Team 

Users & 
Transparency Team 

Users & 
Transparency Team 

Employees & 
Transparency Team 

Users & 
Transparency Team 

− Workshops 
− Interviews 

− Online surveys [28] 
− Hypothetical 

scenarios [25] 
− Semi-structured 

interviews 
− Data collection in 

problem-solving 
tasks [32] 

− Drawing tasks  
[8, 18] 

− In-depth interviews  
− Focus groups 
− Hypothetical 

scenarios [25] 
− Card sorting [47] 

− Focus groups, 
workshops and 
brainstorming 
sessions  

− Design guidelines 
/best practices 

− Low and high 
fidelity prototyping 

− Interviews [7] 
− Data collection in 

problem-solving 
tasks [32] 

− Hypothetical 
scenarios [22] 

− Think-Aloud [31] 
− Questionnaire [21] 

Figure 1. Our stage-based participatory design process for the integration of transparency in intelligent systems. The first three stages focus on what to
explain in the system (content of an explanation) the last two on how to explain (presentation format). The stages are each guided by central underlying
questions and involve different stakeholders. We also suggest exemplary methods for each stage that are either established in participatory design or
have been used in prior work on eliciting and improving mental models.

Each stage may involve several stakeholders: members of
the team responsible for the integration of transparency, other
members of the company, and different user groups. We will
distinguish between these stakeholders as transparency team,
employees and users in the remainder of this section.

We will furthermore refer to central aspects of the algorithm,
be it input items, output items, the relation between those
items, or calculation steps, as key components of the algorithm.

Complementary material as to the application of the process
in the Freeletics project can be found under the following link:
medien.ifi.lmu.de/team/malin.eiband/transparencydesign.

What to Explain: (A) Expert Mental Model
The first stage serves two purposes: (1) The transparency team
acquires knowledge about the system logic through communi-
cation and exchange with employees. (2) From this knowledge,
the transparency team extracts the key components used in the
calculation of the algorithm to build what we call an expert
mental model, a hypothetical version of a user mental model
that includes all key components. This is likely to require a

certain level of abstraction from the system logic, and may
take into account intellectual property protection.

Guiding Questions
What happens to the best of our knowledge? What can be
explained? What does an expert mental model of the system
look like?

Why is this Important?
The expert mental model serves as a reference for eliciting
users’ mental models in the next stages.

Outcome
The outcome of this stage should be twofold: (1) A shared
understanding of the data collection and processing methods
in place among all members of the transparency team, as well
as a common language when talking about the algorithms. (2)
An expert mental model that specifies all key components used
by the algorithm, as far as possible.

Exemplary Methods
– Workshops with employees (approach taken)
– Interviews with employees

Session 3A: XAI: Explainable IUIs IUI 2018, March 7–11, 2018, Tokyo, Japan
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From the AI research perspective, a recent review by Nunes 
and Jannach summarized several purposes for explanations 
[81]. Explanations are provided to support transparency, 
where users can see some aspects of the inner state or 
functionality of the AI system. When AI is used as a 
decision aid, users would seek to use explanations to 
improve their decision making. If the system behaved 
unexpectedly or erroneously, users would want 
explanations for scrutability and debugging to be able to 
identify the offending fault and take control to make 
corrections. Indeed, this goal is important and has been well 
studied regarding user models [7, 48] and debugging 
intelligent agents [59]. Finally, explanations are often 
proposed to improve trust in the system and specifically 
moderate trust to an appropriate level [8, 15, 68].  

4.1.2 Inquiry and Reasoning. With the various goals of 
explanations, the user would then seek to find causes or 
generalize their knowledge and reason about the 
information or explanations received. Pierce defined three 
kinds of inferences [83]: deduction, induction, and 
abduction. Deductive reasoning “top-down logic” is the 

process of reasoning from premises to a conclusion. 
Inductive reasoning “bottom-up logic” is the reverse 
process of reasoning from a single observation or instance 
to a probable explanation or generalization. Abductive 
reasoning is also the reverse of deductive reasoning and 
reasons from an observation to the most likely explanation. 
This is also known as “inference to the best explanation”. It 
is more selective than inductive reasoning, since it 
prioritizes hypotheses. 

Popper combined these reasoning forms into the 
Hypothetico-Deductive model as a description of the 
scientific method [5, 84, 107]. The model describes the steps 
of inquiry as (1) observe and identify a new problem, (2) 
form a hypothesis as induction from observations, (3) 
deduce consequent predictions from the hypotheses, and 
(4) test (run experiments) or look for (or fail to find) further
observations that falsify the hypotheses. It is commonly
used and taught in medical reasoning [20, 28, 82].

Finally, analogical reasoning as the process of reasoning 
from one instance to another. It is a weak form of inductive 
reasoning since only one instance is considered instead of 

Figure 2. Conceptual framework for Reasoned Explanations that describes how human reasoning processes (left) informs
XAI techniques (right). Points describe different theories of reasoning, XAI techniques, and strategies for designing XAI. Arrows indicate
pathway connections: red arrows for how theories of human reasoning inform XAI features, and grey for inter-relations between different 
reasoning processes and associations between XAI features. Only some example pathways are shown. For example, hypothetico-deductive 
reasoning can be interfered by System 1 thinking and cause confirmation bias (grey arrow). Confirmation bias can be mitigated (follow
the red line) by presenting information about the prior probability or input attributions. Next, we can see that input attributions can be 
implemented as lists and visualized using tornado plots (follow the grey line). We identified many pathways but show only a few for
brevity. 

CHI 2019 Paper CHI 2019, May 4–9, 2019, Glasgow, Scotland, UK
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[Wang et al. CHI 2019]



Challenges

• No explanations desired for certain tasks and contexts [Bunt et al. IUI 2012]

• Different people need different explanations [Gunning et al. Science Robotics 2019]

• “Placebic” explanations [Eiband et al. CHI 2019]

• Explanations calibrate trust and reliance [Bussone et al. ICMI 2015, Holliday et al. IUI 2016, 
Nourani et al. HCOMP 2019]

• Explanations might be outside of the ML [Ehsan et al. CHI 2021]



Summary

• Interpretability important for understanding how an AI system works
• Two different ways: global and local explanations
• Various approaches to provide these but
• Local explanations = give features that make a difference to a specific 

prediction
• Global explanations = show how model works overall

• Some challenges ahead in terms of providing the right explanations at 
the right time in the right way to whoever needs them
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