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Supplement A Extended literature review

In the following, we provide an extended literature review of explainable artificial intelligence
(AI). In particular, we differentiate research on explainable Al in computer science (which is
primarily focused on methodological outcomes) from our work (which is focused on behavioral

science outcomes). An overview is provided in Table S1.

A.1 Explainable AI in computer science

In the field of computer science, the primary objective concerning explainable Al is to develop and
evaluate new methods to achieve better transparency of Al algorithms. For a general overview
of explainable AI, see for example [1, 2, 3, 4]. AT algorithms can be broadly divided into two
categories: algorithms that are considered to be inherently interpretable and algorithms that are
not due to their complexity [5]. The latter are often referred to as black-box algorithms.

An inherently interpretable model is linear regression, where the decision-making can be
directly followed by inspecting the coefficients. Extensions of linear regression are generalized
linear models (GLMs) and generalized additive models (GAMs) [6, 7]. GLMs were introduced as
a unification of various methods that allow for different distributions of the dependent variable
(e.g., a binary dependent variable as in logistic regression). GAMs were introduced to also allow
for non-linear relationships between an independent and the dependent variable, which can be
modeled for example with decision trees or shallow neural networks (see e.g., [8, 9]). While GLMs
and GAMs are still considered to be inherently interpretable, they are not as straightforward to
interpret as linear regression.

Decision trees are also considered to be inherently interpretable by simply following the deci-
sion rules from the root to the leaf nodes. Other inherently interpretable models are naive Bayes
classifier, k-nearest neighbor algorithm, rule-based learning, etc. (see [10] for an introduction).

In contrast, post-hoc explanation techniques can be applied to better understand black-box
algorithms such as neural networks. These explanation techniques are applied after the Al al-
gorithm has been trained. Post-hoc explanation methods can be divided into global and local
methods [3], where the former aim at explaining the algorithm’s overall decision-making process
while the latter provide explanations for a single, specific input. An example of global methods

are feature importance rankings, which rank the features based on their importance in predict-



ing a model’s outcome, usually measured across the entire model rather than for individual
predictions. A further example are partial dependence plots, which show the effect of a single
feature on the predicted outcome of a model, averaged over a dataset. Prominent examples of
local methods are local interpretable model-agnostic explanations (LIME) and SHapley Addi-
tive exPlanations (SHAP) [11, 12]. LIME approximates a black-box model locally around the
prediction with an interpretable model (like a linear model) to explain individual predictions.
SHAP leverages a concept from cooperative game theory (Shapley values [13]) to explain the
output of a model by computing the contribution of each feature to the prediction while also
considering possible interaction effects. Post-hoc explanation methods can be further catego-
rized into model-specific and model-agnostic methods. Model-specific methods are designed for
a specific class of Al algorithms or even for a single Al algorithm. Model-specific methods exist,
for example, for convolutional neural networks [14] or for kernel-based AI algorithms such as
support vector machines [15]. In contrast, model-agnostic methods can be applied to any Al
algorithm; notable examples are LIME and SHAP. Another dimension to differentiate post-hoc
explanation methods is for which data type (tabular, text, audio, images, etc.) the method was
developed. In this study, we focus on images, and, in the following, we thus present some of the
most relevant post-hoc explanation methods for Al algorithms in computer vision. For general
overviews of explainable Al in computer vision, we refer to [16, 17].

In addition to fully interpretable and post-hoc explanation techniques, there also exist meth-
ods that do not fall in either of these categories. Prominent examples are the following. One
approach, for example, involves transforming a black-box AI model into a white-box model
[18, 19], i.e., a model that is inherently interpretable. Another approach is called data canyon
and allows for a visual interpretation of a black-box AI model [20].

One of the earliest attempts to explain convolutional neural networks (CNN), which are
nowadays widely used in computer vision, was made by Zeiler and Fergus [21]. Therein, the
authors present the deconvolutional network (DeconvNet) as a visualization method that maps
feature activations back to the input image. Additionally, a simple technique called occlusion
was discussed as a method for explaining the predictions of a CNN. For that, different portions
of the input image are systematically occluded with a grey square, and the impact on the output
of the network is observed. Significant changes in the output probabilities indicate the regions

of the image most important for classification.



In [22], a method was introduced for generating saliency maps by computing the gradient of
the output category with respect to the input image. This technique highlights the regions of
the image that contribute most to the model’s classification decision, offering a straightforward
visual explanation of where the network is “looking” to make its predictions.

Layer-wise relevance propagation (LRP) backtracks the output decision of the network
through the layers to assign relevance scores to individual pixels. This method helps in under-
standing which parts of the input image were most relevant for the model’s decision, emphasizing
a layer-by-layer decomposition of the prediction [23].

Integrated gradients attribute the prediction of a neural network to its input features, cal-
culating the gradients of the output prediction with respect to the input image. It integrates
these gradients along the path from a baseline (zero input) to the actual input, offering a way
to visualize the importance of each pixel [24].

Deep learning important features (DeepLIFT) compares the activation of each neuron to its
‘reference activation’ and assigns contribution scores according to the difference. This method
can identify which features of the input contribute to differences in the output from some baseline,
offering a more detailed view than simple gradient-based methods [25].

By using the global average pooling layers in CNNs, class activation mapping (CAM) gener-
ates heatmaps that highlight the discriminative parts of the image used by the network to identify
specific classes, facilitating visual explanations of model decisions [26]. Several extensions to this
approach exist [14, 27, 28], with GradCAM being one of the most often used approach [14]. In
contrast to CAM, GradCAM employs a gradient-based approach to generate heatmaps, and, as
a result, no changes to the network architecture are required.

Counterfactual explanations provide insights by showing how a small change in the input
image could change the classification result. This method helps in understanding model decisions
by answering “what-if” scenarios, offering a direct way to comprehend how the model might react
to different inputs [29].

A special case of post-hoc explanation in computer vision are anomaly heatmaps. These were
developed for unsupervised computer vision Al algorithms, i.e., algorithms that do not require
a labeled dataset but rather aim at finding anomalies automatically [30, 31, 32].

A plethora of post-hoc explanation methods exists and often it is not obvious which method

to choose. Thus, different evaluation measures for post-hoc explanation methods have been



proposed [33]. These include fidelity, which measures how accurately the explanations reflect
the decisions of the underlying model [11, 34, 35, 36], and robustness, assessing stability under
small changes in the input [37]. Another measure is human-interpretability, which examines how
understandable the explanations are to humans [38]. But also application-grounded measures
have been proposed, where the evaluation metric is how humans perform in a certain task [39, 40].

In another stream of literature in computer science, tools that help Al engineers with design-
ing and training AI algorithms are developed. Especially, deep neural networks are difficult to
train and require a certain amount of experience. Therefore, visualization tools have emerged

that facilitate this task (e.g., see [41, 42, 43, 44]).

A.2 Explainable AI in behavioral science

In behavioral science, different outcomes of human-AlI collaboration have been studied. Human
delegation of tasks and decisions to Al algorithms has been intensively studied recently [45, 46,
47, 48]. Specifically, it has been examined whether the use of explainable Al can increase the
likelihood of humans delegating decisions to AI algorithms [49].

Algorithm aversion refers to the phenomenon where humans are reluctant to use algorithms
[50, 51, 52, 53, 54, 55, 56, 57, 58, 59, 60, 61, 62]. To overcome human aversion towards Al
algorithms, it has been hypothesized that providing an explanation of an AI’s decision may be
beneficial. This has been tested with mixed findings [63, 64]. Missing trust in an AI’s decision
can lead to algorithm aversion [65]. Therefore, previous studies investigated whether explainable
AT can increase trust in Al algorithms [66, 67, 68, 69, 70, 71, 72, 73, 74, 75, 76, 77].

A contrary phenomenon to algorithm aversion is overreliance [78,; 79], where humans place
too much trust in AI algorithms, potentially overlooking or ignoring their limitations. Previous
research has found mixed results on whether explainability of Al leads to decreased overreliance
[80, 79, 81].

However, for a good task performance, it is crucial that humans only adhere to correct Al
predictions and overrule wrong ones, which is also referred to as appropriate reliance [82]. The
effect of explainable AI on task performance has been studied previously. In the majority of
studies, however, non-experts (e.g., via Amazon Mechanical Turk or university students) were
recruited and those oftentimes performed simplified, non-realistic, or even non-relevant tasks (see,

e.g., [83, 84, 85, 86, 87, 88, 89, 90, 91, 71, 92, 93, 94, 95, 96, 97, 80, 78, 98, 81, 99, 100, 101]).



It has been hypothesized that non-experts can not fully harness explanations due to a lack of
domain knowledge [81]. Thus, an empirical evaluation of the effect of explainable AT on task
performance in real job tasks, requires actual domain experts of those tasks [33].

Previous studies that recruited domain experts to perform real-job tasks have other draw-
backs. For example, prior work has compared the effect of explainable Al against humans alone
[102, 103]. Others have used expert annotations as a proxy for explainable AI [104] or re-
search designs that prevent isolating the treatment effect of explainable AI on task performance

[39, 105, 77]. Finally, also other outcomes have been studied such as trust, confidence, and

perceived usefulness [106, 107], while, as our novelty, we add by focusing on task performance

with domain experts.

Table S1: Overview of key literature on explainable Al.
Domain Concept Research summary Dependent References (examples)
variable
Computer New explana- Derivations of new meth- n/a 6,7,8,9,11, 12,15, 21, 22, 23,
science tion methods ods where the focus is on 24, 25, 26, 14, 27, 28, 29, 30, 31]
mathematical / algorith-
mic contributions
Benchmarking Proposing new methods or n/a [34, 35, 36, 37, 38, 39, 40]
methods/ datasets to benchmark the
datasets performance of explainable
Al
New visualiza- Visualization tools that fa- n/a [41, 42, 43, 44]
tion tools cilitate the development of
complex machine learning
models
Behavioral Delegation be- Humans avoid delegation Delegation [45, 46, 47, 48, 49]
science tween humans to algorithms frequency
and Al
Algorithm Humans reject advice from  Adherence [50, 51, 52, 53, 54, 55, 56, 57,
aversion algorithm 58, 59, 60, 61, 63, 62, 64]
Trust in AI Humans do not trust Al al- Trust [66, 67, 68, 69, 70, 71, 72, 73,
gorithms 74, 75, 76, T7]
Overreliance Humans follow advice from  Overreliance [80, 79, 81]
on Al algorithms blindly
Task per- Comparison of black-box Task per- [83, 84, 85, 86, 87, 88, 89, 90,
formance in Al vs explainable AI for formance 91, 71, 92, 93, 94, 95, 96, 97,
response to task performance using 80, 78, 98, 81, 99, 100, 102, 103,
explainable Al unrealistic  tasks, non- 104, 39, 105, 77, 101]
experts, or non-causal
research designs
Real-world job tasks with Task per- ours
domain experts for esti- formance

mating treatment effects of
explainable AI vs black-
box Al




Supplement B Research setting

B.1 Manufacturing setting

Poor quality generates 10% to 15% of the operating expenses in manufacturing.! Identifying
defective products before they move downstream in the value chain is essential to maintain a
high operational performance. For this purpose, manufacturers conduct visual quality inspec-
tions to assess whether products have defects (e.g., assembly errors or surface damages) [30]. In
manufacturing operations, many quality inspections are still conducted manually, which is often
a tedious, tiring, and error-prone task. AI offers promising opportunities to overcome these
drawbacks by supporting factory workers in automatically detecting quality defects before prod-
ucts are sold to customers. Specifically, Al can assist workers in detecting the location and type
of error so rework can be conducted more effectively and efficiently. Therefore, Al algorithms
enable factory workers to be more productive by focusing on their key value-creating work tasks.

Our research was carried out at Siemens Smart Infrastructure in Zug, Switzerland. To test
our hypotheses, the company provided us with real-world product images (each with 1920 x 1080
pixels) from their factory. The images comprise four different types of electronic products, all of
which are printed circuit boards. Figure S1 shows example images of the four types of electronic
products that were inspected during the experiment. Figure S2 shows three examples of quality
defects, which include products with wrong components, products with assembly errors, and
products with faulty components.

Overall, we received two datasets. The first dataset comprised 200 images, including 43
correct products and 7 defective products for each of the four product types. All experiments
(and thus the empirical results in the main analysis) are based on the first dataset. The second
dataset comprised 200 additional faultless images (50 for each of the four product types). These
images were used to train the Al algorithm that was used to compute the quality scores in the

experiment (see Supplement C).

L American Society for Quality. Cost of Quality (COQ). URL: https://asq.org/quality-resources/cost-of-
quality, last accessed on November 18, 2024.
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Figure S1: Four types of electronic products (printed circuit boards). (A-D) Exem-
plary images of faultless products that were inspected during the experiment.
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Figure S2: Examples of quality defects. (A) Example of a defective product with wrong
components. (B) Example of a defective product with a component assembled in the wrong
orientation. (C) Example of a defective product with a faulty component.
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B.2 Medical setting

Chest radiography (capturing X-ray images) is a widely performed diagnostic imaging test across
the world and plays a crucial role in the screening, diagnosis, and management of numerous
diseases that pose a threat to life [108]. One of such diseases are lung lesions, which include
lung nodules and masses in our experiment. Lung nodules are common and are encountered on
roughly one out of 500 chest X-ray images [109].

Overlooking a lung lesion on a chest X-ray can have serious, potentially life-threatening con-
sequences for patients. The failure to detect a lesion at an early stage can lead to a delay in
diagnosis and treatment, allowing diseases to progress to more advanced stages. This can sig-
nificantly worsen the prognosis for conditions such as lung cancer, tuberculosis, and pneumonia,
where early intervention can often lead to better outcomes. Beyond the immediate health risks,
there are also implications for patient care, including increased medical costs due to more com-
plex and prolonged treatment that may become necessary as a disease progresses. However,
subtle lung lesions can be easily overlooked even without any constraints on how long radiolo-
gists are allowed to inspect the chest X-ray image [110]. Given these reasons, identifying lung
lesions on chest X-ray images is an important, non-trivial task in daily, medical care. To that
end, giving physicians a decision aid for this task is crucial.

Example chest X-ray images including the corresponding heatmaps are provided in Figure S3.

12
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Figure S3: Example chest X-ray images with corresponding heatmaps. (A) Chest
X-ray image without lung lesions. (B) Heatmap overlaid over the chest X-ray image from
A. (C) Chest X-ray image with a lung lesion annotated in red by an experienced radiologist.
(D) Heatmap overlaid over the chest X-ray image from C.
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Supplement C Implementation of AI algorithm

C.1 Manufacturing setting

As part of this research, we implemented an Al algorithm that provided the predictions (i.e.,
quality scores) that were shown to the participants during the manufacturing experiment. Our
AT algorithm builds upon unsupervised anomaly detection [111] and, as such, follows common
standards in industry for visually analyzing the quality of product images [30, 112]. Algorithms
based on unsupervised anomaly detection are particularly suitable for industrial settings because
they only require a set of faultless product images to be trained. Therefore, there is no need to
specify defect types beforehand, which also allows identifying quality defects that have never been
observed before. This is reflected in anomaly detection where product images with sufficiently
large deviations from “normal” products are labeled as defective.

AT algorithm. In our case, the Al algorithm performs unsupervised anomaly detection as
follows [111]. First, we are given an existing training set 7' with images of faultless products.
Upon deployment, an out-of-sample product image x is subject to assessment; that is, whether
it is similar to any of the images ¢ € T" and thus likely faultless or whether it is highly dissimilar
and thus likely defective. Here, anomaly detection compares the similarity (with regard to some
similarity function d) between the new image = and the existing images ¢t € T. For each, a
similarity d(z,t), for all t € T is computed. If the similarity d falls below a certain threshold 6*,
an image is labeled as defective.

AT predictions. The similarity of product images is computed by following best practice in
computer vision. As such, we refrain from simply computing the L2-norm (or some other norm)
between x and t. The reason is that such distance would give equal weight to all pixels and cannot
properly account for the semantic similarity in images. Rather, we follow established practice
and compute the similarity via the so-called structural similarity index [113]. The structural
similarity index is a standard computer vision method for quantifying the similarity of images
between 0 (i.e., no similarity at all) and 1 (i.e., perfect similarity). Product images with a low
structural similarity indicate an increased probability of a quality defect because they are less
similar to the training data (i.e., images of faultless products). For details on the computation of

the structural similarity index, we refer to [113]. Eventually, we scaled the structural similarity
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index of all images between 0 and 100 and rounded the values to the nearest integer to enhance
readability. The resulting similarity measure corresponds to the quality scores that were shown
to the participants in the experiment.

Prediction performance. We evaluated the out-of-sample prediction accuracy of the AT al-
gorithm as follows. In a first step, we mapped the quality scores onto a binary faultless/defective
label. For this, we introduced a quality score of 6* = 90 as a cutoff (i.e., predicting that a prod-
uct is defective if the quality score is below 90 and faultless otherwise). We then compared the
predictions of the algorithm against the ground-truth quality labels provided by Siemens. Ta-
ble S2 gives the confusion matrix for the 200 out-of-sample images used in the experiment. We
measure the prediction performance via the balanced accuracy (i.e., average sensitivity across
faultless and defective products). We choose the balanced accuracy as our main performance
metric because it accounts for the unbalanced distribution between faultless and defective prod-
ucts (i.e., 172 products are faultless and 28 products are defective). The standalone AT algorithm
achieves a balanced accuracy of 95.6% (i.e., 0.5 x [169/172 4 26/28]). Additionally, we evaluated
the defect detection rate (true negative rate) of the AT algorithm, i.e., how many of the defective
products were identified as such. The defect detection rate of the standalone Al algorithm was

92.9% (26/28).

Table S2: Confusion matrix comparing Al predictions with ground-truth labels in
the manufacturing setting

Predicted label

:g Faultless  Defective
'§ Faultless 169 3
:: Defective 2 26

Explainable AI. We extended the above AI algorithm to produce explanations for each
prediction as follows. We followed other research in computer vision that generates so-called
“anomaly heatmaps” [30]. Anomaly heatmaps visualize in what area of an image a quality
defect is predicted to be. Formally, in an anomaly heatmap, each pixel z; is associated with a
score measuring the likelihood of a defect at that location. Pixels that receive a bright color
(yellow, orange, red, etc.) correspond to “anomalous” regions because they have a large distance

to the training data (i.e., the pixel is dissimilar to the one in a faultless product). In contrast,
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pixels that are colored in blue have a small distance to the training data and should thus be
considered as “normal.” For better usability, we overlay the anomaly heatmap over the actual
product image (with partially transparent colors). Examples of two anomaly heatmaps are shown
in Figure S4. In the experiment, the heatmaps were shown to the participants in the explainable

Al treatment arm as an additional decision aid.

A

Figure S4: Anomaly heatmaps for AI predictions. (A) Example anomaly heatmap for a
faultless product. (B) Example anomaly heatmap for a defective product.

C.2 Medical setting

AT algorithm. We used an already trained DenseNet121 from [36]. DenseNet121 is a convolu-
tional neural network that is part of the DenseNet family, known for its dense connectivity pattern
where each layer is connected to every other layer in a feed-forward fashion [114]. The “121” in
DenseNet121 stands for the total number of layers in the network, including convolutional layers,
pooling layers, and fully connected layers, summing up to 121. The DenseNet121 was set up as a
multi-label classifier, which takes a chest X-ray image as input and outputs probabilities for the

following 10 labels: airspace opacity, atelectasis, cardiomegaly, consolidation, edema, enlarged
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cardiomediastinum, lung lesion, pleural effusion, pneumothorax, and support devices. It was
trained on 224,316 chest X-ray images from 65,240 patients.

Al predictions. The probabilities returned by the DenseNet121 were mapped onto binary
yes/no labels by finding the probability threshold that maximized the balanced accuracy on a
validation set of chest X-ray images, which were not used during training. In order to have a score
identical to the quality score from the manufacturing setting, where a smaller score indicates
a greater likelihood of showing a defect and with a cutoff of 90 that divides the quality scores
into defective and faultless, the following transformations were performed: (i) the probabilities
were inverted, (ii) the threshold that divides the two classes was set to 90, (iii) the inverted
probabilities larger than that threshold were rescaled using min-max scaling on a scale from
90 to 100, and (iv) the inverted probabilities smaller than that threshold were rescaled using
min-max scaling on a scale from 0 to 90.

Prediction performance. As in the manufacturing setting, we evaluate performance of
the AT algorithm on the 50 chest X-ray images by calculating the balanced accuracy and the
disease detection rate. Those 50 images were neither used for training nor for finding the class
dividing threshold. The standalone AI algorithm achieved a balanced accuracy of 82.2% (i.e.,
0.5 x [40/43+5/7]) and a disease detection rate of 71.4% (i.e., 5/7). Additionally, the confusion

matrix for the 50 images is shown in Table S3.

Table S3: Confusion matrix comparing Al predictions with ground-truth labels in
the medical setting

Predicted label

Eé’ No lung lesion At least one lung lesion
g No lung lesion 40 3

-~

:n) At least one lung lesion 2 5

Explainable AI. As explanation technique for the above AI algorithm, we used GradCAM
[14]. GradCAM outputs heatmaps similar to the anomaly heatmaps from the manufacturing
setting and showed state-of-the-art localization performance on chest X-ray images across a
variety of diagnoses [36]. Analogous to the manufacturing setting, pixels with bright colors
(yvellow, orange, red, etc.) correspond to regions that were most relevant for predicting lung

lesions, whereas blue pixels were least relevant. To increase usability, heatmaps were overlaid
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over the raw chest X-ray images with partially transparent colors. Examples of two heatmaps
next to the original chest X-ray images are shown in Figure S3. Heatmaps were only provided

to radiologists in the explainable Al treatment arm.
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Supplement D Experimental interface

D.1 Manufacturing setting

The experiment was carried out via a computer interface that was analogously designed to the
real-world quality inspection setup at Siemens. The experiment comprises the following steps:
(1) the study description and study consent, (2) a tutorial on how to use the application, (3) the
visual inspection task involving 200 images, (4) a post-experimental questionnaire.

Depending on the randomly assigned treatment, different versions of the quality inspection
interface were shown to participants (Figure S5). Similar to the real-world setting at Siemens,
all participants had access to a reference image, which showed a faultless product. The partic-
ipants were asked to evaluate each of the 200 images individually and to make an “approve”
(faultless product) or “reject” (defective product) decision by clicking the respective buttons.
This represents the quality assessments that we use for all analyses. The participants were al-
lowed to change their quality assessment before submitting their decision and proceeding to the
next image. Once a decision was submitted, participants could no longer return to the previous
image. Overall, the participants were given 35 minutes to solve the task, which corresponds to
realistic field conditions. The remaining time was always shown on the top of the interface.

We tracked several metrics during the experiment. In the tutorial, we tracked whether par-
ticipants were following the steps correctly and screened out those that did not complete the
tutorial successfully. During the visual inspection task, we tracked the final quality assessment
(i-e., faultless or defective) and the decision speed of the users. In the post-experimental ques-
tionnaire, we saved the answers to individual questions. The aggregated user data were stored

in a database and later converted into a comma-separated values (CSV) file.
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Figure S5: Different interfaces depending on treatment arm. (A) The interface for the
black-box AI. (B) The interface for the explainble Al. (C) The interface for the human without
AT treatment. (D) The interface for the post-experimental questionnaire.

D.2 Medical setting

The experiment was conducted via Qualtrics. The experiment was divided in the following steps:
(1) physician confirmation and study consent, (2) a tutorial on how to perform the experiment,
(3) the visual inspection task consisting of 50 chest X-ray images, and (4) a post-experimental
questionnaire.

A different version of the chest X-ray inspection interface was shown to radiologists depending
on the randomly assigned treatment (Figure S6). For both treatment arms, the chest X-ray image
to inspect was shown on the left. To the right of it, an enlarged view was shown, which could
be altered by moving the mouse over the chest X-ray image. Radiologists in the treatment arm
with explainable AI additionally received a heatmap, which was displayed right of the enlarged
view. The radiologists were asked to inspect 50 chest X-ray images and to answer the question
“Is at least one lung lesion visible in the chest X-ray image below?” with either “YES” or “NO”
for each image. The radiologists were allowed to change their assessment before submitting their
decision (clicking the blue arrow button to proceed to the next page). Each chest X-ray image

was shown on a separate page and radiologists were not allowed to go back to a previous image
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once a decision was submitted. The radiologists had 35 minutes to complete the task and the
remaining time was always shown on the top-left of the page.

Several metrics were recorded during the experiment: In the tutorial, we tracked whether ra-
diologists understood how to perform the task. In the visual inspection task, the final assessment
for each image as well as the corresponding decision speed were recorded. In the post-hoc ques-
tionnaire, we saved the answers to the individual questions. The data was stored on Qualtrics

and exported as a CSV file.

A

Progress: 0 tasks completed, 50 remaining

Is at least one lung lesion visible in the chest X-ray image below?

(@RS

O no

Al score: 35/100

Progress: 0 tasks completed, 50 remaining

Is at least one lung lesion visible in the chest X-ray image below?

O Yes

O o

Al score: 35/100

Figure S6: Different interfaces depending on treatment arm. (A) The interface for the
black-box Al (B) The interface for the explainble Al
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Supplement E Randomization checks

E.1 Study 1: Manufacturing experiment

We performed randomization checks to confirm that the distribution of workers in the two treat-
ment arms of the manufacturing experiment was unbiased. The following demographic variables
were collected: age bracket [<20, 20-30, 30-40, 40-50, 50-60, 60-70, >70], gender [male, fe-
male, not listed], and highest level of education [ISCED1, ISCED2, ISCED3, ISCED4, ISCED5,
ISCED6, ISCEDT].2 We further collected the participant-specific tenure at Siemens measured in
years since start of employment. Table S4 reports the observed frequencies and the mean tenure
(with standard deviation in parentheses) for both treatment arms. The randomization checks
for age, gender, and education are based on X2-tests of independence. The randomization check
for tenure is based on a two-sided Welch’s t-test. The results suggest no statistically significant

differences between the participants in the two treatment arms.

Table S4: Randomization checks for manufacturing experiment

Human with Human with P-value
black-box AI explainable AI
Age 0|1|7|8]4]2]0 0]1|3|9]12|1|0 0.223
Gender 16|60 17190 0.815
Education 019]4]2]3|3]|1 0/14]2|3]3|3]|1 0.897
Tenure 11.91 (8.83) 15.38 (10.42) 0.217
Observations 22 26 -

Notes: The table reports the frequency of participants that fall in the specific subgroups of age, gender,
and education (separated by vertical bars) and the average tenure per treatment arm (standard deviation in
parentheses). The P-values for the randomization checks are computed based on X2-tests of independence (age,

gender, education) and a two-sided Welch’s t-test (tenure).

E.2 Study 2: Medical experiment

We performed a randomization check to confirm that the distribution of radiologists with respect
to tenure in the two treatment arms of the medical experiment was unbiased. The randomization
check is based on a two-sided Welch’s t-test. The result suggests no statistically significant

differences between the radiologists in the two treatment arms.

2UNESCO. International Standard Classification of Education (ISCED,). URL:
http://uis.unesco.org/en/topic/international-standard-classification-education-isced, last accessed on November
18, 2024.
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Table S5: Randomization

checks for medical experiment

Human with
black-box AI

Human with P-value

explainable AI

Tenure 11.89 (8.96)

15.4 (11.71) 0.08

Observations 61

52 -

Notes: The table reports the average tenure per treatment arm (standard deviation in parentheses). The P-value

is computed based on a two-sided Welch’s t-test.
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Supplement F Robustness of the heatmap

We applied two additional algorithms to generate the heatmaps in the medical setting in order
to show that different algorithms lead to similar heatmaps. In particular, we compared our
heatmaps generated by GradCAM to heatmaps generated by DeepLIFT and LRP (for an in-
troduction to these two methods see Supplement A) [25, 23]. Figure S7 shows the heatmaps
generated by the three distinct algorithms for the eight chest X-ray images, where the Al algo-
rithm predicted that lung lesions are visible.

Additionally, we calculated Pearson correlation coefficients between the heatmaps generated

by different algorithms to quantify whether they highlight similar regions. The Pearson correla-

cov(zi,x;)

tion coefficient is calculated via r = ———=2il
Var(z;) Var(x;)

, where z; and z; denote the flattened array
of heatmaps generated by algorithm i and j. The average Pearson correlation coefficient between
GradCAM and DeepLIFT is r = 0.92, and the average Pearson correlation coefficient between
GradCAM and LRP is r = 0.63. The exact Pearson correlation coefficient for each heatmap
pair is reported in Figure S7. The Pearson correlation coefficient was statistically significant for
each pair of heatmaps (P < 0.001). In general, we observe that all three algorithms produce

similar heatmaps. The heatmaps we used in our medical setting (generated by GradCAM) are

more similar to the heatmaps generated by DeepLIFT than to those generated by LRP.
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GradCAM DeepLIFT LRP
r=0.93

Figure S7: Heatmaps generated by three different algorithms. The left column shows
the heatmaps generated by GradCAM (the algorithm we used for our medical experiment).
The middle columns shows the heatmaps generated by DeepLIFT. The right column shows the
heatmaps generated by LRP. r denotes the Pearson correlation coefficient between the heatmaps
generated by GradCAM (the algorithm we used) and DeepLIFT /LRP, respectively.
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Supplement G Results with precision as task performance
metric

In addition to the balanced accuracy and defect detection rate, we also report precision as a
metric for task performance of the participants in combination with the defect/disease detec-
tion rate. Formally, precision is computed via TN /PN with true negatives TN and predicted
negatives PN. We again compare the effect of augmenting humans with explainable AI versus
black-box AI. Figure S8 reports the results for the manufacturing experiment (Study 1) and

Figure S9 for the medical experiment (Study 2)
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Figure S8: Results of manufacturing experiment. The boxplots compare the task perfor-
mance between the two treatments: black-box Al and explainable AI. The task performance is
measured by the defect detection rate (A) and the precision (B) based on the quality assessment
of workers and the ground-truth labels of the product images. The standalone AT algorithm at-
tains a defect detection rate of 92.9% and a precision of 89.7% (orange dashed lines). Statistical
significance is based on a one-sided Welch’s t-test (***P <0.001, P <0.01,"P < 0.05). In the
boxplots, the center line denotes the median; box limits are upper and lower quartiles; whiskers
are defined as the 1.5x interquartile range.
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Figure S9: Results of medical experiment. The boxplots compare the task performance
between the two treatments: black-box AI and explainable AI. The task performance is mea-
sured by the disease detection rate (A) and the precision (B) based on the quality assessment of
radiologists and the ground-truth labels of the chest X-ray images. The standalone Al algorithm
attains a disease detection rate of 71.4% and a precision of 62.5% (orange dashed lines). Statis-
tical significance is based on a one-sided Welch’s t-test (***P <0.001, P < 0.01, "P < 0.05).
In the boxplots, the center line denotes the median; box limits are upper and lower quartiles;
whiskers are defined as the 1.5x interquartile range.
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Supplement H Regression models

This section reports various regression models estimating the treatment effect of augmenting

humans with explainable AI. The models are estimated via
Yi = Bo + B Treatment; + B2 X; + €i, (1)

where Y; is the observed task performance (i.e., balanced accuracy or defect/disease detection
rate), Treatment; is a binary variable which equals 0 if participant i received the black-box Al
treatment and 1 if participant ¢ received the explainable Al treatment, and X; is the vector
of participant-specific control variables. The above regression is estimated via ordinary least
squares (OLS).

We acknowledge that the balanced accuracy is only defined between 0 and 100. Because
OLS regression models could return values below 0 and above 100, we additionally estimate
quasi-binomial regression models with a logit link function. For this, we set the scale parameter

of the regression models to the Pearson X2-statistic divided by the residual degrees of freedom.

H.1 Study 1: Manufacturing experiment

Table S6 reports three OLS regression models estimating the treatment effect with different
control variables. Model (1) estimates the treatment effect for explainable AT with demographic
controls (age, gender, and highest level of education) and the tenure at Siemens measured in
years from start of employment. Model (2) estimates the treatment effect for explainable Al
with demographic controls, tenure, and self-reported IT skills (ranging from 1: “novice” to
5: “expert”). Model (3) estimates the treatment effect for explainable Al with demographic
controls, tenure, self-reported IT skills, and the decision speed (median across the 200 images).
All three models return a significant treatment effect for both metrics (balanced accuracy and

defect detection rate) as dependent variables.
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Table S6: OLS regression results for treatment effect (manufacturing experiment)

Balanced accuracy Defect detection rate

Model (1) Model (2) Model (3) Model (1) Model (2) Model (3)

Treatment 8.131%** 7.513%** 7.508%* 11.783** 10.914** 10.888**
(explainable AT) (2.087) (2.098) (2.117) (3.732) (3.790) (3.717)
Demographics Yes Yes Yes Yes Yes Yes
Tenure Yes Yes Yes Yes Yes Yes
IT skills No Yes Yes No Yes Yes
Decision speed No No Yes No No Yes
Observations 48 48 48 48 48 48

Notes: The table reports three OLS regression models with different sets of control variables and two different
metrics as dependent variables. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: P <0.001, P < 0.01, "P < 0.05.

Table S7 reports three quasi-binomial regression models estimating the treatment effect with
the same control variables as before. Again, all three models return a significant treatment effect

for both metrics as dependent variables.

Table S7: Quasi-binomial regression results for treatment effect (manufacturing
experiment)

Balanced accuracy Defect detection rate

Model (1) Model (2) Model (3) Model (1) Model (2) Model (3)

Treatment 1.295%** 1.175%* 1.184*** 1.157** 1.060** 1.089**
(explainable AI) (0.340) (0.358) (0.357) (0.369) (0.386) (0.375)
Demographics Yes Yes Yes Yes Yes Yes
Tenure Yes Yes Yes Yes Yes Yes
IT skills No Yes Yes No Yes Yes
Decision speed No No Yes No No Yes
Observations 48 48 48 48 48 48

Notes: The table reports three quasi-binomial regression models with different sets of control variables and two
different metrics as dependent variables. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: “**P < 0.001, " P < 0.01, "P < 0.05.

H.2 Study 2: Medical experiment

Table S8 reports three OLS regression models estimating the treatment effect with different
control variables. Model (1) estimates the treatment effect for explainable AT with tenure mea-
sured in years as a control variable. Model (2) estimates the treatment effect for explainable AT
with tenure and self-reported IT skills (ranging from 1: “novice” to 5: “expert”). Model (3)

estimates the treatment effect for explainable AI with tenure, self-reported IT skills, and the
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decision speed (median across the 50 images). All three models return a significant treatment

effect for balanced accuracy as a dependent variable.

Table S8: OLS regression results for treatment effect (medical experiment)

Balanced accuracy Defect detection rate

Model (1) Model (2) Model (3) Model (1) Model (2) Model (3)

Treatment 4.637* 4.452* 4.473* 0.129 0.304 0.645
(explainable AI) (1.834) (1.853) (1.863) (2.286) (2.312) (2.215)
Tenure Yes Yes Yes Yes Yes Yes
IT skills No Yes Yes No Yes Yes
Decision speed No No Yes No No Yes
Observations 113 113 113 113 113 113

Notes: The table reports three OLS regression models with different sets of control variables and two different
metrics as dependent variables. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: " P < 0.001, **P < 0.01, *P < 0.05.

Table S9 reports three quasi-binomial regression models estimating the treatment effect with
the same control variables as before. Again, all three models return a significant treatment effect

for balanced accuracy as dependent variable.

Table S9: Quasi-binomial regression results for treatment effect (medical experi-
ment)

Balanced accuracy Defect detection rate

Model (1) Model (2) Model (3) Model (1) Model (2) Model (3)

Treatment 0.308%* 0.296%* 0.297* 0.015 0.035 0.073
(explainable ATI) (0.120) (0.121) (0.122) (0.264) (0.268) (0.259)
Tenure Yes Yes Yes Yes Yes Yes
IT skills No Yes Yes No Yes Yes
Decision speed No No Yes No No Yes
Observations 113 113 113 113 113 113

Notes: The table reports three quasi-binomial regression models with different sets of control variables and two
different metrics as dependent variables. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: “**P < 0.001, **P < 0.01, "P < 0.05.
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Supplement I Analysis with excluded participants

In our data analyses, we followed our preregistration and excluded participants who did not finish
the task in time or participants with obvious misbehavior. Specifically, six and two participants
were excluded from Study 1 and Study 2, respectively, because they did not finish the task
in time. Further, in Study 1, we excluded participants who did not label a single product as
defective (which corresponds to one participant) and in Study 2, radiologists were excluded if
they assigned only one label to all chest X-ray images (which corresponds to 1 radiologist).
Further, participants whose performance was more than three standard deviations worse than
the mean of their respective treatment arm were excluded (which corresponds to one worker
in Study 1 and two radiologists in Study 2). This section repeats the OLS regression from
the main paper (without control variables) with participants who were excluded due to obvious

misbehavior. Overall, we arrive at consistent findings.

Table S10: Excluded participants across treatment arms

Study 1: Manufacturing Study 2: Medical

Black-box Al Explainable AI Black-box AI Explainable AT

Time-out 5 1 0 2
No defective 1 0 - -
Single label - - 1 0
Worse than 3o 0 1 1

I.1 Study 1: Manufacturing experiment

Table S11 reports the OLS regression model estimating the treatment effect for all different
combinations of exclusion criteria. As in our main analysis, the effect of explainable AT is
statistically significant for both metrics, balanced accuracy and defect detection rate. The only
exception is for the defect detection rate when workers that timed-out and did not label a single
product as defective were excluded while including those that were worse than three standard

deviations than the mean.
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Table S11: OLS regression results with excluded participants (manufacturing ex-

periment)
Excluded: Observations Balanced Defect detection
accuracy rate
Time-out No defective Worse than 3o
X X X 56 8.143** (2.754) 11.590* (4.965)
v X X 50 7.944% (3.016) 12.192% (5.472)
X v X 55 6.769** (2.432) 8.651% (4.077)
X X v 54 8.120%** (2.042) 10.961** (3.391)
v v X 49 6.253* (2.642) 8.628 (4.477)
v X v 48 7.653%* (2.178) 11.014** (3.680)
X v v 54 8.120*** (2.042) 10.961%* (3.391)

Notes: The table reports the OLS regression model with two different metrics as dependent variables for all
combinations of exclusion criteria. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: ***P < 0.001, " P < 0.01, *P < 0.05.

1.2 Study 2: Medical experiment

Table S12 reports the OLS regression model estimating the treatment effect for all different
combinations of exclusion criteria. As in our main analysis, the effect of explainable Al is
statistically significant for balanced accuracy, irrespective of the exclusion criteria. Only when
radiologists that assigned one label to all chest X-ray images are excluded the treatment effect for
balanced accuracy was not statistically significant. For the disease detection rate, the treatment
effect was not statistically significant in the main analysis. This did not change when different

exclusion criteria are considered.

Table S12: OLS regression results with excluded participants (medical experiment)

Excluded: Observations Balanced Disease
accuracy detection rate
Time-out Single label Worse than 3o
X X X 118 4.418* (2.067) -0.282 (2.337)
v X X 116 5.266** (1.996) 0.543 (2.274)
X v X 117 3.967 (2.026) -0.121 (2.349)
X X v 115 4.988%* (1.846) -0.256 (2.212)
v v X 115 4.815% (1.950) 0.704 (2.286)
v X v 114 5.162%* (1.857) -0.168 (2.232)
X v v 114 4.520% (1.790) -0.102 (2.224)

Notes: The table reports the OLS regression model with two different metrics as dependent variables for all
combinations of exclusion criteria. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: “**P < 0.001, **P < 0.01, "P < 0.05.
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Supplement J Experiment with non-experts

To extend our findings to non-experts, we conducted a third experiment with participants re-
cruited via Amazon MTurk to perform the visual inspection task in the manufacturing setting.
We chose the manufacturing task for this because, in principle, non-experts could compare elec-
tronic products against a reference image (a faultless product looks always identical). For chest
X-ray images, this is hardly possible since these can look very different across different healthy
patients. We followed common practice by only admitting MTurk workers with an approval rat-
ing above 95% [115]. We prevented double participation by tracking the IP of participants. The
participants received a base compensation ($5) and had the opportunity to earn a performance-
dependent bonus proportional to the correctly labeled quality defects ($3). Participants were
randomly assigned to one of the following three treatments: (a) human with black-box AI,
(b) human with explainable AI, and (c) human without Al. Following the preregistration, we
aimed to include approximately 600 participants excluding dropouts. We thus recruited 861
participants (U.S. residents) who started the study between July 19 and July 21, 2021. Out of
them, 117 participants did not complete the study; 152 failed the tutorial; 92 did not finish on
time; and 70 participants were excluded due to obvious misbehavior. The final sample consisted
of 430 participants, out of which 288 were assigned to treatment arms (a) or (b), performing
N = 57,600 assessments of electronic products.

We found that participants supported by explainable Al reached a higher task performance
than the participants supported by black-box AT across both metrics (Figure S10). Participants
with black-box Al treatment only achieved a balanced accuracy with a mean of 81.4%, whereas
participants with explainable Al treatment achieved a balanced accuracy with a mean of 87.6%.
We then estimated the overall treatment effect on the task performance by regressing the bal-
anced accuracy on the treatment (black-box AT = 0, explainable AT = 1). The regression results
suggest that the treatment effect of explainable Al is statistically significant and large (8 = 6.252,
SE =1.733, t = 3.608, P < 0.001, 95% CI = [2.841,9.664]); that is, an improvement of 6.3 per-
centage points. Accordingly, participants equipped with explainable Al achieved a higher defect
detection rate with mean of 77.7% compared to participants with black-box AI with a mean of
66.4%. Again, the regression results showed a large and statistically significant treatment effect

of explainable Al (8 = 11.271, SE = 3.276, t = 3.440, P = 0.001, 95% CI = [4.822,17.720]).
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The regression results remain statistically significant for both metrics when including relevant
control variables (demographics, self-reported IT skills, and decision speed) in the regression
model (Supplement J.3).

We additionally compared how humans without AI support performed relative to humans
with black-box Al or explainable Al. For this, we further recruited 142 participants and assigned
them to a third treatment: human without AI. Here, participants only got images of the to-
be-inspected products and the corresponding reference images of faultless products, but not
the Al-based quality scores or the heatmaps. We found that participants without AI support
only achieved a balanced accuracy with a mean of 72.4% (Figure S10) and were significantly
outperformed by participants with both black-box AI (¢ = 5.507, P < 0.001) and explainable
AT (t = 9.017, P < 0.001). Similar results were found for the defect detection rate, where
participants without AI achived a mean of 53.6% and were outperformed by participants with
both black-box Al (¢ = 5.202, P < 0.001) and explainable AI (¢t =8.733, P < 0.001).

We further explored whether the performance difference between the treatments (black-box
AT versus explainable AT) was associated with adherence to Al predictions. For this, we compared
how likely participants were to follow quality scores that were accurate (i.e., the AI prediction
for the inspected product was correct). The results suggest that participants with explainable
AT were more likely to adhere to accurate quality scores than participants with black-box Al
(mean = 92.9% for black-box AI, mean = 95.2% for explainable AI). Overall, participants sup-
ported by black-box Al were 47.9% more likely to erroneously overrule an Al prediction, despite
the prediction being accurate (t = 2.377, P = 0.009). We also analyzed whether participants
were able to identify and overrule Al predictions that were wrong. Here, we found that partic-
ipants supported by black-box AI only overruled 65.8% of the wrong Al predictions, whereas
participants supported by explainable Al overruled 79.1% of the wrong AI predictions. The
difference between both treatments is statistically significant (¢t = 4.563, P < 0.001). Evidently,
explainable AT gives a powerful decision aid: it made participants not only less averse to following

accurate Al predictions but also helped them overrule wrong Al predictions.
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Figure S10: Results of non-experts experiment. The boxplots compare the task per-
formance between humans without Al, with black-box AI, and with explainable AI. The task
performance is measured by the balanced accuracy (A) and the defect detection rate (B) based
on the quality assessment of participants and the ground-truth labels of the product images.
A balanced accuracy of 50% provides a naive baseline corresponding to a random guess (black
dotted line). The standalone AI algorithm attains a balanced accuracy of 95.6% and a defect
detection rate of 92.9% (orange dashed lines). Statistical significance is based on a one-sided
Welch'’s t-test (***P < 0.001, P < 0.01, "P < 0.05). In the boxplots, the center line denotes the
median; box limits are upper and lower quartiles; whiskers are defined as the 1.5x interquartile
range.

We also assessed whether participants with explainable AT invested more time for the visual
inspection task. For this, we compared participants’ median decision speeds across the 200
product images. No significant differences (f = 0.584, P = 0.280) between both treatments
(mean = 4.61s for black-box AI, mean = 4.50s for explainable AI) were observed. Hence,

explainable AI improved task performance, but not at the cost of decision speed.

J.1 Results with precision as task performance metric

In Figure S11, the results with precision as task performance metric are shown. We find that
non-experts augmented by explainable AI are more precise in identifying defective electronic

products in comparison to peers supported by black-box Al
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Figure S11: Results of non-expert experiment. The boxplots compare the task perfor-
mance between the two treatments: black-box Al and explainable Al. The task performance is
measured by the defect detection rate (A) and the precision (B) based on the quality assess-
ment of radiologists and the ground-truth labels of the chest X-ray images. The standalone
AT algorithm attains a defect detection rate of 92.9% and a precision of 89.7% (orange dashed
lines). Statistical significance is based on a one-sided Welch’s t-test (**P < 0.001, ~*P < 0.01,
P < 0.05). In the boxplots, the center line denotes the median; box limits are upper and lower
quartiles; whiskers are defined as the 1.5x interquartile range.

J.2 Randomization checks

We performed randomization checks to confirm that the distribution of participants in the three
treatment arms of the non-experts experiment was unbiased. The following demographic vari-
ables were collected: age bracket [<20, 20-30, 30-40, 40-50, 50-60, 60-70, >70], gender [male,
female, not listed], and highest level of education [no schooling, primary school, some high-school;
no degree, high school degree, Bachelor’s degree, Master’s degree, doctorate]. Table S13 reports
the observed frequencies in the three treatment arms. The randomization checks are based on
X2-tests of independence. The results suggest no statistically significant differences between the

participants in the three treatment arms.
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Table S13: Randomization checks for non-experts experiment

Human with Human with Human without P-value
black-box AI explainable AI Al
Age 0]39|58|36]16|1]|1 0]26|56]34|13|8|0 1146149]28|13|5|0 0.168
Gender 1041470 86|51|0 895310 0.443
Education 0/0]1]30]88]32|0 0|0]1]|24]91|21]0 0/0]2]16]90]34|0 0.278
Observations 151 137 142 —

Notes: The table reports the frequency of participants that fall in the specific subgroups of age, gender, and
education (separated by vertical bars). The P-values for the randomization checks are computed based on

X2-tests of independence.

J.3 Regression models

Table S14 reports three OLS regression models estimating the treatment effect with different
control variables. Model (1) estimates the treatment effect for explainable AI with demographic
controls (age, gender, and highest level of education). Model (2) estimates the treatment effect for
explainable AT with demographic controls and self-reported IT skills (ranging from 1: “novice”
to 5: “expert”). Model (3) estimates the treatment effect for explainable AI with demographic
controls, self-reported IT skills, and the decision speed (median across the 200 images). All
three models return a significant treatment effect for both metrics (balanced accuracy and defect

detection rate) as dependent variables.

Table S14: OLS regression results for treatment effect (non-experts experiment)

Balanced accuracy Defect detection rate

Model (1) Model (2) Model (3) Model (1) Model (2) Model (3)

Treatment 5.792%%* 5.832%** 5.570%* 10.435** 10.509%* 10.299%*
(explainable ATI) (1.729) (1.720) (1.707) (3.274) (3.258) (3.263)
Demographics Yes Yes Yes Yes Yes Yes
IT skills No Yes Yes No Yes Yes
Decision speed No No Yes No No Yes
Observations 288 288 288 288 288 288

Notes: The table reports three OLS regression models with different sets of control variables and two different
metrics as dependent variables. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: “**P < 0.001, **P < 0.01, "P < 0.05.

Table S15 reports three quasi-binomial regression models estimating the treatment effect with

the same control variables as before. Again, all three models return a significant treatment effect
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for both metrics as dependent variables.

Table S15: Quasi-binomial regression results for treatment effect (non-experts ex-
periment)

Balanced accuracy Defect detection rate

Model (1) Model (2) Model (3) Model (1) Model (2) Model (3)

Treatment 0.449%* 0.455%** 0.442%* 0.528%* 0.536** 0.528%*
(explainable ATI) (0.137) (0.136) (0.136) (0.168) (0.167) (0.168)
Demographics Yes Yes Yes Yes Yes Yes
IT skills No Yes Yes No Yes Yes
Decision speed No No Yes No No Yes
Observations 288 288 288 288 288 288

Notes: The table reports three quasi-binomial regression models with different sets of control variables and two
different metrics as dependent variables. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: “**P < 0.001, **P < 0.01, "P < 0.05.

J.4 Analysis with excluded participants

Table S16 reports the number of patients that were excluded according to the three different

criteria that we have preregistered.

Table S16: Excluded participants across treatment arms

Black-box Explain- Without
Al able Al Al
Time-out 26 31 35
No defective 21 21 27
Worse than 3o 0 1 0

Table S17 reports the OLS regression model estimating the treatment effect for all different
combinations of exclusion criteria. As in our main analysis, the effect of explainable Al is
statistically significant for both metrics, balanced accuracy and defect detection rate, irrespective

of the exclusion criteria.
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Table S17: OLS regression results with excluded participants (non-experts experi-

ment)
Excluded: Observations Balanced Defect detection
accuracy rate
Time-out No defective Worse than 3o

X X X 388 6.344*** (1.825) 11.539%* (3.548)
v X X 331 4.843* (1.990) 8.765% (3.902)
X v X 342 6.966*** (1.648) 12.652%** (3.023)
X X v 387 6.561*** (1.817) 11.788%** (3.549)
v v X 289 5.918%** (1.756) 10.863** (3.288)
v X v 330 5.102* (1.980) 9.054* (3.904)
X v v 341 7.238%%* (1.631) 12.988%** (3.014)

Notes: The table reports the OLS regression model with two different metrics as dependent variables for all

combinations of exclusion criteria. The standard errors of the treatment effect are reported in parentheses.
Statistical significance: “**P < 0.001, **P < 0.01, "P < 0.05.
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Supplement K Preregistered hypotheses

The following hypotheses were preregistered at https://osf.io/7djxb (Study 1) and https:
//osf.i0/69yqt (Study 2):

Hypothesis 1 (H1): Ezplainable AI improves the overall decision performance (measured
by the balanced accuracy and defect detection rate) compared to humans without Al (i.e.,

manual inspection) (a = 0.05).

Hypothesis 2 (H2): Ezplainable Al improves the overall decision performance (measured

by the balanced accuracy and defect detection rate) compared to black-box AI (aw = 0.05).

Hypothesis 3 (H3): Ezplainable Al reduces variation in decision performance (measured
by the variance in the balanced accuracy and defect detection rate) compared to black-box Al
(o = 0.05).

Hypothesis 4 (H4): Ezxplainable Al increases the trust in model decisions (measured by
the rate of correct model decisions that are not overruled by the user) compared to black-box
Al (a0 =0.05).

Table S18 summarizes the results from all three studies: (1) the manufacturing experiment
at Siemens, (2) the medical experiment, and (3) the manufacturing experiments with non-
experts from Amazon MTurk. We report the P-values for both the balanced accuracy and
defect detection rate for hypotheses H1, H2, and H3. The statistical testing for hypotheses H1,
H2, and H4 are based on one-sided Welch’s t-tests. The statistical testing for Hypothesis H3 is
based on Levene’s test for equality of variances. As specified in our preregistration, we refrained
from testing Hypothesis H1 in our manufacturing field experiment and our medical experiment.
The reason is that we wanted sufficient power in our main treatment arms of interest (i.e., black-
box Al versus explainable AI). All hypotheses except for Hypothesis H3 in the non-experts
experiment and Hypotheses H2 and H3 for the disease detection rate in the medical experiment
were confirmed at a significance level of & = 0.05. The latter can be expected since missing a lung
lesion has more serious consequences than erroneously believing a lung lesion is visible; thus,
leading to conservative decision-making of radiologists. Therefore, we additionally inspected
precision as a task performance metric. We find that radiologists augmented with explainable
AT were significantly more precise in identifying lung lesions compared to radiologists with black-

box Al (see Supplement G).
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Table S18: Comparison of results against preregistered hypotheses.

Study 1: Manufacturing Study 2: Medical Study 3: Non-experts
H1 (BACC) not part of preregistration not part of preregistration v (P < 0.001)
H1 (DDR) not part of preregistration not part of preregistration v (P <0.001)
H2 (BACC) v (P =0.001) v (P =0.004) v (P <0.001)
H2 (DDR) v (P =0.004) X (P = 0.498) v (P <0.001)
H3 (BACC) v (P =0.002) v (P =0.033) X (P =0.356)
H3 (DDR) v (P =0.023) X (P = 0.790) X (P =0.217)
H4 v/ (P =0011) v (P =0.001) v (P = 0.009)

Notes: The significance level was preregistered at o = 0.05 and the marks denote whether the corresponding
P-value was significant at this level. BACC refers to balanced accuracy and DDR to defect/disease detection rate.
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Supplement L. Post-experimental questionnaire

For post-hoc exploratory analyses, we asked participants to complete a questionnaire. The ques-
tions involved established constructs, such as self-reported task load [116], perceived usefulness
[117], perceived ease of use [117], and self-reported trust [118]. We further asked participants
about their previous experience and the perceived performance of the Al algorithm. In the man-
ufacturing experiment, the questions were translated to German. In the medical experiment, the
questions were adapted for the medical setting (for the exact wording, see our preregistration
https://osf.io/69yqt). Participants in the non-experts experiment were asked to answer the
questions from the viewpoint of a factory worker (“Imagine you work in a factory with a similar

job task as you just did.”). The results for all three studies are provided in Tables S19 to S23.

Table S19: Self-reported task load

Study 1: Manufacturing Study 2: Medical Study 3: Non-experts
Question Human Human with Human Human with Human Human with
with explainable with explainable with explainable
black-box Al black-box Al black-box Al
Al Al Al
How mentally demand- 3.41 (1.37) 3.54 (1.17) 3.80 (1.34) 3.73 (1.60) 4.72 (1.58) 4.87 (1.62)
ing was the task? (1
= very low, 7 = very
high)
How physically de- 3.09 (1.54) 2.85 (1.38) 2.18 (1.32) 2.52 (1.42) 4.09 (2.10) 3.95 (2.06)
manding was the task?
(1 = very low, 7 =
very high)
How hurried or rushed 3.59 (1.10) 3.92 (1.23) 2.76 (1.35) 3.16 (1.66) 4.56 (1.55) 4.44 (1.68)
was the pace of the
task? (1 = very low, 7
= very high)
How successful were 5.27 (0.94) 5.81 (0.85) 5.64 (1.09) 5.57 (0.93) 5.68 (1.08) 5.87 (1.02)
you in accomplishing
what you were asked to
do? (1 = very poor, 7
= very good)
How hard did you have 4.00 (1.35) 4.00 (0.94) 3.33 (1.28) 3.36 (1.30) 5.18 (1.38) 5.29 (1.46)
to work to accomplish
your level of perfor-
mance? (1 = very low,
7 = very high)
How insecure,  dis- 2.77 (1.31) 2.77 (1.58) 2.76 (1.28) 2.91 (1.43) 3.52 (1.98) 3.31 (1.95)

couraged, irritated,
stressed, and annoyed
were you? (1 = very

low, 7 = very high)

Notes: The table reports the average scores for the self-reported task load. Standard deviations are reported in parentheses.
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Table S20:

Perceived usefulness

Question

Study 1: Manufacturing

Study 2: Medical

Study 3: Non-experts

Human
with
black-box
Al

Human with

explainable

Al

Human
with
black-box
Al

Human with
explainable
Al

Human Human with
with explainable
black-box Al
Al

Using the Artificial In-
telligence System in
my job would enable
me to accomplish tasks
more quickly. (1 =
very unlikely, 7 = ex-
tremely likely)

4.95 (1.70)

5

.12 (1.37)

5.00 (1.40)

5.25 (1.06)

5.68 (1.02) 5.86 (1.08)

Using the Artificial
Intelligence System
would improve my
job performance. (1
= very unlikely, 7 =
extremely likely)

5

.23 (0.99)

5.04 (1.24)

5.09 (1.14)

5.68 (1.04) 5.98 (1.06)

Using the Artificial In-
telligence System in
my job would increase
my productivity. (1 =
very unlikely, 7 = ex-
tremely likely)

4.95 (1.43)

4

.96 (1.22)

5.04 (1.38)

5.39 (1.15)

5.71 (1.11) 5.98 (1.01)

Using the Artificial In-
telligence System in
my job would enhance
my effectiveness on the
job. (1 = very poor, 7
= very good)

5.05 (1.53)

4

.88 (1.14)

4.98 (1.34)

5.20 (1.25)

5.66 (1.12) 5.91 (0.97)

Using the Artificial
Intelligence System
would make it easier
to do my job. (1 =
very unlikely, 7 =
extremely likely)

wt
i
oo

(1.26)

5

.08 (1.32)

4.93 (1.45)

5.23 (1.08)

5.65 (1.23) 6.01 (1.00)

I would find the Arti-
ficial Intelligence Sys-
tem useful in my job.
(1 = very unlikely, 7 =
extremely likely)

5.27 (1.42)

5

.23 (1.24)

5.00 (1.41)

5.09 (1.22)

5.79 (1.09) 6.07 (1.04)

Notes: The table reports the average scores for the perceived usefulness of the AT algorithm.
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Table S21: Perceived ease of use

Study 1: Manufacturing Study 2: Medical Study 3: Non-experts

Question Human Human with Human Human with Human Human with
with explainable with explainable with explainable
black-box Al black-box Al black-box Al
Al Al Al

Learning to operate 5.00 (1.45) 5.35 (1.20) 5.78 (0.88) 6.00 (0.86) 5.69 (1.11) 5.90 (0.95)
the Artificial Intelli-

gence System would be

easy for me. (1 = very

unlikely, 7 = extremely

likely)

I would find it easy to 4.05 (1.36) 4.46 (0.90) 4.87 (1.22) 5.09 (1.03) 5.61 (1.02) 5.78 (0.97)
get the Artificial Intel-

ligence System to do

what I want it to do.

(1 = very unlikely, 7 =

extremely likely)

My interaction with 5.09 (0.97) 5.27 (0.96) 5.16 (1.07) 5.20 (1.21) 5.65 (1.08) 5.99 (0.93)
the Artificial Intelli-

gence System would be

clear and understand-

able. (1 = very un-

likely, 7 = extremely

likely)

I would find the Arti- 4.82 (1.22) 5.00 (1.06) 4.82 (1.28) 4.84 (1.27) 5.36 (1.24) 5.55 (1.10)
ficial Intelligence Sys-
tem to be flexible to
interact with. (1 =
very poor, 7 = very

good)

It would be easy for 5.14 (1.21) 5.38 (0.85) 5.38 (1.21) 5.61 (0.84) 5.73 (0.97) 5.93 (0.99)
me to become skillful

at using the Artificial

Intelligence System. (1

= very unlikely, 7 =

extremely likely)

I would find the Arti- 5.14 (0.94) 5.42 (1.03) 5.16 (1.17) 5.66 (0.83) 5.71 (1.03) 6.05 (0.96)
ficial Intelligence Sys-

tem easy to use. (1 =

very unlikely, 7 = ex-

tremely likely)

Notes: The table reports the average scores for the perceived ease of use of the AT algorithm. Standard deviations are reported in parentheses.
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Table S22: Previous experience and perceived performance

Study 1: Manufacturing Study 2: Medical Study 3: Non-experts

Question Human Human with Human Human with Human Human with
with explainable with explainable with explainable
black-box Al black-box Al black-box Al
Al Al Al

How strong would you 2.86 (0.94) 3.08 (0.84) 3.47 (1.01) 3.77 (1.01) 3.48 (0.99) 3.48 (1.08)
consider your general

IT skills? (1 = novice,

5 = expert)

How often do you 2.32 (1.13) 2.23 (1.11) not part of preregistration 3.18 (1.31) 3.12 (1.32)
interact with Artificial

Intelligence in your

job? (1 = very little, 5

= very much)

How familiar do you 2.41 (1.10) 2.88 (1.07) 3.00 (1.07) 3.07 (0.95) 3.56 (0.98) 3.48 (0.93)
feel with Artificial In-
telligence in general?
(1 = very little, 5 =

very much)

How well did the Arti- 5.00 (1.57) 6.08 (1.06) 4.49 (1.41) 4.48 (1.47) 5.72 (1.01) 6.15 (0.85)
ficial Intelligence Sys-

tem perform in com-

parison to your expec-

tations? (1 = very

poor, 7 = very good)

How likely is the Arti- 3.55 (1.34) 3.04 (1.08) 3.93 (1.14) 4.02 (1.13) 3.25 (1.61) 2.93 (1.68)
ficial Intelligence Sys-
tem to make a bad es-
timate? (1 = very un-

likely, 7 = very likely)

Completing the quality 4.64 (1.36) 4.08 (1.38) not part of preregistration, 4.68 (1.65) 4.83 (1.61)
inspections task has
changed my opinion
about Artificial Intelli-
gence. (1 = strongly
disagree, 7 = strongly

agree)

How much did you rely 4.32 (1.46) 4.77 (1.37) not part of preregistration 4.96 (1.43) 5.54 (1.38)
on the Artificial Intel-

ligence System? (1 =

very little, 7 = very

much)

The Artificial Intelli- 4.59 (1.33) 5.04 (1.00) not part of preregistration 4.99 (1.54) 5.71 (1.20)
gence System provides

clear explanations for

its outputs. 1 =

strongly disagree, 7 =

strongly agree)

Notes: The table reports the average scores for previous experience and the perceived performance of the AI algorithm. Standard deviations

are reported in parentheses.
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Table S23: Self-reported trust in AI algorithm

Study 1: Manufacturing Study 2: Medical Study 3: Non-experts

Question Human Human with Human Human with Human Human with
with explainable with explainable with explainable
black-box Al black-box Al black-box Al
Al Al Al

The Artificial Intelli- 3.27 (1.20) 2.88 (1.18) 3.31 (1.41) 3.39 (1.28) 3.79 (2.04) 3.72 (2.16)
gence System is decep-
tive. (1 = strongly
disagree, 7 = strongly

agree)

I am suspicious of the 2.91 (1.27) 2.62 (0.98) 3.09 (1.69) 2.98 (1.56)
Artificial Intelligence

w

.88 (2.04) 3.69 (2.15)

System’s intent, ac-
tion, or outputs. (1 =
strongly disagree, 7 =
strongly agree)

The Artificial Intel- 3.09 (1.41) 2.65 (1.09) 3.38 (1.51) 3.34 (1.43)

ligence System’s ac-

w

.73 (2.04) 3.48 (2.08)

tions will have a harm-
ful outcome. (1 =
strongly disagree, 7 =
strongly agree)

I am confident in the 4.91 (1.06) 4.96 (1.15) 4.04 (1.31) 4.34 (1.22)
Artificial Intelligence

.52 (1.20) 5.89 (0.97)

o

System. (1 = very
poor, 7 = very good)

The Artificial Intelli- 4.95 (0.84) 5.27 (1.04) 4.07 (1.39) 4.27 (1.09)

gence System is reli-

o

.63 (1.10) 5.93 (0.85)

able. (1 = strongly
disagree, 7 = strongly
agree)

I can trust the Arti- 4.86 (0.77) 5.04 (0.92) 3.87 (1.39) 4.07 (1.11)
ficial Intelligence Sys-

o

.66 (1.06) 5.80 (0.94)

tem. (1 = strongly
disagree, 7 = strongly
agree)

Notes: The table reports the average scores for the self-reported trust in the AI algorithm. Standard deviations are reported in parentheses.
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