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Abstract

LIME is a method for creating explanations for classifiers that has accumulated thousands of academic references
since its publication in 2016. The authors claim that by highlighting the most important features of an image,
correct classifications can be distinguished from erroneous ones without any training in AI or LIME specifically.
This study challenges that view based on new empirical data and a highly reproducible paradigm. Participants
(n=108) were shown LIME visualizations comparing outputs from a well-trained (¥7=.944) and a bogus (F=.085)
classifier, using randomly selected MNIST digits. By carefully balancing other influencing factors such as
presentation order, visualization style, and correctness of the classification, it can be shown that for the given
stimuli the general positive impact of a LIME visualization is negligible.
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1. Introduction and Related Work

Given the omnipresence of artificial intelligence (AI) and its impact on academia [1], work environments
[2], and news media [3], understanding how an Al system reached its “conclusion” is more important
than ever. Explainable AI (XAI) methods aim to provide this understanding [4, 5]. While many XAI
techniques have been introduced in recent years, their overall suitability and the evaluation thereof
remains an open problem [6]. This paper introduces a new paradigm for the empirical evaluation of
image classification explainers and applies it to the frequently-used LIME method. The results highlight
weaknesses in LIME that should be addressed in future research.

1.1. Local Interpretable Model-agnostic Explanations (LIME)

Ribeiro et al. [7] proposed LIME as a method to create explanations for any classifier, which are readable
and understandable by non-experts. To achieve this goal, local perturbations are added to the input
data, and changes in the output are observed. These changes are then used to judge how important the
currently perturbed part of the input is for the classification. This procedure can be roughly compared
to leverage statistics in linear regression, e.g., Cook’s distance [8].

Previous evaluations of LIME have produced mixed results. Dieber & Kirrane performed a usability
study using LIME explanations of tabular data with a small sample size (n=6) that yielded overall
favorable results [9]. On the other hand, Knab et al. [10] state issues with LIME in five areas, namely
locality, fidelity, interpretability, stability, and efficiency. At the same time, the authors highlight the
lack of reproducible evaluation paradigms for LIME applications (c.f. [11]).

This paper provides such an evaluation method for the interpretability of LIME visualizations. The
main research goal is to quantify how much information can be gained using LIME. A new experimental
paradigm is presented for the evaluation of XAI techniques with the hope that this will improve the
reproducibility in this new and important field of research.
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2. Methods

Trust in an Al system depends in part on its perceived usefulness. In image classification, correctness
therefore needs to be treated as an independent variable that influences trust. To measure and control
this influence, we designed an experimental paradigm that compares participants’ evaluations of actual
LIME results with completely random yet believable distractors. The correctness of the underlying
classifications was fixed at 50% for both the target classifier and the distractor. This design disentangles
LIME’s additional explanatory value from classification correctness.

The selection of stimuli can easily lead to implicit biases unknowingly applied by the experimenter.
To avoid such biases, we scripted the full process and randomly selected suitable images from the
well-known MNIST data set [12]. The source code was based on previous research [13]. The complete
script together with the web application and data analysis is available for download at [14] and
https://github.com/mahal-tu/xai-lime-demo.

2.1. Stimuli Generation

Verifying whether something counts as an explanation is difficult. We therefore used a cognitively
simple task: participants saw two LIME visualizations of the same image, one from a well-trained target
classifier and one from a bogus distractor classifier, and had to decide which classifier was better and
more trustworthy.

The target classifier was a support vector machine (SVM) from Scikit-learn [15] using a radial basis
function kernel trained on 3000 randomly selected MNIST digits. On the MNIST test set, it achieved an
F score of .944.

The distractor classifier was a linear SVM trained on 500 random MNIST images. Its labels were
determined based on random linear combinations of a subset of the pixels. The linear combinations
were sampled from a larger set such that they were mutually uncorrelated and also uncorrelated with
the correct labels (F7 = .085 on the MNIST test set). The rationale was to create a distractor that
uses visual image features but remains completely uncorrelated with the ground truth. While it is
semantically unconnected to the handwritten digits in the images, it should still produce meaningful
LIME visualizations.

Both classifiers were applied to all MNIST digits, and images were selected where the two top
predicted classes were the same for both classifiers’ (in any order). There are four possible combinations
of correct/incorrect classifications for the two classifiers, and 6 images were randomly selected for each
of these combinations, resulting in 24 images in total. This procedure minimized selection bias and
balanced classification correctness across trials.

As shown in [16, 17], LIME visualizations are highly dependent on the image segmentation algorithm
used, especially for very small images like MNIST digits. To balance segmentation effects, we generated
three segmentations based on the SLIC algorithm [18] using different parameters” and three regular
grid segmentations.® The six resulting LIME weights per pixel were then averaged to create the final
LIME visualization for each image and classifier.*

Two different visualization styles were used: (a) a heatmap style, where the LIME weights were
shown as a heatmap overlay on the original image, and (b) a masked image style, where the pixels with
the highest LIME weights were shown and the rest of the pixels were masked. The heatmap overlays
showed the most important areas with a positive impact on the classification using a green overlay,
while areas with a negative impact were shown with a red overlay.

"To achieve a minimum level of ambiguity, cases where the target classifier’s top class probability was more than .8 higher
than the follow-up probability were discarded.

®compactness in {0.01,0.1,1.0}

55 % 5,7 7,and 11 x 11 grids

“The official LIME Python package (v0.2.0.1) was used to create the visualizations.
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Figure 1: LIME Visualizations of the four training MNIST images with the real and the bogus classifier. Color-
coded heatmap style for image 1 (top) and 2, masked images style for image 3 and 4 (bottom). The “real” target
classifier is correct on image 1 and 4 and wrong on image 2 and 3. The bogus distractor classifier is “correct” on
image 1 and 2 and “wrong” on image 3 and 4.

2.2. Participants

Participants were recruited in two different ways: (1) flyers at the Bielefeld University mensa and during
the KogWis 2025 cognitive science conference at Bochum, and (2) via e-mail to business students at
the University of Applied Science Osnabriick/Lingen. The first group was expected to have a general
academic background, with self-selection effects attracting participants with higher interest in machine
learning and Al, while the second group was expected to represent a more general student population
without hands-on experience with machine learning. Recruiting started in August 2025 and ended in
September 2025.

2.3. Procedure

The experiment was implemented as a web application using PHP and JavaScript. Participants were
asked to complete the experiment online on their personal devices. Depending on the browser language
settings of the participants, the experiment was presented in either German or English.

The participants were informed that they were about to see “images of handwritten digits that two
Al systems are trying to recognize” and that “one of the Als is much better than the other” LIME was
explained as showing “which areas of the images the Als paid special attention to.” The final instruction



was to “select the better, more trustworthy AL’ which was inspired by the title of original LIME paper,
“Why should I trust you?” [7].

At the beginning of the online session, participants were randomly assigned to either heatmaps
or masked images for the entire session. Each trial consisted of a pair of LIME visualizations created
for the same MNIST digit. For both the target and the distractor classifier, the top prediction was
presented right beside the original image, followed by the second-best prediction. The top prediction
was labeled “A” and the second-best was labeled “B”. The images were presented in a random order,
and the presentation order (above/below or left/right depending on screen size) of target and distractor
was balanced across trials. Four training trials were shown at the beginning, where the participants
received feedback on whether their choice was correct or not, followed by 20 trials without feedback.
The training stimuli are given in Fig. 1 and an example of the complete user interface is given in Fig 2.

Explainable Al - XAl Explainable Al - XAl - Training 0% Explainable Al - XAl - Training 25%
Welcome to our study on explainable Al! Two different Al systems were trained to recognize That was correct!
digits.

We will show you images of handwritten digits that
two Al systems are trying to recognize. One of the Als Which Al is better?

is much better than the other. Please select! Original A: 6 B: 8
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Figure 2: Example flow of the first three screens of the online study: Introduction, first training trial and
feedback screen (only shown during the four training trials). On larger devices, e.g. desktop computers, the
LIME visualizations were shown side-by-side, instead.

After the LIME section, participants completed a questionnaire about machine learning knowledge
and some optional demographic questions. Machine learning knowledge was measured using seven
multiple-choice questions about the meaning of acronyms like GPT, DNN, and PCA. Each question had
four answer options, the correct answer and three distractors.

At the end, participants could enter a raffle for a gift voucher, which served as an incentive to complete
the experiment. Participants could drop out at any time. A typical session lasted between 3.5 and 8.5
minutes, with a median time of 5.5 minutes.

2.4. Data Cleaning

Participants who showed a high statistical dependency between left and right choice from one trial to
the next (e.g., always choosing the same side, or always switching sides) were excluded from the analysis,
as were participants who used less than 2 seconds to make a decision (n = 16). Of the remaining
participants (n = 145), 37 completed less than half of the 24 LIME trials and were also excluded from
the analysis.



3. Results

After cleaning, 108 participants remained in the sample. 50 (46%) participants were business bachelor
students and 58 (54%) were from the general academic audience that was addressed in the mensa and at
a cognitive science conference. Descriptive demographic statistics about the two groups are provided
in Tab. 1. Based on the web user agent reported by their browsers, most participants completed the
experiment using a smartphone (57% i0S, 29% Android, 14% Desktop OSes).

Table 1
Demographics of Participants

Group N Mean Age % Female | Median Education
Business Students | 50 | 22.0 (SD = 2.0) 82.1% High School
General Academics | 58 | 28.5(SD = 11.6) 40.5% Bachelor

3.1. Detection of the Target Classifier

All 24 LIME image pairs went into the analysis. Generalized linear mixed models [19] with a logit link
function were used to analyze the influence of the variables on the correctness of the participants’
choices. Participant and trial numbers were included as random effects. Odds ratios (O R) are reported
for the fixed effects.

The participants successfully detected the target classifier in 51.8% of the trials, which is indistin-
guishable from chance (OR = 1.077,z = 1.042,p = .297). The presentation order (left vs. right,
OR = 1.077,z = 0.779,p = .436) did not have a significant influence. There was no significant
main effect of the visualization style (masks vs. heatmaps, OR = 1.007,z = 0.052,p = .959), but
interactions with faithfulness that will by analyzed in a follow-up paper.

Whether the target classifier was correct had a significant positive influence on the correctness of
the participants’ choices (OR = 1.553, 2z = 3.29,p = .001), while the correctness of the distractor
classifier had a significant negative influence (OR = 0.714, z = —2.52,p = .012). The interaction
between the two was not significant (OR = 1.107, z = 0.537,p = .591). Bootstrapped confidence
intervals [20] of the correct choice for the four combinations of correct/incorrect classifications of the
two classifiers are shown in Fig. 3.
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Figure 3: Correctness of Participants’ Choices. Error bars are 95% confidence intervals. The dotted line at .5
denotes guessing level.



We estimated relationships between target detection and other covariates using each participant’s
relative frequency of correct choices. None of the covariates showed significant relationships with
target detection; statistics are reported in Tab. 2.

3.2. Prior Machine Learning Knowledge Questionnaire

74 participants completed the machine learning knowledge questionnaire, with a mean score of 2.2
out of 7 (SD = 2.4). This is only slightly above the guessing level of 1.75, which is the expected
score when randomly selecting one of the four answer options for each question. The knowledge
questionnaire showed a sufficiently high internal consistency (Cronbach’s o« = .78). There was no
significant difference in machine learning knowledge between business students (M = 2.13) and general
academics (M = 2.27), t51.3 = —.23, p = .816, but a small insignificant correlation between machine
learning knowledge and highest education level (Spearman correlation, s = .19, t79 = 1.64,p = .105).

Table 2

Covariates of Target Detection
Variable Correlation Test Statistic P Partial 7)?
Machine Learning Knowledge r= .114 tro = 0.977 .332 .013
Age r=—.033 tgs = —0.259 .796 .001
Highest Education re =.126 tso = 1.138 .259 .016
Gender Fye7 = 0.731 485 .021
Group Fl’g() = 1974 164 .024
Device OS F3’78 = 0.302 .824 .011
Browser Language Iy g0 = 0.063 .803 <.001

4. Discussion

LIME was first presented in 2016 and gained high popularity in the XAI community, with more than
32,000 citations on Google Scholar® at the time of writing. However, in this study, LIME-based explana-
tions could not help distinguish a well-trained classifier from a completely bogus one. Participants’ trust
was driven more by prediction correctness than by the visual representation of which image regions
were used for the prediction.

4.1. Why Could Ribeiro et al. not be Replicated?

Ribeiro et al. [7] presented a validation study based on a husky vs. wolf classifier, where the classifier was
in fact using the presence of snow in the background as the most prominent feature. After being shown
masked images like the ones in the lower part of Fig. 1, 27 graduate students with some background in
machine learning were able to question the validity of the classifier, i.e., they changed their judgments
compared to before seeing the LIME visualizations.

Why could this not be replicated with MNIST digits in the given study? Several possible reasons
come to mind.

Choice of Stimuli Maybe MNIST digits are just too hard and therefore the participants were just
guessing all the time? Or the application of image segmentation algorithms (as part of LIME) led to
more believable LIME visualizations of the bogus classifier than technically justified?

Although the MNIST dataset is often used in comparable studies, e.g. [21], the empirical results may
be specific to this kind of data. Additional studies with more complex stimuli are needed. Because the
source code of the paradigm is available,® such studies should be straightforward .

Shttps://scholar.google.com/scholar?cluster=16724302923321127943
Shttps://github.com/mahal-tu/xai-lime-demo
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Sampling Bias The Ribeiro study used hand-picked images as stimuli. This may have introduced
implicit experimenter biases that influenced the observed results in [7]. In the given study, the balancing
of correct/incorrect classifications has led to a relative emphasis of misclassified images, which may
have reduced the participants’ trust in the classifiers and thus reduced the influence of the LIME
visualizations.

Lack of Control Group in the Ribeiro Study No control conditions have been used in the Ribeiro
study. This is a severe design flaw that allows many alternative explanations for their empirical results.
The observed attitude changes in students could even have occurred without using LIME at all. Imagine
that during class, an instructor asks a question, records the answers, and then asks the same question a
second time. Most students will assume that the instructor was not satisfied with the initial responses
and might contemplate changing their previous choice.

4.2. What Made the Distractor Visualizations Believable?

The bogus classifier was trained on random linear combinations of randomly selected pixels. One
might expect that the resulting LIME visualizations would appear arbitrary or meaningless to the
viewer. Looking closely at the column (b) of Fig. 1, one should be able to find examples of such arbitrary
highlights, confirming this expectation. Still, the participants were not able to distinguish the classifiers
based on the noisiness of the images.

One reason could be that the noise was spread evenly across the image space. As the digits were
visually centered during MNIST preprocessing [12], the probabiliy of a random highlight being colocated
with a sematically important feature might be high enough. The situation might change if the position
of defining features change from image to image. Future studies should adress this question.

A second reason may be the aggregation of superpixels that is part of the LIME method. The
choice of image segmentation method during this processing step can have strong impact on the
resulting visualizations [17]. Superpixels following color boundaries result in visualizations that may
look more convincing than they should. In the present study, this effect has been mitigated during
stimuli generation by aggregating across six different segmentations and adding several regular grid
segmentations that do not take the pixel color and brightness into account at all.

A third possible reason why the noisiness of the bogus classifier could not be spotted by the partici-
pants could be the general noise that is introduced by the LIME estimation process. This adds additional
ambiguity to the visualizations and thereby increases the probability of misjudgements.

4.3. The Psychology of Post-diction

Humans are meaning makers [22] who strive for consistent representations of the world and tend to
recognize familiar patterns in ambiguous environments, e.g., when looking at clouds in the sky. When
interpreting LIME visualizations, similar processes might come into play. Especially when observers
know whether an image belongs to the well-trained classifier, they may focus on parts of the LIME
visualization that align with this knowledge and downplay contradictory parts.

The examples in Fig. 1 may serve as a demonstration of this phenomenon. The third row shows
a MNIST digit with ground truth 5. While the target classifier wrongly predicts a 4, the second best
prediction is correct and the corresponding LIME visualization looks like a 5. The distractor classifier is
also “wrongly” predicting a 4, but the LIME visualization of it rather looks like a 5, which should point
the viewer to the fact that the classifier is of low quality. Still, empirically, only 44% of the participants
were able to use this information to correctly identify the bogus classifier for this image pair.

Post-diction, i.e., finding explanations in hindsight, is a natural psychological process that can be
observed in many situations [23]. Importantly, once you know the correct answer, you cannot unknow
it, and LIME visualizations may therefore appear more useful than they actually are.



4.4. Are Hand-Written Digits Too Abstract?

While the current results should be replicated with image data from different domains, some aspects of
hand-written digits can serve as a good testbed for XAI visualizations.

One drawback of visualization methods like LIME is their sometimes reduced fidelity [24]. LIME
estimates a linear surrogate model on superpixel-level [5]. This means that only main effects of
superpixels can be represented well. For image classification problems that combine identification with
localization of targets, this approach should be sufficient.

In the case of single digits, a linear approximation might not be sufficient. Two examples shall
illustrate this. If the classification problem is zero vs. any other digit, then the most telling feature is
that the center of the zero is empty, while all other digits cross the center (see Fig. 4.4). This can be well
represented as a main effect of a central superpixel.

| 2 3 4
567 8 9

Figure 4: Centroids of the top 10% most similar MNIST images per digit. Each centroid represents the average
pixel values of roughly 600 images (class sizes slightly vary within MNIST). Based on pixel-level clustering with
complete-linkage.

The problem three vs. eight (vs. everything else) is different though. Three and eight share two
loops on the right, which are open for a three and complete for an eight. Therefore from a classification
point-of-view, a three must be represented as interaction effect between superpixels on the right (loops)
and superpixels on the left (empty). Mathematically, this is a multiplicative relationship. But LIME can
only approximate this as addition of positive weights on the right and negative weights on the left.

Visualizing negative weights is also not easy. While the heatmaps used in the given study show
negative weights in red, they are completely omitted in masked images. This makes superpixels with
negative weights indistinguishable from image areas with near-zero weights in masked images.

One tradeoff to consider here is that omitting negative weights can hide important information (lower
fidelity), while having to reason about negative weights creates additional cognitive load for the viewer
(lower comprehensibility). The advantages and disadvantages of heatmaps vs. masked images should
be analyzed in future studies.

5. Conclusion and Outlook

The participants in this study were not better than chance at distinguishing a real from a completely
bogus classifier based on LIME visualizations. Whether a classifier’s predictions were consistent with
the ground truth had a significant influence on the participants’ choices, even if the classifier was
trained on random functions on the pixels. These results demonstrate weaknesses in LIME as a XAI
technique that should be addressed and maybe alternatives should be considered, e.g. example-based
methods [25].

Future work will explore the generalization of the findings and applicability of the paradigm with
other participant groups and other stimuli.
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