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Abstract

Machine learning applications in high-stakes scenarios should always operate under human oversight. Developing
an optimal combination of human and machine intelligence requires an understanding of their complementarities,
particularly regarding the similarities and differences in the way they make mistakes. We perform extensive
experiments in the area of face recognition and compare two automated face recognition systems against human
annotators through a demographically balanced user study. Our research uncovers important ways in which
machine learning errors and human errors differ from each other, and suggests potential strategies in which
human-machine collaboration can improve accuracy in face recognition.
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1. Introduction

Decision support systems powered by machine learning (ML) are increasingly used in high-stakes
scenarios including immigration, healthcare, justice, and access to labor and education, among many
others. In these application domains, ML systems should not be autonomous, but rely on a human
operator or expert, who should be responsible for the final decision. An in-depth understanding of
the dynamics of human-algorithm interactions is crucial for developing safe, trustworthy systems [1].
Understanding the complementarities between human and machine intelligence is crucial. In an “ideal”
scenario, there is perfect complementarity: cases challenging for the ML system are easily handled by
the human operator. Conversely, the worst case is when there is total overlap: cases that are difficult
or uncertain for the ML also lead to human errors. In practice, we may find applications that are
somewhere between these extremes, as our empirical findings demonstrate within the context of face
recognition.

Among other areas that need exploration, little has been done to understand when human and
machine errors are similar and when they are different. Analyzing these similarities and differences is
particularly important because the presence of algorithmic errors influences well-known patterns of
human-machine interaction, such as algorithmic aversion [2, 3], a biased and overly negative human
evaluation of an algorithm. The question arises as to whether this aversion also varies depending on
whether or not the errors presented by the model resemble those that a human agent might make. If we
are able to avoid this type of bias, there is another risk: automation bias, an over-reliance on automated
decision support mechanisms [4]. In this case we can ask an analogous question: Does a high similarity
between human and machine errors influence the human agent’s ability to judge the accuracy of the
model?

The main goal of this research is to compare ML errors and human errors. The results obtained from
this comparative study serve as inputs for the development of straightforward yet impactful strategies
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to combine human and machine intelligence.

The use of the concept “human error” suggests an homogeneity that is almost non-existent in real
life. Human perception varies from individual to individual, either due to variations in physiological
structures or external influences such as culture. It becomes even more complex when it comes to
assessing human perception in distinguishing between other human identities, such as in the context
of a face recognition task. We tackle this complexity through a demographically diverse user study
for face matching in which possible inter-individual differences and disagreements are considered.
Proposing hybrid human-machine strategies in the field of face recognition is crucial. For instance, in
an automated system integrated in a police surveillance scenario, errors deserve special attention. In
January 2020, Robert Julian-Borchak Williams became the first documented person in the U.S. that was
wrongfully arrested based on a false hit produced by facial recognition technology.! Many more cases
have been documented, and often there are racial biases.?

Our main findings for the face recognition task we study are: (1) humans rarely produce false positives;
(2) the ML similarity score is a potential error predictor; and (3) humans find it easier to address mistakes
made by an individual model compared to addressing shared errors between two models; These findings
provide a method for detecting potential errors in automated facial recognition, and help us find those
errors that a human annotator has a high chance of correcting. Applying this approach in a practical
setting enables us to develop an effective evaluation strategy that maximizes joint human-machine
accuracy while controlling human annotation effort. Unlike other approaches that strictly emphasize
the enhancement of accuracy through algorithmic advancements, this work underscores not only the
importance of incorporating the human factor in this race for accuracy maximization, but also the
effectiveness of this approach.

This work contributes to the broader agenda of developing trustworthy Al systems, which require
not only technical robustness and accuracy, but also fairness, transparency, and meaningful human
oversight. Understanding when and why human and machine errors overlap is central to assessing
the trustworthiness of Al-based decision support: if both human and algorithmic judgments fail in
similar cases, this may compromise system reliability and propagate bias. Conversely, identifying
complementary strengths between human and machine reasoning enhances both accuracy and fairness,
two key dimensions of trustworthy Al By empirically analyzing patterns of human-Al error alignment
in face recognition, our study provides insights into how hybrid decision-making can be designed to
strengthen trustworthiness through improved error detection, bias mitigation, and accountability.

The rest of the paper is organized as follows. In §2 we review related work, followed by our research
questions and our methodology in §3 and §4, respectively. In §5 we present our results, while in §6 we
discuss our results, limitations, and give our conclusions.

2. Related Work

Human and ML performance While Machine Learning (ML) systems may surpass human perfor-
mance in simple facial recognition tasks, they often struggle under complex, real-world conditions. In
such challenging scenarios, non-expert humans perform comparably to some algorithms, and experts
often outperform them [5]. In particular, humans have been shown to exceed random chance where
facial recognition systems failed [6].

Historically, although competitions have framed human and algorithmic facial recognition as com-
petition rather than collaboration, they have brought out the potential human-AI complementarities.
Phillips et al. [7] found that algorithms excelled at simple, static, frontal images, whereas humans were
better at interpreting difficult images and videos. Similarly, Rice et al. [6] and White et al. [5] docu-
mented situations where humans, especially experts, outperformed algorithms in complex identification
tasks.

"Wrongfully Accused by an Algorithm, The New York Times, 24 June 2020.
*When Al Gets It Wrong. Innocence Project, 19 September 2023.
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While Al models outperform humans in data-intensive tasks, human abilities remain essential for
contextual reasoning, abstract judgment, and perceptual robustness [8, 9]. The emerging consensus
suggests that hybrid approaches may offer the most promising path forward in advancing decision-
making and performance across domains.

Combining human and machine intelligence Researchers have explored how to effectively com-
bine human and machine intelligence, with a particular focus on addressing algorithm aversion—users’
reluctance to trust algorithms after observing errors [10, 11, 3]. This aversion can be mitigated when
users retain some control over the prediction process [12, 13].

The deployment of facial recognition systems illustrates the broader need for more than just technical
performance. The EU Al Act [14] emphasizes that such technologies should be used only when strictly
necessary and in clearly defined scenarios. In line with this, Negri et al. [15] propose a framework for
assessing the appropriateness of facial recognition interventions based on contextual needs.

Effective implementation must also consider application context, including user characteristics and
demographics. This aligns with research on human-centered machine learning [16], human oversight
strategies [17, 18], and mechanisms to preserve the human role in decision-making, especially in
rights-sensitive domains [19].

Human factors in decision support Several studies have focused on incorporating human factors
into machine learning systems. Han et al. [20] improved emotion detection by using inter-annotator
agreement to align predictions with human judgment. Andrews et al. [21] questioned the adequacy of
categorical labels for representing human phenotypes, advocating for more continuous representations.
In medical imaging, Makino et al. [22] showed that deep neural networks rely on features not typically
used by experts, highlighting the need to integrate domain knowledge when comparing human and Al
decisions.

Transparency has also been addressed by Huber et al. [23], who proposed propagating model
uncertainties to improve user understanding in facial recognition. Papenmeier et al. [16] found that
users are more averse to models that fail on simple tasks, suggesting that the context of errors affects
perceived reliability.

However, mimicking human cognition can also introduce biases [24]. The well-documented other-race
effect in face recognition [25, 26] has been replicated in algorithms [27].

Recent work also explores hybrid human-Al systems, where the model defers to human judgment
under certain conditions, such as low confidence [28, 29, 30, 31]. Research has also examined how to
structure annotation workflows to improve collaboration [32], and how human-AlI pairing based on
perceived similarity can influence decision-making [33].

To the best of our knowledge, most of the efforts in integrating human factors into technology have
mainly focused on encoding specific human traits and enhancing model performance — observing
humans and refining models independently. Some more recent efforts have gone further, proposing novel
techniques to combine human and machine performance. However, there is still a lack of understanding
of the key differences of decision-makers, especially in contexts where the task involves a certain
subjectivity. In a scenario where there is no longer only the final decision related to the task at hand,
but also the decision as to which agent — human, algorithmic or combination of both — should decide,
it is important to know the strengths and weaknesses of both agents, which of these are shared and
which diverge, and how these differences and similarities can be exploited.

3. Research Questions
The main goal of this work is to compare model errors with human errors in face recognition.

Error consistency We would like to characterize similarities and differences between human errors
and ML system errors. To achieve this, first we need to determine if errors and successes are consistent,



i.e., if we can determine which are the subsets of face recognition tasks in which errors and successes
are concentrated.

RQ1a Are humans consistent in a face recognition task?

RQ1b Are ML systems consistent in a face recognition task?

Error alignment We want to uncover whether there are common difficulties between ML systems
and human annotators. We expect these common difficulties to manifest as incorrect human annotations
on those face recognition tasks where the ML system erred. We also expect to obtain more incorrect
annotations in cases where more than one ML system errs. If human annotators and ML systems
provide a low-confidence annotation, then we would like to test whether their confidence in annotation
aligns.

RQ2a Are human annotators more likely to make a mistake in a face recognition task if a ML
system also gives an incorrect answer, compared to tasks for which the system is correct?

RQ2b Are human annotators even more likely to make a mistake if more than one ML system
is incorrect?

RQ2c Are human annotators’ perception of similarity and ML computations of similarity
correlated?

Error-based human-machine collaboration We want to investigate if we can develop a strategy to
optimise human-machine collaboration in the context of solving a face recognition task. The consistency
raised in the first question would allow us to generalise in this context, while the study of the alignment
between human and machine error patterns would allow us to detect the key points of complementarity
for the development of a successful strategy.

RQ3 Can we design a novel human-computer collaboration strategy based on the results of
our comparative study?

4. Experimental Setup and Ethical Considerations

Our experimental setting is based on a number of face recognition tasks that are performed by two
automated systems, as well as by human annotators. Given a pair of facial images, the task consists of
determining whether they belong to the same individual or not. Both the two automated models and
the set of annotators performed this task independently.

4.1. Datasets

Training data. We used two pre-trained face recognition models. Both were trained by their respec-
tive authors on MS-Celeb-1M [34]. According to its authors, it was the largest publicly available face
recognition dataset in the world. It contains about 10M images of nearly 100K people. MS-Celeb-1M is
fairly unbalanced demographically (more than 70% of the images correspond to white people). For this
reason, we investigate whether the MS-Caleb-1M pre-trained models presents the other-race effect.

Testing data. We used DemogPairs [24] as the evaluation dataset. It contains 10,800 facial images
corresponding to 600 people divided into 6 balanced demographic labeled folds: { female, male } x {
Asian, Black, White }. DemogPairs was created and released by its authors with the explicit objective of
being used as a tool to test for demographic biases on face recognition models.



4.2. Models

The two face recognition models used in this work were IR50+ArcFace [35] and LightCNN [36], both
trained over MS-Celeb-1M by the respective authors. We did not conduct additional training or fine-
tuning for this work. Both pre-trained models can be found online [37, 36].

IR50+ArcFace is an extension of ResNet50 [34, 38], a residual network that has been extensively
applied to many image tasks, with an ArcFace loss function [35]. It reaches an accuracy of 99.78% in
LFW [39], 97.53% in AgeDB [40], 95.22% in VGGFace2 [41], well-known public benchmarks for pair
matching. LightCNN was created to learn a compact embedding on large-scale face data with noisy
labels. It has been reported to achieve state-of-the-art results on various face benchmarks without
fine-tuning [36]. In this work, we used the 29-layer version, which reaches an accuracy of 99.40% in
LFW.

For evaluation, we used face.evoLVe [37], a face recognition library for face-related analytics and
applications. For the purposes of this research, the library was instrumented to keep track of individual
errors. The instrumented library is available with our code release.

4.3. Methodology

We performed an online user study [42], with the following structure.

Participant recruitment We recruited participants through a crowdsourcing platform Prolific.”> We
considered four countries in continental Europe in which Prolific has large user bases: France, Germany,
Italy, and Spain, plus the United Kingdom and Turkey. The crowdsourcing platform provides gender
information and allows users to self-identify with a “simplified ethnic group” (Asian, Black, and White).
We made sure that our sets of participants were gender balanced, and that for each pair of images,
one person from each simplified ethnic group participated in their evaluation. So, for every pair of
images, we collected 3 annotations. In total, we recruited 235 participants, excluding 2 of them from
our data due to failed attention checks. For the subsequent analysis, based on ethnic self-identification,
we selected 162 participants. Participants were paid 0.70 GBP (about 0.82€) to label 10 pairs of images,
with an average completion time of 5 minutes. This amounts to 8.4 GBP per hour. Participants were
asked about their age, gender identity, and ethnic background in an initial demographic questionnaire.

Face recognition tasks Participants evaluated one pair of images at a time. The participant had to
answer the question Are they the same person?, with the possible options: No, Probably not, Not sure,
Probably yes or Yes.

Task selection We found that the joint accuracy of the face recognition models (see §4.4) was correct
above 93% of the tasks. Hence, due to budget constraints, we annotated all the cases where the models
were wrong (“misses”), and a sample of cases in which both models were right (“hits”). We annotated
363 “misses” (237 false negatives and 126 false positives), which were shown to a total of 164 participants,
from which we selected a demographically balanced set of 108 participants. We also annotated 180
model “hits”, which were shown to a total of 69 participants, from which we selected a demographically
balanced set of 54 participants. This selection of “hits” was a random sample that was demographically
balanced for the true positive set (90 pairs) and for the true negative set (90 pairs).

4.4. Measurements

Accuracy Accuracy is defined as the fraction of correct responses with respect to the ground truth.
We distinguish between (1) Machine accuracy: Joint accuracy of the models. Given a pair, we calculate
the average of the calibrated similarity scores of the two models, and the label is decided based on this
average. And (2) Human accuracy: Accuracy of the human annotators, as a group of three annotators.

*www.prolific.co
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This is computed as a macro average, i.e., first the three evaluations on a pair are averaged, and then we
determine whether that average is correct or not.

Similarity This is a measurement of how similar the model or the human annotator perceives the
persons in the images. We distinguish between (1) ML similarity score: Given two images, the model
computes two embeddings. The normalized distance between these embeddings, d, is compared against
a threshold 6 to determine the output (if d < 0, the pair is labeled as positive, negative otherwise). We
take the calibration of 1 — d as the similarity of the pair, that can be interpreted as a probability. Scores
close to 0.5 can be interpreted as a low model confidence. And (2) Human perception of similarity:
this is inferred from the annotator’s actual answer to the questions in the face recognition tasks (see
§4.3). From this measurement we can infer human confidence: the answers in the extremes (No and Yes)
correspond to the highest confidence, while answer Not sure corresponds to the lowest confidence.

4.5. Ethical Considerations

Our research plan was reviewed and approved by the Institutional Committee for Ethical Review of
Projects (CIREP) at Universitat Pompeu Fabra. The review included compliance with internationally
ethical principles and personal data protection guided by the EU General Data Protection Regulation
(2016/679).

We acknowledge that comparing performance across self-identified ethnic groups raises ethical
concerns, particularly considering the historical misuse of racial and ethnic classification in research.
The purpose of our analysis is not to essentialize group differences, but to identify potential biases in
human and algorithmic performance, which is crucial for ensuring trustworthy AL The “simplified
ethnic group” categories provided by the Prolific platform are broad and self-reported; we use them
only to determine if systematic disparities that could affect equitable system performance emerge. We
believe that exploring such differences is justified only if it aids in reducing algorithmic discrimination
and enhances the fairness of human-AlI interactions.

5. Results

In what follows, we will consider a human error / success when the mean response of the three annotators
solving the same task corresponds to a incorrect / correct response, respectively. Similarly, we will
consider a machine error / success when the joint evaluation of the two models is incorrect / correct,
respectively. For brevity, we will use “false/true positives/negatives” when we refer to the responses
given by the models. We will also show some results of significance test (p-values, noted as p). All these
tests correspond to Kolmogorov-Smirnov tests.

Participant Demographics Participants were on average 27.3 years old (SD=12.0 years). Out of the
participants that indicated their gender, 55% identified as female, 41% as male, and 4% as non-binary. The
majority of the participants that indicated an ethnicity identified as “White” (46%), followed by “Non-
Arab African” (19%), “South Asian® (13%), and “East Asian” (9%). The remaining ethnicities accounted
for less than 5% of the participants each.

Error Consistency (RQ1) We now consider the agreement of human annotations, i.e., the extent to
which multiple people agree on whether a pair of images represents the same person or not. Annotators
were shown a total of 543 pairs of face images: 363 machine errors and 180 machine successes. Since
the successes shown to the annotators are only a sample of all the successes from the models, we over-
sampled them (applied a correction 1 success = 28 success) to balance the workload. We also transformed
every human annotation, originally based on a numeric 5-point scale, into a binary annotation in order
to establish a fair comparison between human and machine agreement. The overall inter-annotator
agreement was moderate (Fleiss’ k = 0.47), which suggest that there is a mixture of agreement and
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Figure 1: Human evaluations over 543 pairs of facial images (a), from which 216 pairs are of different people (b)
and 327 pairs of the same person (c). False Positives/Negatives refers to pairs mistakenly labeled by the machine.
Human responses range from -2 (“No”) to +2 (“Yes”, to the question “Are they the same person?”).

disagreement between annotators (RQ1a). This is driven primarily by consensus on model successes
(k = 0.51), whereas participants’ agreement on model errors was no better than chance (x = —0.05).

As Figure 1a shows, human annotators are almost always correct in negative pairs (different people),
as less than 5% of pairs are incorrectly classified as positive by the annotators. However, when images
represent the same person, results are mixed. Although most of the positive pairs were correctly
classified by the annotators, approximately 30% of those pairs were incorrectly categorized as negative.
Differences in the distributions of labels on negative and positive pairs are significant at p < 0.0001.

The inter-rater agreement between the facial recognition models IR50 and LightCNN was almost
perfect (k = 0.92), indicating very high consistency in their outputs (RQ1b). Both humans and
models showed a similar error pattern, with over 65% of model errors being false negatives. However,
human annotators demonstrated poor agreement when analyzing only the cases they misclassified
(kv = —0.05), and model agreement dropped even further in error cases (x = —0.29), revealing
substantial disagreement when mistakes occurred. The interpretation of negative values for Fleiss’
kappa are based on [43].

Error Alignment (RQ2) Next, we studied the extent to which human successes/errors are aligned
with machine successes/errors. We considered four categories of model outcomes: True Positives, False
Negatives, True Negatives, and False Positives.

Human performance differed significantly between True Negatives and False Positives (p < 0.0001),
as well as between the two types of positive pairs (p < 0.0001). For negative pairs (see Figure 1b),
humans showed more uncertainty when the model made a False Positive error, often choosing "Probably
not" instead of a definitive "No." Similarly, for positive pairs (see Figure 1c), human errors tended to
occur in the same cases where the models also failed. These findings, put together with the significance
above, suggest that humans find machine error cases more challenging than those where the model is
correct (RQ2a).

In general, human annotators are more likely to make mistakes on image pairs where both models
failed (RQ2b). Human certainty also declined in these cases: annotators preferred Probably not over No
for false positives made by both models, and were more prone to errors on false negatives.

For False Positives, human evaluations of errors made only by IR50 significantly differed from those
on errors shared by both models (p < 0.001), whereas no significant difference was observed between
LightCNN-only errors and joint errors. We depict these differences in Figure 2a.

For False Negatives, human assessments significantly differed between errors made solely by either
IR50 (p < 0.001) or LightCNN (p < 0.0001), compared to those made by both models. We depict these
differences in Figure 2b.

We examined human annotators’ perception of similarity and compared them with model-computed
similarity scores. This time we distinguished between eight overlapping categories of human and
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human/machine errors (in orange) and successes (in blue). Note that machine confidence can be inferred from
the similarity score (the further the similarity is from 0.5, the higher the confidence). The yellow band near a
similarity score of 0.5 includes machine errors that can be anticipated as possible errors.

White-White pairs  Black-Black pairs  Asian-Asian pairs

White 0.10 0.45 0.20
Black 0.55 0.04 0.02
Asian 0.18 0.06 0.09
Machine 0.09 0.07 0.09

Table 1
Human and Machine error rate. First three rows are demographic groups evaluating different set of pairs.
"White-white" pairs stands for pairs containing images of two people labeled as white, and so forth.

model errors and successes: { Human, Machine } x { True Positives, False Positives, True Negatives,
False Negatives }. When both models and humans answered correctly, significant differences were
found between human and machine similarity scores for both positive and negative pairs (p < 0.0001).
Machine scores showed bimodal distributions, whereas human judgments were more spread out (RQ2c).

When both models and annotators were incorrect, a significant difference was observed for negative
pairs (p < 0.0001), but not for positive ones (see orange violins in Figure 3). Notably, in Machine False
Positives, human similarity judgments clustered around 0.5, indicating low confidence (akin to “Not
sure”) when incorrectly identifying different individuals as the same. The yellow band around similarity
0.5 in Figure 3 includes machine errors that based on these observations could be predicted in advance
as potential errors.



g
o
=]

1.00 100%

o
o
©
o
0
©

o
)
@
o
o
@

o

o

~
\

similarity

accuracy
o
©
=3

accuracy

=}
©
v
[=1
=)
v}

=}
©
=
o
o
&

T T T T T T 0% T T T T
0.0 0.2 04 0.6 0.8 1.0 ’ 0.0 0.2 0.4 0.6 0.8 10

cost cost

(a) (b)

Figure 4: Human oversight. (a) Evolution of joint human-machine accuracy when annotations are done in
increasing order of machine certainty. (b) Evolution of joint human-machine accuracy if we prioritized those pairs
where the models gave different answers (blue line). This accuracy exceeds the joint accuracy obtained when
this priority is not taken into account (orange line). The initial machine accuracy was 93.5%. Cost represents the
rate of the number of annotators.

Other-race effect In our experiments, we found partial evidence of the “other-race” effect (see Table
1). We calculated the error rates for the three self-ascribed ethnicities: White, Black, and Asian. We
considered only pairs of images with the same ethnicity label in both images and computed the error rate
for each of these sets of pairs. “White” and “Black” annotators are the most accurate when annotating
images of their same kind, but this was not the case for “Asians”. No “other-race” effect was found in
the models. We investigate this effect as a way to anticipate potential biases. We acknowledge that the
name of the “other-race effect” itself may carry outdated terminology, but we chose it for consistency
with prior literature.

Exploratory study of error-based human-machine collaboration (RQ3) We conducted a study
with the aim of illustrating how to apply certain improvements based on results previously obtained in
a “human as overseer” scenario [31]. We studied the improvement in model accuracy (93.5%) that would
be obtained by manually reviewing all the pairs evaluated by the machine in an order determined by
the results obtained.

The first improvement is based on the results obtained related to RQ2c: the use of machine confidence
to prioritize those cases that have a high probability of being corrected by the human annotator (see
Figure 3). Note that machine confidence can be inferred from the similarity score (the further the
similarity is from 50%, the higher the confidence, see Figure 3). The evolution of joint accuracy when
the prioritization of low-confidence machine outputs is implemented can be seen in the top pink
line of Figure 4a. We can observe that the pairs that human annotators are able to solve correctly
are concentrated at the beginning of the workflow, leading to an early and rapid growth of the joint
accuracy. This marked improvement in accuracy contrasts with the results we would obtain if this
strategy were not taken into account (see the bottom black line in Figure 4a). The second improvement
is based on the results obtained when investigating RQ2b: prioritizing those pairs where the models
gave different answers, i.e., only one of the two models correctly classified the pair. As we can see in
Figure 4b, the joint accuracy obtained if these pairs are prioritized (blue line) exceeds the one obtained
when this priority is not implemented (orange line) during most of the human annotation flow.

6. Discussion and Conclusions

This study investigates human-machine complementarities in facial recognition tasks by comparing
human and model errors. The analysis highlights how human strengths can complement machine
weaknesses, informing strategies for more effective joint systems.



Three main findings e merge: (1) C onsistency of Errors — Both humans and models showed
consistent behaviors, enabling error characterization. Humans excel at negative pairs, with only 4.8%
errors on 126 machine false positives, indicating areas where human oversight can effectively correct
model failures; (2) Shared Difficulties - Humans are more likely to err when both models (IR-50
and LightCNN) make the same mistake, especially on false negatives. This correlation reveals shared
difficulties and helps prioritize cases requiring human review; and (3) Similarity Judgments - Human
and model similarity scores diverge significantly except when both err on positive pairs. Models exhibit
sharp score contrasts between correct and incorrect predictions, which can signal likely errors and guide
targeted human intervention. Based on these observations, we propose a hybrid human-in-the-loop
approach that boosts system accuracy by 3% with minimal annotation cost (10% of total), correcting
148 misclassified p airs. This demonstrates how strategic manual review can yield significant gains.
This study also reflects on real-world implications. Since most machine errors corrected by humans
are false positives, domains with high sensitivity to such errors (such as security or law enforcement
scenarios) must implement robust human oversight. Regulatory guidance, such as the European AI Act
[14], underscores the importance of human involvement in high-risk Al systems.

Our limitations include the use of symmetric costs and reliance on two pre-trained models trained on
the same dataset (MS-Celeb-1M [34]). While findings are scenario-specific, they provide a framework
for error analysis and oversight strategies in other contexts. The results reinforce that current facial
recognition systems are not ready to replace human judgment and that ethical, legal, and societal
concerns necessitate permanent human oversight. Future work could examine how biases such as
algorithm aversion or overconfidence affect collaborative decision-making, especially when machine
and human resolutions diverge.
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