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Abstract: This study investigates the cognitive mechanisms underlying vigilance and pattern recog-
nition using a novel adaptation of Mackworth’s Clock Test. We aimed to quantify the time it takes
for temporal patterns detected unconsciously through implicit learning to surface in the conscious
mind within a dynamic vigilance task environment. Forty-eight participants detected random and
non-disclosed rhythmic anomalous clock hand movements in this setting. Our results indicate signifi-
cant variability in detection accuracy, reaction times, and the ability to recognize the hidden pattern
among participants. Notably, 23% of all participants and 56% of those who consciously reported
the pattern exhibited statistically lower reaction times indicative of knowledge of the pattern 40 s
before conscious identification. These findings provide valuable insights into the transition from
unconscious to conscious detection, highlighting the complexity of sustained attention and pattern
recognition. The study’s implications extend to designing training programs and tasks for high-stakes
professions requiring prolonged vigilance. Future research should further explore the cognitive and
neural correlates of these processes and the impact of task complexity on performance.

Keywords: implicit learning; vigilance; pattern recognition; Mackworth’s Clock Test; reaction time;
conscious and unconscious detection

1. Introduction

The challenge of quantifying the time it takes for a temporal pattern detected uncon-
sciously to surface in the conscious mind is significant yet underexplored. Understanding
this transition is particularly important in contexts where sustained attention, or vigilance,
plays a critical role, such as in air traffic control, surveillance, and quality inspection. Several
studies have addressed related questions, emphasizing the distinction between conscious
and unconscious processing. Dehaene and colleagues [1] discussed how unconscious pro-
cessing could precede conscious awareness, suggesting a multi-stage cognitive mechanism.
Similarly, studies on implicit learning have shown that individuals can learn complex
patterns without being explicitly aware [2–4]. Moreover, research in artificial grammar
learning (AGL) has demonstrated that people can extract and use knowledge structured
by complex regularities, even when unaware [4–6]. This phenomenon, known as implicit
or unconscious learning, plays a crucial role in human behavior across various contexts,
including social interactions, sports, and those requiring sustained vigilance [7–9].

Most studies showing evidence of implicit learning have been conducted in experimen-
tal paradigms with relatively simple, artificial stimuli. For example, in AGL, participants
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are typically exposed to meaningless letter strings structured by artificial grammar [6,10].
In visuomotor sequence learning tasks, participants learn regularities in determining the
location of a simple stimulus [11]. These stimuli and learning contexts differ significantly
from those encountered in ecological situations, raising questions about the generaliz-
ability of these findings to real-life contexts. Characteristics of surface stimuli, such as
their familiarity and ecological relevance, significantly influence the amount of implicit
learning [12,13].

There have been attempts to use more realistic, socially relevant stimuli in implicit
learning. Norman and Price [6] used sequences of yoga posture images and individually
presented letters to show that sequences of body movements are learned less explicitly
than letter sequences. Similarly, Ziori and Dienes [13] demonstrated implicit learning of
face sequences. Zhang et al. [14] used point-light displays showing biological movements
to investigate implicit learning of movement sequences, finding that participants could
learn sequences showing inversion symmetry. Recent studies have expanded on these
findings by exploring complex motor skills and gait patterns. For instance, Jack et al. [15]
developed a task probing implicit learning of kinematically complex multi-articular move-
ments, revealing that participants could implicitly learn repeating trajectories embedded
within random ones. Additionally, Duppen et al. [16] investigated implicit and explicit
motor learning during gait training with distorted rhythmic auditory cues, showing that
participants adjusted their gait patterns to subtle changes in metronome frequency, even
without conscious awareness. Furthermore, Jurchis, and Dienes [17] explored whether
people could implicitly learn regularities from dynamic stimuli showing human movement
using schematic patterns of point-light displays in an immersive virtual reality environ-
ment. Despite these advances, the path taken in their study differs from ours, as we focus
on capturing the transition from unconscious to conscious detection over extended periods
using a continuous task in the context of a dynamic vigilance environment.

Another challenge in studying implicit learning is determining whether the acquired
knowledge is unconscious. Theories of consciousness generally agree on the reportable
nature of conscious knowledge [18–20]. Most consciousness researchers advocate using
subjective methods to assess whether participants possess conscious knowledge [21,22].
A common approach is to analyze participants’ accuracy in trials where they claim to
have no conscious knowledge, with above-chance accuracy indicating unconscious knowl-
edge [23–25]. However, misclassifying conscious trials as unconscious due to measurement
errors remains a concern [26,27].

Our study presents an innovative adaptation of Mackworth’s Clock Test [28] to in-
vestigate the transition from unconscious to conscious detection of complex temporal
patterns. The Mackworth Clock Test, developed by Norman Mackworth in 1948, is a
classic experimental paradigm designed to study vigilance and sustained attention. In
this test, participants are asked to observe the continuous movement of a clock’s hand,
which occasionally makes an unexpected jump, deviating from its regular motion. The task
requires participants to detect these irregular jumps, measuring their ability to maintain
focused attention over prolonged periods. The test has been widely used to investigate
the decline in vigilance over time and the cognitive processes involved in monitoring
infrequent events.

Unlike previous studies focusing on isolated stimuli, our approach involves a continu-
ous task where participants detect patterns in the timing of an object’s movement. This
design allows us to capture the transition from unconscious to conscious detection over
extended periods while assessing vigilance performance. We hypothesize that participants
will unconsciously detect complex temporal patterns, becoming consciously detectable
after repeated exposure. Specifically, we expect that the transition from unconscious to
conscious detection will be marked by decreased reaction time as participants become more
familiar with the pattern. Additionally, we hypothesize that individual differences in the
ability to detect and report these patterns will exist and that vigilance may play a role in
detection performance.
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2. Materials and Methods
2.1. Participants

The study involved 48 voluntary participants from a Technology College in São José dos
Campos, SP, with formal authorization and ethics approval (CAAE: 67190123.3.0000.5492).
Participants were all over 18 years of age and provided prior agreement to the Informed
Consent Form (ICF). The Universidade Anhembi Morumbi Ethics Committee approved
the study protocol, CAAE: 67190123.3.0000.5492.

2.2. Task Description

The study employed a novel adaptation of Mackworth’s Clock Test to investigate
participants’ ability to detect anomalous movements unconsciously [28]. The base code
was created in PsyToolkit [29,30] and implemented using a custom-designed script that
altered the clock’s behavior. The code was translated to HTML to run on a proprietary
online server, recording personal information and the participants’ responses.

2.3. Experimental Design and Task Implementation

The task was designed to run in full-screen mode with various visual elements, in-
cluding instructions, strategy prompts, and the clock interface (clock face, clock circle, and
clock hand, Figure 1).
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Figure 1. Diagram of the task setup: the visual representation of the Mackworth Clock Test setup,
showing the clock face, clock circle, and clock hand.

Participants observed the clock hand movement for a total of 500 s, or approximately
8 min. Clock movement was divided into two distinct phases that varied in how the clock
hand moved: an initial random phase with a duration of 150 s of duration and a subsequent
patterned phase with a duration of 350 s.

During the first 150 s, or random phase, the clock hand mostly moved in discrete
steps of 6 degrees; however, sometimes, at random, the clock hand moved 24 degrees. We
introduced this anomaly by assigning a 10% probability per tick that the clock hand would
step anomalously, ensuring that anomalies were sporadic and unpredictable. The script
was designed to prevent the same anomaly from repeating consecutively. It is important to
note that because anomalies were determined using a 10% probability of happening for
every clock tick, the number of anomalous movements varied between participants in the
first 150 s.

After the initial random phase, the task transitioned into a patterned phase that lasted
until the task ended at 500 s. During this phase, as in the random phase, the clock hand
mostly ticked in discrete steps of 6 degrees. However, in this phase, anomalies followed a
fixed pattern to allow for the investigation of pattern recognition. The pattern consisted of
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nine regular clock hand movements (6 degrees) followed by one anomalous movement
(24 degrees), four regular movements followed by one anomalous movement, nine followed
by one, then four followed by one, and so on. Unlike the random phase, the number of
anomalous movements was the same across participants during the second portion of the
task, and the anomaly followed a fixed pattern.

2.4. Task Flow and Data Collection

Participants were required to complete both phases of the task, with the flow as follows:

• Clock Display: The clock face and hand were displayed, with the hand updating its
position based on the defined rules.

• Anomaly Detection: Participants pressed a designated key if they detected an anomaly.
Responses, including reaction time (RT) and the correctness of the detection, were recorded.

• Feedback Mechanism: Positive feedback (green circle) was given for correct anomaly de-
tections, while negative feedback (red circle) was provided for false or missed anomalies.

• Pattern Report: Participants were instructed to click a button when they believed they
had identified a pattern in the anomalous movements of the clock hand. Upon clicking,
the task paused, and a prompt asked them to describe the pattern they detected. If
their description matched the actual pattern, the time of their click was recorded
as “Reported Instant”. This timestamp allowed us to analyze the transition from
unconscious detection to conscious awareness.

• Data Recording: Data, including hand position, reaction time, and detection correct-
ness, were recorded each second and saved.

2.5. Data Analysis

The analysis was performed using MATLAB 2022a. We recorded the total count of
correctly detected anomalies (Number of Correct Detections), incorrect responses where
no anomaly was present (Number of Incorrect Detections), and anomalies that were not
detected (Number of Missed Detections). We also determined the RT mean and standard
deviation at the random and patterned portion of the task, and the instant participants
correctly reported detecting a pattern.

Furthermore, we used the reaction times (RTs) from the random phase of the clock
task to establish a threshold for determining whether an RT was significantly lower than
expected, potentially indicating a reaction time effort consistent with either implicit or
explicit knowledge of when the anomaly was going to happen. To achieve this, we fit a
normal distribution to the RT data points from the random phase and employed Monte
Carlo simulations with 10,000 iterations to estimate the lower 5% threshold. This threshold
is commonly used in statistical analyses to reject the null hypothesis and serves as a
conservative estimate for detecting deviations that may suggest unconscious processing.

For each subject, we identified all RTs below this threshold (referred to as Unconscious
RT) during the patterned phase of the task, excluding the first 17 s (which represents
the first cycle and a half of the pattern) and before the time when the subject reported
consciously detecting the pattern, for those who did so. We calculated the mean and
standard deviation of these Unconscious RTs and defined the moment of unconscious
detection as the earliest occurrence of an RT below the threshold. For those who successfully
identified the pattern, the duration from this moment of unconscious detection to the
subject’s conscious report of the pattern was then used to determine the transition time
from unconscious to conscious detection.

2.6. Statistics

Statistical analysis was carried out in Visual Studio Code (v. 1.92.1) using Python
(v. 3.12). We used the Smirnov–Kolmogorov Normality test to verify the normality of
data and choose between parametric and non-parametric tests. We compared correct,
incorrect, and missed detections from the participants using one-way ANOVA and paired
t-tests with Bonferroni corrections. We also compared participants who found and did
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not find patterns across the different measurements with t-tests and Mann–Whitney tests.
Depending on the normality results, we investigated the correlations between variables
using Pearson’s or Spearman’s methods. To confirm our choice of unconscious RT threshold,
we also compared, using independent t-tests, the random and unconscious RT values from
each subject.

3. Results

Four participants were excluded from the analysis because they had only 0, 1, or
2 correct detections, which suggests they either did not understand the task or had other
issues related to completing it.

3.1. Conscious and Unconscious Detection

The analysis aimed to estimate the time for unconscious detection to transition to
conscious awareness. Our results indicated that out of 44 participants who completed
the task successfully, 20 (45%) demonstrated statistically low RT during the task’s pattern
phase before reporting the pattern, suggesting a unconscious “knowledge” of the instant of
occurrence of the anomalous clock movements, i.e., implicit learning. The mean threshold
determined was 448.81 ± 164.2 ms. The mean instant of first unconscious detection for all
20 participants who exhibited implicit learning was 222.60 ± 45.71 s. Participants exhibited
multiple reaction times below the threshold—on average, 5.7 ± 2.2 times.

To double check the statistical reliability of the chosen threshold, we compared each
subject’s random RT to their unconscious RT. We found that the RTs were significantly
different for 20 of 22 (91%) participants (p-value of 0.02 ± 0.03 for all participants).

Out of the 20 participants who demonstrated implicit learning, only 10 (50%) eventu-
ally accurately reported that they had found the pattern, and the duration from unconscious
to conscious was 41.0 ± 29.36 s.

Table 1 summarizes the results and shows the mean and standard deviation (Std) of
the study’s parameters for all participants, divided among participants who could and
could not accurately report the task pattern.

Table 1. Mean and standard deviation (Std) of the study’s parameters for all participants (All) and
divided among participants who could (Reported) and could not (Not Reported) accurately report
the task pattern.

Variables Mean (All) Std (All) Mean
(Reported)

Std
(Reported)

Mean (Not
Reported)

Std (Not
Reported)

Correct Detections 36.86 9.92 37.35 9.88 36.33 10.17
Incorrect Detections 6.00 5.65 5.04 4.46 7.05 6.68
Missed Detections 10.20 9.73 10.00 9.66 10.43 10.05
Mean Clock Random RT (ms) 640.99 122.62 637.84 124.00 644.61 135.20
Std Clock Random RT (ms) 116.80 58.21 104.80 49.60 135.20 67.02
Mean Clock Pattern RT (ms) 597.22 141.90 586.08 164.50 612.29 96.86
Std Clock Pattern RT (ms) 115.04 47.02 128.48 52.01 96.86 32.53
Reported Instant (s) 273.28 54.68
Threshold (ms) 448.81 164.20 451.84 142.98 445.49 188.29
Instant First Unconscious
Detection (s) 222.60 45.71 227.80 41.06 217.40 51.62
Duration Unconscious to
Conscious (s) 41.00 29.36
Mean Unconscious RT (ms) 447.35 193.00 409.23 144.76 518.16 258.92
Std Unconscious RT (ms) 34.48 52.83 42.99 63.30 18.68 19.40
p-value Random vs.
Unconscious RT 0.020 0.031 0.010 0.013 0.039 0.044
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3.2. Pattern Recognition

Of the 44 participants who completed the task, 18 (41%) accurately identified the
pattern of anomalous movements in the clock task. The results indicate that the reaction
time variability during the pattern portion of the task was significantly (p = 0.034) higher
for the people who accurately reported the pattern (128.48 ± 52.01) compared to those who
did not (99.94 ± 32.77; Figure 2).
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3.3. Detection Performance and Vigilance

Although not our primary focus, our adaptation of the Mackworth Clock Test allowed
us to assess participants’ vigilance and yielded insightful results. Out of the 44 participants
who completed the task, only 3 (7%) had a perfect score, i.e., 0 incorrect and missed detec-
tions. Participants correctly detected 78.36 ± 20.3% of valid clock anomalous movements
on average. Correct, incorrect, and missed detections were 36.86 ± 9.92, 6.0 ± 5.65, and
10.2 ± 9.73, respectively; correct detections were significantly (p < 0.001) greater than both
incorrect and missed detections, and missed detections were significantly (p < 0.0.001)
greater than incorrect detections.

Furthermore, we found that correct detections were significantly negatively correlated
to incorrect (Spearman ρ = −0.68, p < 0.001) and missed detections (Spearman ρ = −0.82,
p < 0.001). Finally, incorrect detections were significantly correlated to missed detections
(Spearman ρ = 0.72, p < 0.001).

3.4. Reaction Time Analysis

The mean RT for the random portion of the clock task was 640.99 ± 122.62 ms, while
the mean variability of the random RT was 116.8 ± 58.21 ms. Additionally, the mean RT for
the pattern portion of the task was 597.22 ± 141.9, and its variability was 115.04 ± 47.02 ms.

The results indicated that participants with lower reaction times on the random portion
of the task performed better, with higher correct detections (Spearman ρ = −0.52, p < 0.001;
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Figure 3) and lower incorrect (Spearman ρ = 0.39, p = 0.009; Figure 4) and missed detections
(Spearman ρ = 0.36, p = 0.017; Figure 5).
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4. Discussion

The results of this study provide significant insights into the mechanisms underly-
ing vigilance and detection of random and patterned anomalies. By employing a novel
adaptation of Mackworth’s Clock Test [28], we could examine participants’ ability to detect
irregularities and recognize structured patterns over an extended period. This design
allowed us to focus on the time it takes for unconsciously detected patterns to become
consciously recognized. Overall, the results demonstrate that 41% of the participants
(18/44) could accurately detect the pattern of anomalies with varying degrees of accuracy
and response consistency. Additionally, 45% of all participants (20/44) exhibited implicit
learning. Of these 20 participants only 10 correctly identified the pattern, in other words,
the other 10 participants exhibited implicit learning but did not consciously find the pattern.
For the 10 participants who demonstrated implicit learning and were able to accurately
report the pattern, the duration between the first instance they exhibited implicit learning
to the instance they reported the pattern was on average 41 s. This study provides valuable
insights into the conscious and unconscious detection processes involved in vigilance tasks.

4.1. Pattern Recognition

One of the primary findings of this study is that 41% of the participants accurately
identified the pattern of anomalies. This indicates that while a substantial proportion of
participants could detect and report structured patterns, many struggled with this task.
The variability in performance highlights individual differences in vigilance and pattern
recognition abilities, consistent with previous research on sustained attention [31]. Our
findings suggest that vigilance, assessed through detection accuracy and reaction times,
plays a critical role in transitioning from unconscious to conscious pattern recognition.
The increased reaction time variability among participants who accurately identified the
pattern may reflect the cognitive load of maintaining vigilance while processing complex
temporal information. Additionally, it is possible that once a subject actively perceived the
pattern, they did not strive to click the mouse as quickly as possible, knowing when the
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anomaly would occur. In contrast, we found no significant differences in other measured
parameters when comparing participants who accurately detected the pattern to those who
did not (p > 0.10). This lack of substantial differences suggests that the ability to detect and
report the pattern may not solely depend on attention-related performance metrics but
could involve other cognitive factors such as memory and pattern recognition skills.

4.2. Choice of Threshold

Our results indicated that the choice of a 5% threshold for identifying unconscious
detection was statistically sound, as demonstrated by the significant differences observed
between random and unconscious reaction times. However, we acknowledge that de-
termining an appropriate threshold remains one of the more challenging aspects of our
methodology. While our approach was individualized, using each participant’s reaction
times during the random phase to set the threshold, the use of a fixed 5% cut-off may
still have limitations in fully capturing the nuances of unconscious processing across all
participants. Future studies should consider whether other methods, such as dynamic
or context-dependent thresholds, might provide a more precise measure of unconscious
detection. Additionally, further research could examine the implications of different thresh-
old levels on the detection of unconscious cognitive processes to refine and enhance the
robustness of this approach.

4.3. Implicit Learning: Conscious and Unconscious Detection

A crucial aspect of our study was the investigation of unconscious detection and its
transition to conscious awareness. We found that 45% of the participants exhibited implicit
learning, and that 50% of them were able to accurately report the pattern. Furthermore,
our results suggest that, for those who could accurately report the pattern, it took on
average 41 ± 29 s from the moment they first exhibited implicit learning to the moment
they reported the pattern. This finding aligns with previous research suggesting that
unconscious processing can precede conscious awareness [1]. Moreover, recent studies on
implicit learning have demonstrated that the brain can process and respond to patterns
without conscious awareness, further supporting our observations [17,32].

Our findings indicate that unconscious knowledge can influence behavior before
transitioning into conscious awareness. This is consistent with the work of Norman et al.
(2019) [33], who found that participants could utilize structural knowledge of an artificial
grammar without being consciously aware of it. Similarly, Dienes and Scott (2005) [5]
demonstrated that individuals can apply complex regularities unconsciously, suggesting
that unconscious structural knowledge can be strategic and impactful.

However, the fact that no clear evidence of implicit learning was found for 55% of the
participants indicates that this phenomenon may be more nuanced and individualized. Fac-
tors such as familiarity with the stimuli [10] and the ecological relevance of the task [12,13]
might influence the effectiveness and detectability of unconscious learning. Previous re-
search has highlighted the complexity and variability of implicit learning mechanisms,
suggesting that individual differences play a significant role in how unconscious detection
transitions to conscious awareness [34–36].

Further research is needed to elucidate the conditions under which unconscious
detection reliably transitions to conscious awareness and to explore the cognitive and
neural mechanisms underlying these processes. Advances in neuroimaging techniques,
such as fMRI and EEG, could provide deeper insights into the brain regions and networks
involved in these transitions [21,23]. Additionally, future studies should consider the role
of task complexity and environmental factors in modulating unconscious detection, as
these elements are critical for understanding how implicit learning operates in real-world
settings [8,9].
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4.4. Detection Performance and Vigilance

Although not the primary focus, our adaptation of Mackworth’s Clock Test allowed
us to assess participants’ vigilance, yielding insightful results. The correlation between
reaction times during the random phase and detection performance indicates that vigilance
significantly impacts participants’ ability to detect anomalies. Participants with quicker re-
action times were more accurate in detecting anomalies, suggesting that sustained attention
is crucial for optimal performance in this task. This finding underscores the importance of
vigilance in the context of our study. It aligns with our goal of understanding the cognitive
processes that support the transition from unconscious to conscious detection. Our results
demonstrate how complex attention tasks such as the Mackworth Clock Test are, as only
7% of the participants had a perfect score. Nevertheless, on average, participants correctly
detected 78.36 ± 20.3% of the anomalies, which shows its efficient test range. Further-
more, we found that variability in attention can be seen in all three measurements, as they
all correlate.

The reaction time analysis from the random portion of the task revealed significant
variability among participants (mean RT = 640.99 ± 122.62 ms). This variability suggests
differences in processing speed and response consistency. Strikingly, this variability in
RT correlated with the variability in participants’ ability to perform the task accurately.
Participants with lower reaction times exhibited higher correct detections and lower in-
correct and missed detections, suggesting that faster processing speeds may enhance
vigilance performance.

4.5. Implications and Future Directions

The findings of this study have several practical implications. Understanding the
mechanisms of vigilance and pattern recognition can inform the design of tasks and
training programs to improve performance in high-stakes professions requiring sustained
attention. For example, tailored training interventions that enhance individuals’ ability to
detect patterns and maintain vigilance over long periods could benefit air traffic control,
surveillance, and quality inspection. These fields often rely on rapid and accurate detection
of subtle anomalies, making our insights particularly valuable.

Future research should explore the cognitive and neural mechanisms underlying
individual vigilance and pattern recognition differences. Neuroimaging techniques such
as functional MRI (fMRI) and electroencephalography (EEG) could provide deeper in-
sights into the brain regions and networks involved in these processes [21]. Identifying
the neural correlates of unconscious and conscious detection could reveal the transition
mechanisms between these states, contributing to a more comprehensive understanding of
cognitive processing.

Additionally, longitudinal studies examining how training and practice influence
vigilance and pattern recognition over time would be valuable. These studies could help
determine the long-term effects of different training regimens on the ability to detect
patterns and maintain vigilance. Another potential direction for future research is to
investigate the role of task complexity and environmental factors on vigilance performance.
By varying the difficulty and context of vigilance tasks, researchers can better understand
how these factors influence detection accuracy and response times. This knowledge can be
applied to optimize task design and create more effective training programs, enhancing
performance in real-world settings.

4.6. Limitations

While this study provides valuable insights, it is essential to acknowledge its lim-
itations. The sample size, although adequate, may not fully capture the variability in
vigilance performance across different populations. Additionally, using a single type of
vigilance task limits the generalizability of the findings to other types of vigilance tasks.
Future studies should include larger, more diverse samples and a variety of task designs
to enhance the robustness of the findings. Moreover, the specific parameters of our task
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may not fully encompass all aspects of real-world vigilance tasks. Further research should
aim to replicate our findings across different task paradigms and settings to validate the
generalizability of our results.

5. Conclusions

In conclusion, this study advances our understanding of vigilance and pattern recog-
nition by employing an innovative adaptation of Mackworth’s Clock Test. Our findings
highlight the variability in individuals’ ability to detect and report structured patterns
and underscore the complexity of unconscious and conscious detection processes. The
results demonstrate that many participants can accurately detect patterns, with many
showing signs of unconscious detection before conscious awareness of approximately 40 s.
These insights are essential for designing tasks and training programs to improve vigilance
performance in various professional settings.

Future research should continue to explore the cognitive and neural mechanisms un-
derlying vigilance and pattern recognition and the factors influencing these critical abilities.
Additionally, further studies should investigate alternative methods for determining un-
conscious detection thresholds and consider the role of task complexity and environmental
factors in vigilance performance. By addressing these areas, researchers can develop more
effective strategies for enhancing vigilance and pattern recognition, ultimately improving
performance in high-stakes environments.
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