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Abstract
In remote surgery applications, the loss of direct haptic feedback necessitates sensory substitution to convey
critical information such as instrument depth [1]. This study compares symbolic "numerical" (Level A) and
sensory "spatial-colour" (Level B) visual feedback on compensatory tracking performance within the context
of Robot-Assisted Minimally Invasive Surgery (RAMIS). Using a sample of 32 participants, performance was
quantified through completion runtime and accuracy (pixel area deviation).

While initial analyses (N = 32) showed that participants were 8.55s faster on average with spatial-
colour feedback, this result was statistically significant under the directional one-tailed test (p = 0.0293
for time). Accuracy was not significantly better for numerical feedback under its directional one-tailed test
(p = 0.6005), and the observed mean difference was opposite to Hypothesis 2.2 (numerical had 27.9 px2

larger area off target on average). A sensitivity analysis (N = 28) omitting four technical outliers simi-
larly showed a statistically significant speed advantage of 8.14s for spatial-colour feedback (p = 0.0165),
while the accuracy-direction hypothesis remained unsupported (p = 0.9054). Qualitative survey data indi-
cated that the high cognitive load required to decode symbolic numerical data was perceived as "distracting"
and "mentally taxing," negating its theoretical precision benefit. Furthermore, a strong negative correla-
tion (r ≈ −0.75) confirmed a robust speed-accuracy trade-off across both modalities. Analysis of gender
and video-gaming covariates showed no significant differences in mean performance, though video gamers
demonstrated a more pronounced speed-accuracy trade-off and reported higher utility for spatial-colour cues.
These findings suggest that surgical robotic interfaces should prioritize pre-attentive sensory-spatial cues to
minimize operator lag time while maximizing accuracy.

Github Repository: https://github.com/snowxzf/MIE_Project
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1 Introduction

Cognitive ergonomics and workload relate to the

ability to process sensory input, such as sight, sound,

and touch, into motor responses and ’working mem-

ory’ to complete tasks [2]. Surgeons performing

high-precision tasks like robotic surgeries use cog-

nitive training with "cognition to integration to au-

tonomous" learning stages. Here, the brain consis-

tently applies conscious understanding into deliber-

ate motor execution until using little monitoring as

the surgeon reaches an ’autonomous’ stage [3].

In Robot-Assisted Minimally Invasive Surgery

(RAMIS), the physical separation between the sur-

geon and the patient disrupts direct haptic (touch)

feedback [4]. This absence of tactile information

necessitates sensory substitution, where critical data

like instrument depth must be translated into visual

cues. While cognitive ergonomics research has ex-

plored how workload affects performance, there is a

lack of comparative data on which visual modalities

most effectively bridge this ’depth-sensing’ gap [5,6]

by optimizing accuracy while minimizing lag time,

making our research both novel and significant.

This begets the question: How do Symbolic (Level

A) and Sensory (Level B) feedback modalities compare

in accuracy and runtime when performing a continuous

tracking task, simulating surgery?

Symbolic feedback uses characters like Arabic nu-

merals, relying on foveal vision and ”semantic in-

terpretation,” thus requiring more working memory

and focal attention. This often causes ”in-attentional

blindness” [7, 8]. Meanwhile, sensory feedback uses

spatial-colour gradients, which target the peripheral

vision, excelling at pre-attentive motion and colour

detecting [9]. Visual metrics were prioritized for their

efficacy in surgeries, as acoustic factors are more dis-

tracting [10], and 90% of feedback to the brain is vi-

sual [11], making it more accessible. Spatial-colour

and numerical feedback are distinct, yet immensely

popular as they compare qualitative and quantitative

feedback [12,13]. Numbers best and most accurately

quantify trends and compare to a baseline, whereas

spatial-colour uses selective attention, processing 60

000 times faster than text and reducing cognitive load

compared to reading numbers [11].

This report highlights the methods and biases,

alongside course concepts used to analyze and infer

the influence of covariants on data. The result impli-

cations were applied to a surgical application.

2 Methodology

The independent variables are the two feedback

modalities, namely Level A and Level B feedback.

The dependent variables that will be tested are run-

time (time taken to complete the task) and accuracy

(how close the individuals were to the line). Accuracy

will be measured by calculating the area bounded be-

tween the drawn curve and the target curve. This sec-

tion highlights our key design decisions, biases and

limitations in performing this study.

2.1 Participants and Sampling

A sample size of 32 University of Toronto (UofT)

second-year Engineering Science (EngSci) students

were taken to perform this experiment: 16 Females

and 16 Males between ages 19 to 21. To mitigate
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potential order effects and task habituation, a coun-

terbalanced experimental design was employed [14].

Within each gender cohort (N = 16), participants

were equally divided into two groups: eight individu-

als performed the numerical modality (Level A) first,

while the other eight began with the spatial-colour

feedback (Level B). This distribution ensures that any

observed improvements in runtime or accuracy are at-

tributable to the feedback modality itself, rather than

a learning effect from tracing the same pattern [15].

The study was divided by gender and treated as

a covariant because studies claim that fine motor

task performance depends on age and test conditions,

with Males between the age of 12 and 17 outperform-

ing Females in fine motor tasks, although there is a

weak significance to confirm this [16].

The N = 32 sample was taken to satisfy both the

theoretical and structural requirements of the exper-

imental design. A sample size exceeding the N > 30

threshold was necessary to use Central Limit Theorem

(CLT) and assume normality across the entire popula-

tion, thus strengthening the validity of the parametric

inferential statistical analysis [17], while allowing for

an equitable distribution of 8 Males and Females per-

forming Level A or B feedback first.

A participation form was given to all individuals

to assess any covariants and diagnose that can hinder

their performance (ex. fine motor issues, colourblind-

ness). This survey is available in Appendix A.

While UofT EngSci’s were chosen for accessibil-

ity, they cannot replicate the experience of a surgeon,

prompting selection bias. Thus, playing video games

became a covariant as it best improves cognitive train-

ing and hand-eye coordination, simulating the skills

of surgeons [18], while being an accessible fine mo-

tor task for most engineering students. Time covari-

ates are ignored as accuracy was prioritized. How-

ever, a limitation is the uneven split in the amount

of time participants spent gaming, where 17 partici-

pants spent 0 hours/day, while 15 participants spent

between 1-4 hours/day (>0 hours/day).

The survey used objective questions to limit spec-

ulation. However, factors like the number of hours of

gaming can fluctuate throughout a semester.

2.2 Experimental Apparatus

Appendix B provides a script that was used to con-

vey the same information to each participant. Each

test was conducted in a quiet area by participants

during their booked time slot. They were asked if

they preferred Mac or Windows due to the dexterity

one may face when operating a different type of lap-

top. Both devices were 12 inches long [19,20], had a

trackpad sensitivity and cursor speed of 5, maximum

brightness and had the test maximized. Users were

prohibited from zooming in or using a touchscreen.

Figure 1 is the tested curve for all participants for both

modalities.

Figure 1: The tested curve presented on the UI.
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The curve in Figure 1, and found on Github com-

bines common incision geometries, like midline, coro-

nal, and transverse incisions [21] to simulate differ-

ent surgeries. As re-incisions are prevalent, where in

66% surgeries, doctors reoperate on the initial inci-

sion to minimize the amount of scarred skin, they

must be proficient with repetitive pattern tracing

[22]. This encouraged our curve to have repetitive

patterns. The same curve was tested for both feed-

back modes to maintain the ’complexity’ of the curve.

All participant data were downloaded as a .csv file

and compiled into trial\_metrics\_summary.csv

and participant\_order.csv. After each trial,

participants were asked questions, found in Appendix

A, about their opinions on both modalities and if they

experienced a learning curve from subsequent trials.

2.3 Experimental Task & Procedure

Participants were given four practice trials of ran-

domly generated curves without feedback [23] to be-

come familiar with test performance, difficulty and

navigation. However, they were not required to use

all their practice trials if they felt ready. To increase

comfort, the user could trace the curve without hav-

ing to constantly press down on the trackpad.

All users were told they were being timed with a

stopwatch for both assessments, but were hiding it to

encourage them to focus on accuracy.

Appendix C shows how the UI provides feedback

for each modality. Instructions for how the UI com-

municated feedback were both written on the top

of the test box and verbally communicated from the

script. In the numerical test, a decimal number fol-

lowing the cursor would alert the user on how many

pixels they deviated. The goal was to stay as close

to 0.0 for accuracy. Meanwhile, the spatial-gradient

modality had a constant light green background to in-

dicate "closeness" to the curve. The gradient changed

every 2.5 pixels to ensure it was sensitive enough for

small deviations while not being distracting, as is the

case for 1 to 2 pixel deviations [24]. It progresses

from green to red the farther one strays from the line.

3 Analyses

This section plans to use t-distribution, T-tests,

Pearson correlation, sensitivity analysis, normality

and inferential statistics to test our hypotheses.

3.1 Hypotheses

This study aims to test the following 4 hypotheses.

Hypothesis 1 (speed-accuracy trade-off): There

will be a negative correlation between runtime and

accuracy due to the Speed-Accuracy tradeoff, for both

feedback modalities. As the participant attempts to

finish the test faster (speed), they will likely move

hastily, sacrificing their accuracy. Note that a highly

positive correlation indicates that increased runtime

would lead to a higher area between the drawn and

generated curves, and thus that the participants had

lower accuracy the more time they spent. Conse-

quently, a negative correlation is preferred. This is

written more in depth in Section 3.4.

Using the Cognitive Load Theory [25], numerical

values require more mental resources to understand,

but they also provide a more specific and quantifiable

metric compared to the spatial gradient. Therefore,
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the following two hypotheses were created:

• Hypothesis 2.1: Spatial feedback will take less

time to finish than numerical feedback.

• Hypothesis 2.2: Numerical feedback will yield

higher accuracy than spatial-colour feedback.

Hypothesis 3 (male vs. female performance): Us-

ing the evidence in Section 2.1, male participants will

outperform female participants overall. This hypoth-

esis assesses the gender covariant in the study.

Video games provide sufficient cognitive train-

ing to improve hand-eye coordination [26] through

colour-feedback, allowing them to prioritize accuracy

regardless of time. This thus makes it a covariate for

this study. There are two hypotheses on the results of

gamers vs. non-gamers below:

• Hypothesis 4.1: Participants who spend more

time playing video games will have a high accu-

racy independent of any time-accuracy tradeoff,

especially with spatial feedback.

• Hypothesis 4.2: Participants who play more

video games will have shorter response times in

both modalities, as they are more used to com-

pleting fine-motor tasks.

For Hypothesis 3 and 4.1/4.2, to assess the mag-

nitude and direction of potential variables that impact

cognitive training, we found the correlation between

the runtime-accuracy ratio for Females and compared

it to that of Males for both feedback modalities. Simi-

larly, we assessed the correlation between individuals

who played video games and those who did not.

The null hypothesis for testing these assumptions

is that there is no correlation between any indepen-

dent and dependent variables.

3.2 Normality Assumption Checks

All data was analyzed using R, and is found in Ap-

pendix F. Normality tests were conducted using:

• Shapiro-Wilk (W )for a strict statistical test of

Gaussian distribution [27] (Appendix F.1).

• Quantile-quantile plots for a qualitative visual-

ization of tail deviations [28] (Appendix F.2).

A QQ plot visually depicted the graphical normality

in the different categories, whereas W quantitatively

reinforced the normality using analytical approaches.

The W test is the most reliable because it is used for

sample sizes N < 50 [29,30].

3.3 Use of T Distributions

A one-tailed paired test was used for the pri-

mary modality hypotheses because Hypothesis 2.1

and Hypothesis 2.2 are directional. Specifically, for

completion time we tested whether numerical minus

spatial-colour was greater than zero (spatial-colour

faster), and for area off target we tested whether nu-

merical minus spatial-colour was less than zero (nu-

merical more accurate).

A t-distribution is valid for small sample sizes, ide-

ally N < 30, although it can be used for N ≥ 30 be-

cause we had unknown population standard devia-

tions [31]. Thus, the t-distribution was used to ex-

trapolate the population mean and confidence inter-

val [32]. Using the standard α = 0.05 significance
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interval, if the one-tailed p-value was equal to or less

than α, then the null hypothesis was rejected in the

prespecified direction. The code for the directional

one-tailed test can be found in Appendix F.3.

Calculations for mean and standard deviation

code can be found in Appendix F.7. For comparisons

of mean completion time (s) and mean area off target

between independent groups—specifically, Females

versus Males(Hypothesis 3), and participants below

versus above the sample median of self-reported gam-

ing hours per day (Hypothesis 4.1/4.2)—we used

Welch’s two-sample t-test rather than Student’s clas-

sical two-sample t-test. The code for Welch’s t-test

can be found in Appendix F.4. The Welch procedure

tests the same null hypothesis (equality of population

means) but does not assume equal variances between

groups; it uses the separate sample variances and ad-

justs the degrees of freedom (often non-integer) to ac-

count for heteroscedasticity [33]. This choice is stan-

dard when group sizes or spread may differ, which is

plausible for self-report and performance subgroups.

3.4 Assessing the Speed-Accuracy Tradeoff

The code for calculating the Pearson’s coefficient

can be found in Appendix F.5. We use Pearson’s r

to summarize the linear association between runtime

and accuracy (and between ∆ time and ∆ area) on

the same participants. It ranges from −1 to +1 and

is scale-free [34]. Hypothesis 1 is framed as a lin-

ear speed–accuracy relationship, so Pearson is appro-

priate. Other quantities like Spearman rank corre-

lation would stress monotonicity rather than linear-

ity [35]. A negative r between time and area off tar-

get indicates that slower trials tend to be more accu-

rate. Inference assumes roughly bivariate normality;

where subgroup normality is borderline, we treat r

as descriptive support alongside scatter plots and QQ

checks, not as a strict distributional proof.

3.5 Conducting a Sensitivity Analysis

A sensitivity analysis allows us to understand how

different independent variables and data points influ-

ence the dependent variable and overall data analy-

sis, making them useful for determining outliers and

deepening our understanding of the influence of in-

dependent variables by making assumptions [36].

Data cleaning followed a protocol where out-

liers were defined using a conservative criterion of

|Z − score| > 3 for standard deviations or values

exceeding 1.5 × IQR. This threshold ensured that

the sensitivity analysis excludes only extreme tech-

nical anomalies, thereby preserving the integrity of

the core dataset for hypothesis testing [37]. We com-

pared performance with and without outliers to verify

the robustness of our findings. The above analysis (z-

score and IQR) was implemented in our code and can

be seen in Appendix F.6.

4 Results

This section outlines assumptions in determining

normality, if the data aligns with the hypotheses, and

an assessment of covariances. Table 1 gives a compre-

hensive summary of the primary inferential statistics,

including mean, standard deviation, paired t-test out-

comes and Pearson correlation coefficients for both

the full (N = 32) and filtered (N = 28) datasets. All
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Table 1: Full (N = 32) vs. outlier-excluded (N = 28). Descriptive rows are mean (SD) across participants in
each feedback mode. Paired differences are numerical minus spatial-colour (Level A − Level B): a positive
time difference means slower completion under numerical feedback; a positive area difference means larger
area off target under numerical feedback (worse accuracy).

Metric Full (N = 32) Filtered (N = 28)

Descriptive means (SD)
Time, numerical (s) 85.50 (38.80) 82.80 (34.20)
Area, numerical (px2) 3060 (874) 3100 (871)
Time, spatial-colour (s) 76.9 (30.6) 74.6 (27.6)
Area, spatial-colour (px2) 3030 (882) 2980 (675)

Paired t-tests on mean participant difference (A − B)
Time mean diff. (s) 8.55 (p = 0.029) 8.14 (p= 0.017∗)
Area mean diff. (px2) 27.90 (p = 0.601) 124 (p = 0.905)

Pearson correlation (r)
Num. (time vs. area) r = −0.747 (p < 0.001) r = −0.785 (p < 0.001)
Spatial (time vs. area) r = −0.718 (p < 0.001) r = −0.734 (p < 0.001)
∆Time vs. ∆Area r = −0.520 (p = 0.002) r = −0.694 (p < 0.001)

∗One-tailed paired t-test (direction: numerical > spatial-colour for time) significant at α= 0.05.

data is reported to three significant figures [38]

4.1 Normality Assumption Checks

Figure 9 in Appendix D shows a quantile-quantile

(QQ) plot of the data for Level A and B feedback for

each variable (time and accuracy). Qualitatively, the

data follows the linear trend of the red line, with mi-

nor standard deviations, showing normality. The R

code for the QQ plots is detailed in Appendix F.2.

To quantify this normality, Table 6 in Appendix

D outlines the Shapiro-Wilk statistics (W ). As the

W values are close to 1, they point towards normal-

ity in the data [39]. Numerical runtime and spatial-

colour accuracy showed formal non-normality via the

Shapiro-Wilk test (p < 0.05). However, because

this test can be overly sensitive to minor outliers in

moderate samples, a triangulated approach was used

[37]. Visual inspection of the QQ plots revealed a ma-

jor linear trend, suggesting the data are sufficiently

normal for parametric analysis. Consequently, we

maintained the normality assumption for the t-tests,

though we acknowledge these specific metrics repre-

sent a potential limitation in the inferential model.

4.2 Feedback Modality Testing

Figure 2 provides a box plot analyzing how com-

pletion time changed by feedback type. As seen quan-

titatively in Table 1, participants were slower with nu-

merical feedback than spatial-colour by about 8.55

s on average, aligning with Hypothesis 2.1. Un-

der the directional one-tailed paired test for time

(µnumerical−spatial > 0), the p-value was 0.029, below

α= 0.05, so Hypothesis 2.1 was supported.
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Figure 2: Box Plot for Completion time based on nu-
merical (purple) and spatial-colour (green) feedback.
Qualitatively, there is less variance in time among par-
ticipants in spatial-gradiant than in numerical.

Figure 3 shows a box plot between numerical and

spatial colour for accuracy, measured by area off of

the target curve.

From Table 1, the area off target was larger in

numerical than spatial-colour by 27.9 px2, opposite

to Hypothesis 2.2. Under the directional one-tailed

paired test for accuracy (µnumerical−spatial < 0), the p-

value was 0.601, which is greater than α = 0.05;

therefore, Hypothesis 2.2 was rejected.

Figure 3: Box Plot for performance accuracy, mea-
sured by the amount of deviation the individual had
from the target curve. The lower the score, the bet-
ter. Both modes had similar variability and accuracy
scores, even though spatial-colour provided better ac-
curacy, disproving Hypothesis 2.2.

The qualitative survey results (Figure 23 in Ap-

pendix G) provide a cognitive basis for the observed

quantitative trends. While numerical feedback was

intended to provide high-precision metrics, 50% of

participants (N = 16) categorized it as "Distract-

ing" or "Stressful," often noting that the rapid deci-

mal changes forced a transition from intuitive trac-

ing to deliberate focal attention. This increased cog-

nitive load likely accounts for the higher variance

and slower runtimes observed in the numerical tri-

als. In contrast, 59% of participants (N = 19) explic-

itly preferred the spatial-colour modality, describing

the light-green gradient as "calming" and "intuitive."

This aligns with the theory of pre-attentive process-

ing; by allowing users to monitor error via periph-

eral vision, the spatial-colour mode minimized "in-

attentional blindness" and facilitated a smoother mo-

tor "flow." Additionally, the 69% perceived learning

rate (N = 22) confirms that despite counterbalanc-

ing, the majority of participants successfully internal-

ized the sinusoidal pattern, highlighting the role of

habituation in repetitive surgical tasks.

4.3 Correlation for Speed-Accuracy Trade-off

The correlation between runtime and accuracy for

both feedback modalities were negative with low p-

values as seen in Table 1. The magnitude of these co-

efficients—ranging from r = −0.72 to −0.80 across

all subgroups—indicates a strong linear relationship

between speed and accuracy. This confirms Hypothe-

sis 1, where participants, regardless of modality, con-

sistently modulated their pace to maintain precision,

a hallmark of the Speed-Accuracy Trade-off.

8



Final Report: Compensatory Tracking Performance University of Toronto

4.4 Outlier Testing & Sensitivity Analysis

Upon screening the data for outliers, as men-

tioned in Section 3.5, we identified four participants

as outliers due to extreme deviations in completion

time or area error that likely reflected technical hesi-

tation rather than modality effects.

To confirm our findings, a sensitivity analysis was

conducted by comparing results from the full dataset

(N = 32) against the filtered dataset (N = 28) [40].

The normality of the outliers was assessed in Table

7 in Appendix D, which shows that while the score

for normality improved for numerical accuracy com-

pared to the full sample, there is still a p < 0.05

for spatial-colour runtime. However, the QQ plots

(Figure 10 in Appendix D), imply normality, they will

be cautiously used for smaller sample sizes. This p-

value may be due to a natural limit in human motor

precision, where individuals cannot significantly im-

prove accuracy beyond a certain threshold regardless

of feedback type [41].

As seen in Table 1, omitting these outliers shifted

the one-tailed paired test p-value for completion time

from 0.029 to 0.017, strengthening the evidence for a

speed advantage with spatial-colour feedback. For ac-

curacy, the one-tailed p-value increased from 0.601 to

0.905, remaining non-significant and opposite to the

hypothesized direction. This suggests that the speed

advantage of sensory-spatial feedback is robust once

extreme technical variances are controlled, whereas

the directional numerical-accuracy hypothesis is not

supported in this sample.

The correlation analysis remains consistent across

both the full and filtered datasets, confirming a strong

inverse relationship between runtime and area er-

ror as stated in Hypothesis 1. Notably, the correla-

tion between the difference in time and the differ-

ence in area error strengthened from r = −0.520 to

r = −0.694 (p < 0.001) after outlier removal, re-

enforcing a consistent trade-off.

4.5 Exploratory Demographic Analysis

4.5.1 Impact of Gender on Performance

Figure 12 in Appendix E provides a box plot that

compares the performance of Males and Females in

terms of speed and accuracy. QQ plots for this sample

(Figure 11 in Appendix E) show mostly normal distri-

bution, with full W values (in Table 8, Appendix E),

spatial-color for Females should be taken cautiously

as it showed a significant departure from normality.

Descriptive statistics are summarized in Table 2. On

average, both groups were faster with spatial-colour

than with numerical feedback. Mean times and areas

were similar across genders within each mode.

To test whether mean performance differed be-

tween genders (independent groups), we used Welch

two-sample t-tests (Table 9, Appendix E). None of the

comparisons reached statistical significance at α =

.05, so we did not find evidence that Males and Fe-

males differed in mean time or mean accuracy for ei-

ther feedback type, nor in the participant-level paired

differences (numerical − spatial) for time or area,

therefore we reject Hypothesis 3.
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Table 2: Mean completion time (s) and mean area
off target (px2) by gender (N = 16 both) and feed-
back type. Results are formatted as: mean (standard
deviat ion)

Gender Level Time Area off target

(s) (px2)

Females A 86.9 (38.1) 3010 (731)

B 79.2 (33.2) 3040 (981)

Males A 84.1 (40.7) 3100 (1020)

B 74.6 (28.7) 3010 (803)

As well, there was a strong negative Pearson corre-

lation between completion time and accuracy for both

genders and modalities. Table 3 showcases the Pear-

son correlation for Females and Males in both feed-

back types. This consistent negative relationship in-

dicates that both Males and Females exhibited a simi-

lar speed-accuracy trade-off, as shown in the analysis

above, thereby matching Hypothesis 1.

Overall, these results suggest no correlation be-

tween gender and performance, as both groups show

similar trends in time and accuracy.
Table 3: Pearson correlation coefficients (r) with their
corresponding p value (all within α = 0.05 by feed-
back type (Level A and B) and group (male and fe-
male)

Group Level r p

Females A −0.80 < .001

B −0.67 .004

Males A −0.72 .002

B −0.79 < .001

4.5.2 Impact of Gaming Experience

Figure 14 in Appendix E compares participants

below vs. above the sample median of self-reported

gaming hours per day (approximately 0 vs. >

0 h/day). QQ plots for this sample (Figure 13 in Ap-

pendix E) show mostly normal distribution, with full

W values (in Table 10, Appendix E) though spatial-

color accuracy for 0h/day and spatial-color runtime

for >0h/day should be taken cautiously. Descriptive

statistics are in Table 4.

Table 4: Mean completion time (s) and mean area
off target (px2) by gaming group and feedback type.
N = 17 for ∼0 h/day; N = 15 for > 0 h/day per
mode. Results are formatted as: mean (standard
deviat ion)

Group Level Time (s) Area off target (px2)

∼0 h/day A 86.9 (35.0) 2840 (732)

B 83.4 (31.3) 2880 (1010)

>0 h/day A 85.5 (45.1) 3300 (1010)

B 70.3 (30.0) 3220 (730)

Both groups were faster on average with spatial-

colour than numerical feedback. This may be due

to the heavy usage of color in several games to give

feedback to the gamer in their in-game performance,

matching Hypothesis 4.1 as participants who gamed

completed the test much faster with spatial feedback

compared to numerical feedback.

However, Welch t-tests (Table 11, Appendix E) did

not show statistically significant differences between

gaming groups in mean time or mean area for either

feedback type, nor in the participant-level paired dif-

ferences (all p > .15). Thus we cannot claim a reli-

able between-group advantage tied to gaming hours
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on these tests, and reject Hypothesis 4.1.

Pearson correlations between time and area re-

mained strongly negative within each gaming group

and feedback type (Table 5), again aligning with Hy-

pothesis 1 (a consistent negative linear association).

Table 5: Pearson correlation coefficients (r) with their
corresponding p value (all within α = 0.05 by feed-
back type (Level A and B) and group (gaming time)

Group Level r p

∼0 h/day A −0.737 .0007

B −0.706 .002

>0 h/day A −0.790 .0008

B −0.739 .002

5 Conclusion

This study compared symbolic numerical and

sensory-spatial visual feedback to identify the optimal

modality for high-precision compensatory tracking in

remote surgery. Our results confirm a fundamen-

tal speed-accuracy trade-off (Hypothesis 1), where

participants across all demographics modulated their

pace to maintain precision (r ≈ −0.750).

While the theoretical precision of numerical feed-

back (Level A) was hypothesized to improve accu-

racy, this was rejected (Hypothesis 2.2, one-tailed

p = 0.601 in the full sample; p = 0.905 after

outlier exclusion); instead, participants reported sig-

nificant cognitive overload when decoding symbolic

data. Conversely, sensory-spatial feedback (Level B)

demonstrated a robust speed advantage in both the

full sample and sensitivity analysis (Hypothesis 2.1,

one-tailed p = 0.029 for N = 32; p = 0.017 for

N = 28). Furthermore, exploratory analyses rejected

gender and gaming experience as significant perfor-

mance determinants (Hypotheses 3, 4.1, and 4.2),

suggesting that the advantages of spatial cues are

largely universal and independent of prior fine-motor

training.

These findings have direct implications for the de-

sign of RAMIS interfaces. For real-time tasks like

catheter navigation or laser ablation, sensory-spatial

cues should be prioritized as they are processed pre-

attentively. This allows surgeons to utilize peripheral

vision for depth monitoring without diverting focal

attention from the surgical site, reducing corrective

lag time and enhancing patient safety [1].

Future research should transition from the "pat-

tern memorization" observed with sinusoidal paths

to more ecologically valid, stochastic trajectories

that replicate complex surgical incisions. A longi-

tudinal, multimodal approach—integrating spatial-

colour cues with redundant haptic feedback—could

further delineate the transition from the cognitive

to the autonomous learning stage. By controlling

for hardware-specific variables like trackpad resolu-

tion and operator posture, subsequent iterations will

provide a more granular optimization of the human-

machine interface in robotic surgery.
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6 Appendices

6.1 Appendix A: Participant Form & Post-Test Survey

A link to the participant form can be found below: https://docs.google.com/forms/d/e/1FAIpQLSczcxdmgbi-U4Tf8FJvPboxo4EsSjBMCKZdqCypZ1tPXRsehg/

viewform?usp=header

A link to the post-test survey questions that were asked to all participants immediately after their comple-

tion of the test: https://docs.google.com/document/d/1ufc6iUMie3V6-SwcyP_nKV-Rvkxq9UYIJZ_

CrklxQqg/edit?usp=sharing

6.2 Appendix B: Script

A link to the script that each participant was shown at the beginning of the test: https://docs.google.

com/document/d/1gJg4LpQOil-J3uRqdJ1OZoQ3zaqC-cKQMq9CqJJkGKc/edit?usp=sharingNote that

in between, starts and italicized text mark times when the test website was used.

6.3 Appendix C: UI Appearance for Modalities

Below are some screenshots of key elements of our website used to conduct all the testing. Note that

consistently throughout, the dark purple line represents the line the participant must trace with their cursor,

while the dark green line shows the actual line the participant’s cursor has made.
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Figure 4: Screenshot of the website when user is initially beginning testing, prior to starting the actual line-
tracing test. The curve is shown in dark purple.
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Figure 5: Screenshot of an in-progress numerical test, where the number of pixels the participant is away
from the curve is shown in black next to their cursor. The line traced out by the participant can be seen in
green.
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Figure 6: Screenshot of an in-progress spatial test, where the background is currently green as the partici-
pant’s cursor is extremely close to the line. The line the participant has traced using their cursor can be seen
in dark green.
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Figure 7: Screenshot of an in-progress spatial test, where the background is currently red as the participant’s
cursor is far from the line as indicated by the dark green line. Note that the dark green line is the line the
participant has traced using their cursor.
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Figure 8: Screenshot of the completed test, with the dark green line indicating the line the participant’s
cursor has traced out, while the dark purple line is the line the participant had to trace. The download csv
button can be seen, where data was downloaded and processed using code.

6.4 Appendix D: Normality Assumption Checks

Figure 9 shows the quantile-quantile plot used to qualitatively assess normality in the sample.

Table 6 shows the output parameters for the Shapiro-Wilk test for the entire N = 32 dataset.

Condition W p
Numerical Runtime 0.927 0.033
Numerical Accuracy 0.955 0.195

Spatial-colour Runtime 0.938 0.065
Spatial-colour Accuracy 0.894 0.004

Table 6: Shapiro–Wilk test on pooled outcomes (N = 32 per cell).

Figure 10 shows the quantile-quantile plot used to qualitatively assess normality in the outlier analysis.
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Figure 9: QQ-plots showcasing normality by condition and outcomes, where Conditions 1, 2, 3 and 4 are
Numerical Area off target px2, Numerical Runtime, Spatial-Colour Area off Target and Spatial-Colour Time,
respectively.

Table 7 includes the Shapiro-Wilk values for the specificity (outlier analysis).

Condition W p
Numerical Runtime 0.956 0.284
Numerical Accuracy 0.956 0.271

Spatial-colour Runtime 0.924 0.043
Spatial-colour Accuracy 0.970 0.580

Table 7: Shapiro-Wilk after excluding outliers (restricted sample, N = 28).

6.5 Appendix E: Covariate Figures and Tables

6.5.1 Gender Covariate

The QQ plot for gender is shown in Figure 11. All lines are approximately normal, and by inspection are

linear.
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Figure 10: QQ-plots showcasing normality for outliers by condition and outcomes, where Conditions 1, 2,
3 and 4 are Numerical Area off target px2, Numerical Runtime, Spatial-Colour Area off Target and Spatial-
Colour Time, respectively.

Figure 11: Quantile-quantile plot for performance per gender on speed and accuracy for each modality.

The Shapiro-Wilk results for gender is shown in Figure 8.

Figure 12 shows the box plot for test completion time and accuracy per gender.
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Group Condition W p

Females

Numerical Runtime 0.933 0.271
Numerical Accuracy 0.960 0.655

Spatial-colour Runtime 0.934 0.285
Spatial-colour Accuracy 0.779 0.001

Men

Numerical Runtime 0.921 0.173
Numerical Accuracy 0.930 0.248

Spatial-colour Runtime 0.913 0.129
Spatial-colour Accuracy 0.949 0.467

Table 8: Shapiro–Wilk by gender and feedback mode (N = 16 per group per stratum).

Figure 12: Box Plots for test completion time in seconds (top) and performance accuracy using the area of
pixels off target line (bottom), split by gender.

Table 9 shows the results from the t test done per gender, and the outcomes for accuracy and time for

both modalities.
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Table 9: Welch two-sample t-tests for gender ( Females vs. men). H0: equal means. Two-sided p-values.

Outcome (subset) t (df) p

Time, numerical (A) 0.20 (29.9) .842

Time, spatial-colour (B) 0.42 (29.4) .678

Area, numerical −0.27 (27.2) .787

Area, spatial-colour 0.09 (28.9) .930

Paired diff. time (A. − B) −0.20 (25.2) .841

Paired diff. area (A. − B.) −0.52 (29.2) .609

6.5.2 Gaming Covariate

The QQ plot for gaming is shown in Figure 13. All lines are approximately normal, and by inspection are

linear.
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Figure 13: Quantile-quantile plot for performance based on people who game for more than 0 hours and
those above 0 hours on speed and accuracy for each modality.

The Shapiro-Wilk results for gender is shown in Figure 10.

Figure 14 shows the box plot for test completion time and accuracy for gaming.
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Group Condition W p

∼0 h/day

Numerical Runtime 0.951 0.474
Numerical Accuracy 0.929 0.206

Spatial-colour Runtime 0.974 0.889
Spatial-colour Accuracy 0.778 0.001

>0 h/day

Numerical Runtime 0.892 0.086
Numerical Accuracy 0.967 0.827

Spatial-colour Runtime 0.863 0.034
Spatial-colour Accuracy 0.969 0.864

Table 10: Shapiro–Wilk by gaming-time split and feedback mode.

Figure 14: Box Plots for time taken to complete the test in seconds (top) and performance accuracy as
measured by the area of pixels off target line (bottom), split by the amount of time participants spent gaming
per day

Table 11 shows the results from the t test done for gaming, and the outcomes for accuracy and time for

both modalities.
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Table 11: Welch two-sample t-tests for gaming groups. H0: equal means. Two-sided p-values.

Outcome (subset) t (df) p

Time, numerical 0.09 (24.2) .927

Time, spatial-colour 1.18 (28.3) .248

Area, numerical −1.43 (23.1) .166

Area, spatial-colour −1.10 (28.6) .279

Paired diff. time (num. − spa.) −1.30 (27.1) .205

Paired diff. area (num. − spa.) −0.53 (29.0) .603

6.6 Appendix F: Key Code Snippets

Below are some of the code we used to analyze our data in R.
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6.6.1 Appendix F.2: Shapiro-Wilk (W) Code

Figure 15: Example implementation of Shapiro-Wilk (W ) calculations. This code can be found in
mie286_analysis_pipeline.R
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The object shapiro_by_group stores normality test results for each condition-outcome group. Within

group_modify(), the Shapiro-Wilk test (stats::shapiro.test()) was applied for groups where n fell

between 3 and 5000. The test returned a W statistic and p-value, with NA assigned where sample size

requirements were not met.

6.6.2 Appendix F.2: Quantile-Quantile (QQ) Plots Code

Figure 16: Example implementation of QQ plot. This code can be found in mie286_analysis_pipeline.R

The object qq\_pts stores the data used to construct the QQ plot by pairing sample values with their cor-

responding theoretical normal quantiles. For each group, the vector v represents the sorted sample data after

removing missing values while the variable n denotes the number of observations in this vector. Theoretical

quantiles were computed using stats::ppoints() and then converted to standard normal quantiles using

stats::qnorm().
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6.6.3 Appendix F.3: One-Tailed Test Code

Figure 17: Example implementation of one-tailed directional paired t-tests. This code can be found in
mie286_analysis_pipeline.R

Paired t-tests were conducted using t.test()with paired = TRUE and explicit directional alternatives.

For runtime (Hypothesis 2.1), we used alternative = "greater" on numerical - spatial-color

to test whether spatial-colour feedback is faster. For accuracy (Hypothesis 2.2), we used alternative = "less"

on numerical - spatial-color to test whether numerical feedback is more accurate. Results were

printed directly for each outcome.
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6.6.4 Appendix F.4: Welch’s t-test Code

Figure 18: Example implementation of Welch’s t-test test calculation. This code can be found in
mie286_analysis_pipeline.R

A Welch two-sample t-test was conducted using stats::t.test() with var.equal = FALSE, com-

paring group means using formula syntax (outcome ~ group). Setting var.equal = FALSE instructs R

to use separate sample variances for each group and apply the Welch–Satterthwaite approximation to ad-

just the degrees of freedom, accounting for heteroscedasticity between groups. The specific outcome and

grouping variables may differ across applications of this test.

6.6.5 Appendix F.5: Pearson’s Coefficient Code

Figure 19: Example implementation of the Pearson’s coefficient calculation. This code can be found in
mie286_analysis_pipeline.R

A Pearson correlation coefficient was computed using cor.test() with method = "pearson" to assess

the linear relationship between two continuous variables, here duration_sec and area_off_px2. The

specific variables and conditions may differ across applications of this test.
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6.6.6 Appendix F.6: Z-Score and IQR Code

Figure 20: Implementation of Z-score outlier detection. This code can be found in mie286_outlier_rules.R

Outliers were flagged using a z-score function col_z_extreme(), which computes the mean and stan-

dard deviation of a vector and flags any observation where the absolute z-score exceeds a threshold, default-

ing to zmax = 3. If the standard deviation is non-finite or near-zero, no observations are flagged to avoid

division errors.

Figure 21: Implementation of IQR outlier detection. This code can be found in mie286_outlier_rules.R

Outliers were also flagged using an IQR-based function col\_iqr\_extreme(), which computes the

25th and 75th percentiles and flags any observation falling below Q1 - 1.5 × IQR or above Q3 + 1.5 × IQR,
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following the standard Tukey method. If the IQR is non-finite or zero, no observations are flagged.

6.6.7 Appendix F.7: Mean and Standard Deviation Code

Figure 22: Example implementation of mean and standard deviation calculation by group. This code can be
found in mie286_analysis_pipeline.R

For each condition-outcome group, observed values were stored as a vector v. The mean and standard

deviation were computed directly on v using mean() and stats::sd() respectively. A near-zero or non-

finite standard deviation is replaced with a small fallback value to avoid errors in downstream calculations.

6.7 Appendix G: Participant Post-Test Results to Questions

The results here refer to the questions asked in Appendix B after the test.

Figure 23 uses the participant feedback given after the test and quantifies them into distinct categories,

being their modality preference, the common theme we saw in their numerical feedback comments, and if

they did or did not learn the curve.
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Figure 23: Three different plots are shown: the top right is a bar chart of the user preference per modality
(spatial-color, numerical, no feedback, or no opinion), the top right is a pie chart comparing how many par-
ticipants learned and did not learn the curve, and the bottom bar chart reflects the user’s common sentiments
on numerical feedback.
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