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Abstract—Affect impacts learning by influencing various cognitive, psychomotor and motivational processes. Recent 
research on affect has explored multimodal means of assessment. However, multimodal data convergence and 
interpretation remains a relatively new field. This paper examines affect’s role in aviation training using a multimodal 
affect assessment protocol. As participants performed ten simulated aviation tasks, various dimensions of affect were 
recorded. We examined convergence among subjective report of affective correlates, physiological response (EDA), 
behavioral affect changes (facial expression), and performance metrics (log file) with and without baseline removal, and 
the results were compared. We found that data convergence becomes more evident after baseline subtraction from facial 
expression and EDA measures, and becomes slightly less evident after baseline subtraction from performance metrics. 
These findings support the use of baseline removal when using facial expression or EDA data in a multimodal assessment 
protocol for aviation. We also found that self-report variables had a very similar level and pattern of convergence with 
data from the subsequent task as with the previous task. This conclusion holds with the Control-Value Theory of 
Emotions; self-report measures not only correlate with previous tasks, they also predict future affect change, 
physiological response, and performance. 
 
    Index Terms—Affect, Aviation, Multimodal, Control, Value 
 

I. INTRODUCTION 

Affect, which includes emotional states, moods, and stress responses [1], impacts learning through cognitive, 
psychomotor, and motivational processes [2]. In the field of aviation, affect has been shown to affect pilots’ ability 
to perform under demanding circumstances [3]. However, affective data remains underutilized in flight simulation 
because the implications of affective changes on learning during flight training are not fully understood. Different 
components of affect can have varying impacts on performance [1]. This paper explores a novel multimodal analysis 
method by subtracting baseline from multi-componential affect data. 
Multimodal assessment of affect is an emerging domain. Although techniques are improving rapidly, many 
multimodal methodologies remain relatively untested [4]. This paper focuses on multimodal affect research within 
the realm of aviation training. Previous research detailed a preliminary convergence analysis of collected facial, 
physiological, and self-report measurements in an aviation setting [5]. Several correlations were found between self-
report of affective correlates and physiological responses; skin Conductance Response (SCR) peak count correlated 
positively with physical workload, effort, and fatigue. The work also showed significant positive correlations 
between anger and all six self-report variables, and significant negative correlations between surprise and fatigue, 
and between fear and perceived control. The current paper looks to improve on those results by exploring a new 
multimodal analysis method. 
 

II. LITERATURE REVIEW 

To inform our investigation of the relationship between affect, self-report variables, and performance outcomes in 
aviation training, we reviewed literature on theories and methodologies most pertinent to this research, namely 
control value theory of emotions [6, 2] and multimodal frameworks to assess emotional states [4, 7, 10, 12]. 

A. Control-Value Theory 

Pekrun’s control-value theory of achievement emotions outlines how appraisals of value and control predict 
emotions [6] which in turn influence performance in learning activities. Value appraisals relate to perceived 
importance, usefulness, and interest of an activity. Control appraisals refer to feeling causal agency over one’s 
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actions [1, 2].Learners who value an activity highly with a high sense of control will experience the most positive 
emotions (e.g. happiness) during and after an activity. Learners with low value, control, or both will experience 
more negative emotions (e.g. anger). Both value and control appraisals act as affective correlates applicable to 
multimodal data convergence assessments.Both appraisals are defined as proximal antecedents; they are the only 
factors with direct impact on achievement emotions under Pekrun’s theory. Distal antecedents (factors further in the 
past), such as childhood experiences or past achievements, only influence achievement emotions through their effect 
on proximal antecedents [6]. Therefore, distal antecedents do not need to be measured in our experiment as long as 
value and control appraisals are collected. 

The emotions elicited by value and control appraisals include activity-related emotions (e.g. enjoyment, 
frustration) and outcome emotions (e.g. pride, disappointment). The difference between these two types of emotions 
is object focus; object focus describes where a learner’s attention is directed, either on an activity in the past 
(retrospective), present (concurrent), or future (prospective) [2]. Activity-related emotions are concurrent. Outcome 
emotions are retrospective. Since FaceReader operates while participants fly X-Plane, a concurrent situation, we 
define the collected emotions as activity-related in the context of our experiment. In our data analysis, object focus 
was taken into account; value and control appraisals were analyzed for convergence with FaceReader and 
performance data from the previous task (retrospective) and the subsequent task (prospective). Through this method 
of analysis, we compare different object focuses. If Pekrun’s theory applies aptly to our aviation-training setting, we 
should expect similarly high correlations regardless of whether survey appraisals are correlated with the previous or 
subsequent task. 

B. Multimodal Methodologies 

Multimodal methods of assessment involve “information input from at least two input sources” [8]. For complex 
tasks like flight simulation, successfully integrating multiple channels can yield a stronger predictive model of how 
affect influences performance [8]. Our research analyzes affect convergence along four dimensions; self-report 
(appraisal and workload), behavioral cues (facial expression), performance metrics (log files), andphysiological 
data (electrodermal activity - EDA). EDA is further divided into skin conductance level (SCL), which represents 
baseline arousal, and skin conductance response (SCR),which measures fluctuations in arousal. Previous research 
found agreement across all these channels in a medical setting, but differentiated the strengths of each channel: self-
report measures provide nuanced ratings for discrete emotions; facial expressions partition basic emotions; log data 
details context-relevant information; physiological patterns provide precise temporal data [7].  

Control and value appraisals predict change in affect and performance [6]. Authors [5] examined this 
relationship solely using convergence metrics; we sought to improve this analysis by employing baseline removal, 
which isolates change in each parameter by subtracting the parameters observed in a preliminary task. This 
technique is widely applied to Electrocardiogram [9] and EDA, removing noise and tonic drift [10]. Baseline could 
also be subtracted from facial expressions to isolate affect change [11]. Therefore, our research isolates changes in 
EDA and facial expression during aviation performance over time by subtracting the measurements of the aviation 
task of minimal difficulty (the baseline task – task 0) from all tasks. We aim to remove the possible confounding 
effect of disparity in tonic facial and EDA output across participants. 
 

III. RESEARCH QUESTIONS AND HYPOTHESES 

The following research questions will assess this potential improvement:  
1. Will baseline removal increase the number of significant correlations between two EDA measures (SCR 

and SCL) and self-reported workload and appraisal?As appraisals predict changes in arousal [6, 12], and 
baseline-removal isolates arousal changes while removing EDA noise and tonic drift [10], we therefore 
expect that baseline removal will increase the number of significant correlations [2, 7]. 

2. Will baseline removal increase the number of significant correlations between affective distribution as 
measured by FaceReader and self-reported workload and appraisal? As appraisals predict change in 
emotion[6, 12], and baseline-removal controls for participant disparity in emotions [11], we expect that 
baseline removal will increase the number of significant correlations [2,4,13]. 

3. Will baseline removal increase the number of significant correlations between X-Plane log file performance 
metrics and self-reported workload and appraisal? As appraisals predict change in performance[6], and 
baseline-removal controls for participant disparity in preliminary skill, we expect that baseline removal will 
increase the number of significant correlations [2, 4,13]. 
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4. Is a similarly strong correlation obtained as when answering the above three questions when EDA, facial 
expression distributions, and performance metrics are instead compared with self-reported data from 
subsequent tasks? As appraisal predicts affect and performance regardless of object focus [2], we expect 
that the number of significant correlations will be similar regardless of whether object focus is retrospective 
or prospective [6]. 

IV. METHOD 

This study is part of a larger project conducted in conjunction with several universities and CAE Inc., an aviation 
company. Working with aviation experts, we designed an experiment that utilized X-Plane, a software especially 
useful for orienting beginner pilot trainees that allows aviation instructors to adjust flight tasks to match participant 
skill and experience. We built an acquisition protocol incorporating four measurements: facial expression 
recordings, EDA, performance metrics, and self-report questionnaires. These measures are described below. IRB 
approval was obtained for this study. 

A. Participants 

To test these protocols, 19 participants (11 females) were recruited from undergraduate and graduate student 
populations at a North American University and compensated $10/hour. The participants, aged 19 to 35 (X = 
24.368, σ = 5.814),represent diverse ethnic backgrounds: 4 Asian, 5 White, and 5 from other ethnicities.  

B. Procedure 

After giving consent, participants completed a briefing and a demographic questionnaire. They were then trained 
to and perform basic maneuvers (adjusting speed, altitude, and heading) using a joystick on X-Plane. participants 
were able to arrive at and maintain the parameters at baseline, they began experimental tasks; EDA and facial 
expression recording started as the experimenter relayed separate verbal instructions for 10 aviation tasks for the 
participant to attempt (e.g. ‘turn left at a 15-degree banking angle to heading 30, raise speed to 275, maintain 
altitude’). The first task is to maintain baseline parameters. The subsequent tasks are paired maneuvers, such that the 
second task of each pair undoes the first task, returning the simulation to baseline. Each pair increases in intended 
difficulty. The final task is also to maintain baseline parameters. Participants fill out 6 identical questionnaires 
reporting on affect; one after the first task (task 0), one after each additional pair of tasks (tasks 2, 4, 6, 8), and one 
after the final task (task 9), with breaks after questionnaires if needed. 

C. Measurements 

Behavioural Cues: Facial Expressions through FaceReader 6.0.Footage from the Microsoft LifeCam hd5000 
recorded throughout the experiment is processed at 15 Hz by FaceReader 6.0 [14]. FaceReader returns the 
proportion and intensity of 7 fundamental emotions– neutral, happy, angry, sad, surprised, scared, disgusted. 

Physiological Arousal: Electro-dermal activity and BioPac.The BioNomadix EDA module records 
electrodermal activity [10]. Its sampling rate is 1000 Hz. Using Makowski’s EDA processing algorithm within a 
Python toolkit, Neurokit [15], SCL and mean SCR peaks per trial are extracted. 

Performance Metrics: Log File Data. Performance data was extracted from X-Plane log files. Measures of 
altitude, heading, and speed accuracy were translated into whole number scores from 1-4, 4 being the highest 
performance, then averaged into aggregate performance scores [5]. Performance scores were analyzed alongside the 
three more direct measures of affect.  

Experimental Appraisal for ‘Grounded Truth’: Subjective self-reports. Self-reports consisted of: (1) 
demographic questionnaire about age, gender, ethnicity, and relevant past experience; (2) an adapted perceived task 
value, control, and workload questionnaire designed in accordance with the expectancy-value theory of achievement 
emotion [16,1], the Perceived Control Scale [17, 1], and the aviation-focused NASA Task Load Index (TLX) 
questionnaire [12]. The TLX assesses workload, which is the overall cost to an individual executing a task 
[12].Workload influences affect regulation through physiological and neurological measures [18]. Our questionnaire 
contains items on four TLX workload parameters – mental demand, physical demand, effort, and fatigue. Physical 
and mental workload assess resources spent moving and thinking. Effort assesses an estimation of total physical and 
mental activity. Fatigue assesses the degree of tiredness that a participant experiences from a task.The questionnaire 
was administered between tasks and served as the “grounded truth” – a standard determinant of affective experience 
for comparison with other channels – during convergence analyses with EDA and facial affect data [4]. 
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V. RESULTS 

The results of this experiment are divided into four sections. The first three examine the effect of baseline removal 
on correlation analyses of learners’ physiological arousal, facial expressions, and performance metrics with self-
report data respectively. The fourth section examines the effect of changed object focus (previous vs subsequent 
task) on all correlation analyses. 

To answer our first three research questions, bivariate correlations were performed between our grounded truth 
questionnaire variables (mental workload, physical workload, effort, fatigue, perceived value and perceived control) 
and the measures central to our first three research questions: 1) Will baseline removal increase the number of 
significant correlations between two EDA measures (mean SCR peak count per minute, mean tonic SCL)and self-
reported workload and appraisal; 2) Will baseline removal increase the number of significant correlations between 
affective distribution as measured by FaceReader (neutral, happy, angry, sad, scared, surprised, disgusted)and self-
reported workload and appraisal; 3) Will baseline removal increase the number of significant correlations between 
X-Plane log file performance scores and self-reported workload and appraisal. After these preliminary analyses, 
baselines (task 0 data) were subtracted from EDA, facial expression, and performance data before a second round of 
convergence analysis. For example, mean tonic SCL from task 0 was subtracted from participants’ mean tonic SCLs 
from each task. All bivariate correlations were conducted for all participants and for all tasks that preceded the 
administration of a questionnaire (Nparticipants = 19). 

A fourth round of bivariate correlations were conducted to answer our fourth research question:How will a 
changed object focus affect the correlations between all three areas of prior focus (EDA, facial expression, and 
performance measures) and self-reported affective correlates. To change object focus from retrospective to 
prospective, we conducted these bivariate correlations using baseline-subtracted data for EDA, facial expression, 
and performance from each task that followed a “grounded truth” questionnaire (Nparticipants = 19). 

A. Physiological Arousal 

We ran two convergence analyses, one with baseline and one without. Baseline subtraction increased the number 
of significant correlations between self-reported affective correlates and both EDA measures. Before baseline 
subtraction (Table 1), SCR mean showed significant negative correlation with mental workload (r = -.187, p< .05) 
and effort (r = -.195, p< .05), and SCL mean showed significant negative correlation with physical workload (r = -
.152, p< .05). After baseline subtraction (Table 2) SCR mean showed significant negative correlation with mental 
workload (r = -.238, p< .05), physical workload (r = -.366, p< .01), effort (r = -.236, p< .05), and fatigue (r = -.296, 
p< .01), and significant positive correlation with perceived value (r = .325, p< .01)  and perceived control (r = .349, 
p< .01), while SCL mean showed significant negative correlation with mental workload (r = -.322, p< .01), physical 
workload (r = -.289, p< .01), effort (r = -.285, p< .01), and fatigue (r = -.228, p< .05), and significant positive 
correlation with perceived control (r = .273, p< .01). The answer to our first research question – will baseline 
removal increase the number of significant correlations between EDA measures and self-reported affective 
correlates – is yes. Our first hypothesis is correct. The consistency of R-value directions for significant correlations 
strengthens our findings regarding convergence; all R-values are negative for mental and physical workload, effort, 
and fatigue, and are positive for value and control appraisals except for one outlier (SCR mean and perceived value, 
r = -.0134). 

B. Facial Expressions 

We ran two convergence analyses, one with baseline and one without. Baseline subtraction increased the number 
of significant correlations between self-reported affective correlates and the emotions neutral, happy, scared, and 
disgusted. Before baseline subtraction (Table 3), the only significant correlations were between angry and perceived 
value (r = -.271, p< .01), surprised and fatigue (r = -.231, p< .05), and scared and perceived control (r = -.189, p< 
.05). After baseline subtraction (Table 4), angry, surprised, and sad had the same number of significant correlations 
with self-report variables. Neutral is significantly correlated with fatigue. Happy is significantly correlated with 
mental and physical workload, effort, fatigue, and perceived control. Scared is significantly correlated with mental 
and physical workload, effort, and fatigue. and disgust gained three significant correlations (with physical workload, 
fatigue, and perceived control). The answer to our second research question – will baseline removal increase the 
number of significant correlations between facial expressions  

 
TABLE I: BIVARIATE CORRELATIONS BETWEEN EDA MEANS AND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived 
Value 

Perceived Control 

SCR Mean -0.1865* -0.1622 -0.1948* -0.0697 -0.1343 0.05901 
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SCL Mean -0.151 -0.1517* -0.1758 -0.1333 0.1121 0.1337 
*p<.05, **p<.01 

 
TABLE II: BASELINE-REMOVED -BIVARIATE CORRELATIONS BETWEENEDA MEANSAND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived 
Value 

Perceived Control 

SCR Mean -0.2381* -0.3664** -0.2355* -0.2956** 0.3248** 0.3494** 
SCL Mean -0.3217** -0.2885** -0.2846** -0.2278* 0.007507 0.2726** 
*p<.05, **p<.01 

 
TABLE III: BIVARIATE CORRELATIONS BETWEENTHE INTENSITIESOF EMOTIONSIN FACIALEXPRESSION ANALYSISAND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived 
Value 

Perceived Control 

Neutral -0.01071 0.02885 -0.1062 0.06535 0.08732 0.1039 
Happy 0.1254 0.07364 0.09235 -0.05064 0.03215 0.05416 
Angry 0.008553 -0.1215 -0.01896 0.1595 -0.2713** -0.0324 
Sad 0.07433 0.1725 0.1289 0.04811 0.07867 -0.1627 
Surprised -0.0524 -0.08282 -0.002789 -0.2307* 0.09865 0.07794 
Scared 0.08016 -0.0204 0.08664 0.107 -0.01767 -0.1886* 
Disgusted 0.1003 0.07784 0.1631 -0.08192 -0.01937 0.1276 
*p<.05, **p<.01 

 
TABLE IV: BASELINE-REMOVED -BIVARIATE CORRELATIONS BETWEENTHE INTENSITIESOF EMOTIONSIN FACIALEXPRESSION ANALYSISAND SELF-

REPORT VARIABLES 
Measures Mental 

Workload 
Physical 
Workload 

Effort Fatigue Perceived 
Value 

Perceived Control 

Neutral 0.05982 -0.0533 0.0486 0.3046** -0.07092 0.04485 
Happy -0.203* -0.3607** -0.2606** -0.353** 0.1114 0.2579** 
Angry -0.01969 0.1633 -0.03203 -0.2031* 0.02563 -0.06465 
Sad 0.08499 0.0705 0.0696 -0.08897 0.1572 -0.02682 
Surprised -0.2568** -0.1212 -0.1544 -0.09458 0.003457 -0.07331 
Scared -0.2428** -0.2987** -0.2441** -0.2442** 0.1232 0.206* 
Disgusted -0.1451 -0.2214* -0.09982 -0.3209** 0.03601 0.2748** 
*p<.05, **p<.01 

and self-reported affective correlates – is yes. Our second hypothesis is correct. R-value directions for significant 
correlations again show consistency. 

C. Performance Metrics 

Baseline subtraction decreased the number of significant correlations between performance and experiential 
affective correlates. Before baseline subtraction (Table 5), performance correlated significantly and negatively with 
mental workload (r = -.357, p < .01), physical workload (r = -.399, p < .01), effort (r = -.389, p < .01), and fatigue (r 
= -.323, p < .01), and significantly and positively with perceived control (r = .226, p < .01). After baseline 
subtraction (Table 6), performance correlated significantly and negatively with mental workload (r = -.264, p < .01), 
effort (r = -.311, p < .01), and fatigue (r = -.263, p < .01) The answer to our second research question – will baseline 
removal increase the number of significant correlations between facial expressions and self-reported affective 
correlates – is no. Our third hypothesis is incorrect. There are fewer significant correlations after baseline 
subtraction. R-value directions for significant correlations again show consistency. 

D. Object Focus 

Shifting object focus to prospective decreased the number of significant correlations between EDA and 
experiential affective correlates from 11 to 10 (Table 7, Table 8). The one correlation that became insignificant (p > 
0.05) when analyzed with prospective focus was between SCR mean and effort. Correlations between SCR mean 
and fatigue and between SCL mean and effort became less significant, switching from p < 0.01 to p < 0.05 when 
analyzed with prospective focus.  

Shifting object focus to prospective increased the number of significant correlations between facial expression and 
experiential affective correlates from 16 to 19 (Table 9, Table 10). Correlations between neutral and effort, sad and 
perceived value, disgusted and mental workload, and disgusted and effort became significant when analyzed with 
prospective focus. The correlation between happy and mental workload became insignificant (p > 0.05) when 
analyzed with prospective focus. Correlations between happy and effort, happy and perceived control, surprised and 
mental workload, and scared and fatigue became less significant, switching from p < 0.01 to p < 0.05 when  
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TABLE V: BIVARIATE CORRELATIONS BETWEENPERFORMANCEAND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived 
Value 

Perceived 
Control 

Performance -0.3574** -0.3985** -0.3889** -0.323** 0.004948 0.2261* 
*p<.05, **p<.01 

 
TABLE VI: BASELINE-REMOVED - BIVARIATE CORRELATIONS BETWEENPERFORMANCEAND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived 
Value 

Perceived 
Control 

Performance -0.2641** -0.07874 -0.3114** -0.2627** 0.01213 0.1334 
*p<.05, **p<.01 

analyzed with prospective focus. 
Shifting object focus to prospective decreased the number of significant correlations between facial expression and 

experiential affective correlates from 3 to 0 (Table 11, Table 12). Correlations between performance and mental 
workload, effort, and fatigue became insignificant (p > 0.05) when analyzed with prospective focus. 

The answer to our fourth research question – is there a similarly strong when EDA, performance metrics, and 
affective distributions are instead compared with self-reported data from subsequent tasks – is yes. Our fourth 
hypothesis is correct. Overall, the number of significant correlations between self-reported affective correlates and 
EDA, facial expression, and performance data only decreased by one (from 30 to 29) when object focus was shifted 
to prospective. However, shifting object made all correlations between performance and self-report data 
insignificant, suggesting there are some situations where changing object focus will significantly alter correlation 
results. 

 
TABLE VII: BASELINE-REMOVED -BIVARIATE CORRELATIONS BETWEEN EDA MEANSAND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived Value Perceived 
Control 

SCR Mean -0.2381* -0.3664** -0.2355* -0.2956** 0.3248** 0.3494** 
SCL Mean -0.3217** -0.2885** -0.2846** -0.2278* 0.007507 0.2726** 
*p<.05, **p<.01 

 
TABLE VIII: BASELINE-REMOVED, PROSPECTIVE FOCUS -BIVARIATE CORRELATIONS BETWEEN EDA MEANSAND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived Value Perceived 
Control 

SCR Mean -0.2119* -0.2885** -0.2119 -0.2885* -0.2119** -0.2885** 
SCL Mean -0.3535** -0.3361** -0.3535* -0.3361* -0.3535 -0.3361** 
*p<.05, **p<.01 

 
TABLE IX: BASELINE-REMOVED -BIVARIATE CORRELATIONS BETWEENTHE INTENSITIESOF EMOTIONSIN FACIAL EXPRESSION ANALYSISAND SELF-

REPORT VARIABLES 
Measures Mental 

Workload 
Physical 
Workload 

Effort Fatigue Perceived Value Perceived 
Control 

Neutral 0.05982 -0.0533 0.0486 0.3046** -0.07092 0.04485 
Happy -0.203* -0.3607** -0.2606** -0.353** 0.1114 0.2579** 
Angry -0.01969 0.1633 -0.03203 -0.2031* 0.02563 -0.06465 
Sad 0.08499 0.0705 0.0696 -0.08897 0.1572 -0.02682 
Surprised -0.2568** -0.1212 -0.1544 -0.09458 0.003457 -0.07331 
Scared -0.2428** -0.2987** -0.2441** -0.2442** 0.1232 0.206* 
Disgusted -0.1451 -0.2214* -0.09982 -0.3209** 0.03601 0.2748** 
*p<.05, **p<.01 

 
TABLE X: BASELINE-REMOVED, PROSPECTIVE FOCUS -BIVARIATE CORRELATIONS BETWEENTHE INTENSITIESOF EMOTIONSIN FACIAL EXPRESSION 

ANALYSISAND SELF-REPORT VARIABLES 
Measures Mental 

Workload 
Physical 
Workload 

Effort Fatigue Perceived Value Perceived 
Control 

Neutral 0.1835 0.003492 0.2214* 0.3466** -0.07374 -0.03938 
Happy -0.1787 -0.3739** -0.2381* -0.3227** 0.1328 0.2452* 
Angry -0.126 0.1479 -0.1788 -0.2386* -0.02115 -0.02529 
Sad 0.06476 0.0338 0.07646 -0.1143 0.2078* 0.09091 
Surprised -0.2262* -0.1 -0.1264 -0.08329 0.02824 -0.08048 
Scared -0.3047** -0.3** -0.3057** -0.2494* 0.1335 0.2506* 
Disgusted -0.2144* -0.2575* -0.2231* -0.36** 0.0324 0.3065** 
*p<.05, **p<.01 

 
TABLE XI: BASELINE-REMOVED - BIVARIATE CORRELATIONS BETWEEN PERFORMANCEAND SELF-REPORT VARIABLES 
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Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue 
  

Perceived 
Value 

Perceived 
Control 

Performance -0.2641** -0.07874 -0.3114** -0.2627** 0.01213 0.1334 
*p<.05, **p<.01 

 
TABLE XII: BASELINE-REMOVED, PROSPECTIVE FOCUS - BIVARIATE CORRELATIONS BETWEEN PERFORMANCEAND SELF-REPORT VARIABLES 

Measures Mental 
Workload 

Physical 
Workload 

Effort Fatigue Perceived 
Value 

Perceived 
Control 

Performance -0.1858 0.0475 -0.2003 -0.1792 0.03703 0.02495 
*p<.05, **p<.01 

 

VI.    DISCUSSION AND CONCLUSION 

This paper examines data analysis techniques applicable to the relatively new realm of multimodal affective 
analysis, specifically in an aviation-training setting. Our contention was that convergence would improve when we 
isolate the net change in EDA, facial expression, and performance. Our analysis confirmed our first two hypotheses; 
removing baseline from both EDA and facial expression data increases the number of significant correlations with 
self-report data. These results are a significant improvement to our multimodal analysis framework [5]. 
However, our analysis disproved our third hypothesis, as baseline data from performance measures led to a decrease 
in significant correlations. There are a few possible explanations for this that could be evaluated further: 1) It is 
possible that participants are still not familiar enough with the X-Plane program during Task 0 to perform 
predictably, and as a result task 1 or task 2 would function better as a baseline. 2) Performance might simply not 
respond well to any baseline removal as we have formulated it; expanding our 1 to 4 scale for performance means to 
a larger range of magnitudes (as our EDA and facial expression data had) could improve the effectiveness of 
baseline removal.  
Changing object focus from retrospective to prospective had little effect on the results of convergence analyses, 
confirming our fourth hypothesis. The exception was a decrease in significant correlations between self-report and 
performance data. Further investigation into task 0 as a suitable performance baseline could also address this 
disparity. 
This paper provides empirical evidence for applying control value theory to an aviation context. After baseline 
removal to eliminate base participant disparities, perceivedcontrol correlated significantly and positively with SCR, 
SCL, happy, scared, and disgusted. This upholds control as a predictor for change in affect and arousal [6]. 
Perceived value correlated significantly with only SCR and no facial expressions after baseline removal, calling 
into question its viability as a predictor for affect change assessed through physiological and behavioural cues. 
The results of our convergence analyses support the inclusion of both facial expressions and EDA data in an 
eventual affect assessment framework for aviation training. Our research demonstrates that SCR, SCL, happy, and 
scared after baseline removal negatively predict all four workload parameters that we used. Pilot instructors should 
therefore focus on monitoring these EDA measures and two FaceReader emotions in pilot trainees to control 
workload during training and avoid burnout or boredom. The results also support inclusion of performance in such 
an assessment framework, but without employing baseline subtraction. Before baseline subtraction, we found that all 
four workload measures negatively predicted performance, while perceived control positively predicted 
performance. In order to improve performance, instructors should therefore look to lower trainee’s perceived 
workload. 
Our results hold several implications for future multimodal methodology research. First, we found that baseline 
subtraction substantially increased the total number of significant correlations between objective (EDA and facial 
expression) and subjective measures by factors of 3.67 (EDA) and 5.33 (facial expression). Baseline subtraction is 
used in several physiological areas [9,10], but remains underutilized, along with other analytical practices, in the 
emerging field of multimodal methodologies [4]. As such, replication of baseline removal in other contexts and with 
larger participant sample sizes is necessary to ensure the technique’s validity. If successfully substantiated, baseline 
removal could ensure that important affective indicators are not missed in future multimodal experiments. 
Additionally, while confirming past findings detailing significant convergence between grounded truth and affect 
measures [8], our analysis raised several questions about facial expressions as affective correlates. After baseline 
removal, every significant correlation between FaceReader emotions and TLX workload parameters was negative. 
Every significant correlation between FaceReader emotions and perceived value and control parameters was 
positive. Emotional valence (positive vs negative emotion) seemingly had no effect on the directionality of 
correlations with workload and appraisal. This contradicts Pekrun’s assertion [6] that “emotional intensity increases 
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with increasing controllability (in positive emotions) or uncontrollability (in negative emotions)”. To explain this 
disagreement, further investigation is needed into common action units that FaceReader uses to identify emotions 
like happy (positive valence) and scared (negative valence). 
Moving forward with our larger project, we hope to involve convergence analyses between identified affect 
measures and X-Plane performance to identify the relationship between affect and accuracy of specific maneuvers. 
Our research findings confirm the viability of EDA and facial expression as affect measures and support the 
importance of baseline removal, providing a strong base for further analyses. We are one step closer to a multimodal 
affective model that will improve pilot training. 
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