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ABSTRACT 
A critical component of efective communication is the ability to 
project confdence. In video presentations (e.g., video interviews), 
there are many factors that infuence perceived confdence by a 
listener. Advances in computer vision, speech processing, and nat-
ural language processing have enabled the automatic extraction of 
salient features that can be used to model a presenter’s perceived 
confdence. Moreover, these multimodal features can be used to au-
tomatically provide feedback to a user with ways they can improve 
their projected confdence. This paper introduces a multimodal 
approach to modeling user confdence in video presentations by 
leveraging features from visual cues (i.e., eye gaze) and speech 
patterns. We investigate the degree to which the extracted multi-
modal features were predictive of user confdence with a dataset 
of 48 2-minute videos, where the participants used a webcam and 
microphone to record themselves responding to a prompt. Com-
parative experimental results indicate that our modeling approach 
of using both visual and speech features are able to score 83% and 
78% improvements over the random and majority label baselines, 
respectively. We discuss implications of using the multimodal fea-
tures for modeling confdence as well as the potential for automated 
feedback to users who want to improve their confdence in video 
presentations. 
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1 INTRODUCTION 
Confdence plays a central role in efective communication [4, 20]. 
The ability to confdently express a point, recount a story, describe 
one’s skills or experience, or relay an important message has a 
signifcant impact on a listener’s perception and understanding. 
Projecting confdence efectively is a skill that requires practice 
and feedback, but actionable feedback to improve one’s confdence 
requires a comprehensive understanding of the speaker’s commu-
nication. One way of practicing projecting confdence in speech is 
through video recordings of oneself responding to a prompt. Due 
to the complexity of confdence as a construct, many factors such 
as visual cues (e.g., facial expressions, eye movements) and speech 
patterns (e.g., speaking rate) have synergistic efects that infuence 
a listener’s perceived confdence of the speaker. Recent advances in 
computer vision, speech processing, and natural language process-
ing have aforded the automatic, multimodal analysis and detection 
of confdence of humans in video recordings. 

Inducing computational models of user confdence poses several 
challenges. Due to cultural, gender, and personality diferences, 
people may express confdence diferently within a given scenario 
(e.g., responding to a prompt in a video). As a result, it is critical 
to derive fair, converged labels of confdence from a diverse set of 
annotators. This challenge demands an extensive, careful solution 
to labeling that often yields a smaller set of high-quality labeled 
data. With a smaller dataset, automated models of confdence that 
leverage salient sets of multimodal data must be able to accurately 
identify patterns of confdence or a lack thereof despite the sample 
size. To address these challenges, it is critical to devise a principled 
rubric to label confdence that is applied by a set of annotators, 
who come to a consensus agreement. The models trained from the 
subsequent labeled data must also be able to detect unique patterns 
related to the multimodal cues stemming from visual and verbal 
(vocal) features. 
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In this paper, we introduce a multimodal analytics framework 
for predicting user confdence in 2-minute video presentations, 
where each user responds to a common prompt. The analysis used 
data collected from a set of 1891 videos, where a small subset of 
48 videos were carefully annotated following the creation of a 
rubric. We generated a set of multimodal features derived from 
both the visual and verbal modalities that are intended to identify 
human-interpretable patterns that infuence how a listener per-
ceives a speaker’s confdence level. We conducted a series of abla-
tion experiments comparing the performance of predictive models 
that use each possible set of modalities to both unimodal baselines 
and baselines that do not use the engineered features. This is among 
the frst work to use multimodal data to capture patterns of user 
confdence, and we discuss the implications of how these fndings 
can be used to provide constructive feedback to users about their 
projected confdence. 

2 LITERATURE REVIEW 
In this study, we seek to identify multimodal cues for speaker conf-
dence to which a listener might attune, and we model those cues in 
order to provide automated feedback to speakers about how they 
may be perceived. Our immediate aim is to utilize only visual and 
audio signals, without considering the content of speech. While the 
construct of perceived confdence may seem subjective and difcult 
to pin down, there is evidence that multiple visual and auditory 
expressions of confdence are implicitly recognized by observers, 
and that conclusions based on those expressions are made quickly 
and are subconsciously used to make decisions. 

When observing or listening to a speaker, many diferent streams 
of information are combined in order to arrive at conclusions about 
that speaker. The individual streams, though, also carry enough 
information to inform decisions [2]. Neurological studies show that 
there are multiple nonverbal aspects of communication active in 
both production and perception of speech that allow for conveyance 
of information beyond the content of language [8], and that diferen-
tial conclusions based on that information happen quickly [14, 15]. 
This nonverbal information has been shown to impact high stakes 
decision-making about a speaker, including hireability decisions 
[3, 6]. Specifc to our concerns here, the perception of a speaker’s 
confdence can be infuenced by particular visual and nonverbal 
audio cues. A recent investigation showed that a diference just in a 
speaker’s tone (confdent, doubtful, or neutral voice) could infuence 
a speaking partner’s level of trust in a game scenario [4]. In another 
study, where audio cues were controlled, an investigation showed 
that observers could accurately perceive confdence based on visual 
cues alone [20]. This work from across multiple disciplines shows 
that meaningful conclusions and decision-making processes related 
to a speaker’s perceived confdence are infuenced by each modality 
individually, as well as in toto. Given these conditions, we aim to 
develop a baseline system for predicting perceived confdence that 
utilizes visual and auditory cues, while leaving the contribution of 
the content of speech for later work. 

Few studies have utilized multimodal data to model confdence, 
but there are many studies that model other related constructs, such 
as personality. One investigation proposed a multimodal frame-
work to predict Big Five personality traits [23], where results in-
dicated that an approach that captures temporal relationships of 

audio-visual cues outperforms baselines that consider time seg-
ments independently. Moreover, this study found that when com-
pared to the audio- or video-only unimodal settings, audio-visual 
annotations and visual cues yield the best prediction results col-
lectively. Personality prediction has been leveraged in the area of 
hiring, where one study developed a multimodal system to auto-
matically screen job applicant’s personality traits from short video 
presentations to inform whether to invite the candidate for an 
in-person interview [9]. Another study found that for predicting 
Big Five personality traits in a hiring setting, fusing all possible 
audio-visual modalities obtained the highest performance [11]. Re-
cent work has found that deep learning approaches such as long 
short-term memory (LSTM) networks and convolutional neural 
networks (CNNs) are efective for predicting personality traits with 
multimodal data [13]. We build upon these related fndings for pre-
dicting confdence by incorporating audio-visual features that are 
extracted from user videos. 

3 VIDEO DATASET 
The video dataset used for this study was collected in prior work 
[5], and consists of responses to past-focused structured interview 
prompts (e.g., see Table 1), collected via a browser-based video 
recording platform. Participants recorded themselves responding 
to up to eight prompts using their computer’s webcam and micro-
phone. Participants were recruited through Amazon Mechanical 
Turk and were limited to respondents within the United States. The 
pool of participants represents a diverse set of gender, race, and age. 
The set consists of 1891 videos, each presenting a single response 
to one of eight prompts from one of 260 total participants (not all 
participants responded to every prompt). 

Question: Please tell us about a work situation in which you 
were not the formal leader but tried to assume a leadership role. 
Please provide: 

• details about the background of the situation, 
• the behaviors you carried out in response to that situa-
tion, 

• and what the outcome was. 

Table 1: Example prompt from [5] 

3.1 Confdence Annotation 
The confdence annotations are one of the main contributions of this 
paper, and none of the labels from previous work on the dataset 
[16–18] have been utilized for the current study. For an initial 
exploratory annotation efort, a random sample of 50 videos was 
selected, with two being removed from the set due to audio faws. 
This sample of 48 videos was culled from the full set of 1891 videos, 
with no restriction on participant or prompt (i.e., many of the 
prompts were represented). Among the sampled video participants, 
there are 20 males and 28 females while the racial diversity covers 
32 White, 11 Black/African-American, 4 Asian/Asian-American and 
1 Hispanic/Latino participants. A larger, crowd-sourced annotation 
is underway using all responses to a single prompt (the prompt 
in Table 1), for a total of 223 videos. This approach was chosen 
to ensure diversity of the participants, as each respondent could 
be represented only once, as well as to ensure uniformity of topic, 
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Label Description 

1 Lower confdence speakers may exhibit the following: hesitation between and within sentences; 
self-correction and/or false starts; reserved voice quality; closed or “protective” posture; fdgeting or 
extraneous body movement; frequent changes in focal point or consistent downward focus of eye gaze 

2 Average confdence speakers may exhibit the following: limited hesitation; fdgeting is limited; 
voice quality is comfortable and conversational with few false-starts; posture is open and toward 
screen/camera; eye gaze mostly focused on screen/camera 

3 Higher confdence speakers may exhibit the following: body posture and facial expression appear 
comfortable; intentional gesturing; does not focus on errors (correct and/or move on); voice quality is 
comfortable or projected (as appropriate for a presentation); attentive, upright body posture; consistent 
eye gaze aimed at screen or camera 

Table 2: Confdence rubric 

avoiding any unexpected variation in responses due to prompt 
subject. 

During the frst pass annotation of the exploratory 48-video set, 
videos were frst labeled by one annotator on a fve-point scale. 
However, when a subset was labeled by a second annotator, the 
inter-annotator agreement was not acceptable, likely due to the 
somewhat subjective nature of the task. The rubric was then col-
lapsed to a three-point scale and all further annotation was done 
with this scale. The label descriptions used for the three-point scale 
are shown in Table 2. Using the three-point scale, two raters inde-
pendently annotated each video, with quadratic weighted kappa 
agreement of 0.65. For the videos where they disagreed, the raters 
came to an agreement after discussion. For instances where an 
agreement could not be reached (three total cases), a third rater 
labeled the video for the fnal rating. The fnal distribution of labels 
for this set was: Low (label 1) = 13; Average (label 2) = 16; High 
(label 3) = 19. 

The larger, crowd-sourced annotation efort on 223 videos is 
underway, but we have not yet begun to use those data for our 
models. For these annotations, 10 annotators scored each video, 
and the consensus score was reported. Consensus was determined 
by weighted voting, where annotators who perform better on cali-
bration video samples inserted into the data would receive a greater 
weight to their votes. While initial agreement on the annotations 
is good (over 80% agreement), the distribution of scores is over-
whelmingly weighted toward the central value (83% of consensus 
responses were ‘average confdence’, or 2 on the scale in Table 2). 
As a result, we are currently fnetuning the rubric to help annota-
tors distinguish between categories. Further investigation is needed 
before using this larger set of data. 

4 MULTIMODAL FEATURE EXTRACTION 

4.1 Speech Modality 
To extract features from audio captured by the speaker’s micro-
phone (i.e., the speech modality), we deployed an in-house speech 
engine built using Apache Storm1. The engine processes audio, 
transcribes the audio, and generates statistics that summarize the 
speech. The statistics computed by the engine depend on the service 
requested. Specifcally, the engine computes several basic speech 
fuency features with most of the features coming from the in-
house scoring engine for spoken responses. In total, we extracted 
six features from the speakers’ audio, described in Table 3. 

4.2 Visual Modality 
To extract features captured by the user’s webcam (i.e., the visual 
modality), we processed each frame from the videos using Medi-
aPipe Face Mesh [1, 10]. Face Mesh is a toolkit that approximates 
468 3D facial landmarks and an additional 10 landmarks outlining 
the pupils and irises. We calculated two set of features derived from 
the output of MediaPipe Face Mesh to characterize user behavior 
from the visual perspective. 

First, we engineered a set of human-interpretable statistical fea-
tures to enable actionable feedback to the user. To extract mean-
ingful features from the facial landmarks, we selected landmarks 
related to eye gaze and head posture. Specifcally, we selected the 
landmarks for each pupil, the left-most and right-most positions 
of the face, and the top and bottom of the face. Using the pupil 
locations, we approximated the angle that the user was looking, 
both in the vertical axis (i.e., y-axis) and horizontal axis (i.e., x-axis). 
We also computed the roll, yaw, and pitch angles of the users’ face 
to achieve a comprehensive measurement of the user’s head pose. 
For head pose, we converted the angles into a single value denoting 
the displacement from the center of the screen at an upright angle. 
Using these calculations for each frame in the video, we computed 
the mean, variance, kurtosis, and skew of the Euclidean distances 
of the current frame from both the origin (center of the screen) and 
the previous frame’s position. The four statistical values for the 
origin and previous frame were computed both for eye gaze and 
head pose, for a total of 16 statistical features. 

Second, we leveraged the sequential nature of the landmark data 
by recording the pupil location in each frame. This resulted in a 
sequence of three values: the X, Y, and Z coordinate locations of 
the pupil at each time point or frame. To avoid redundancy, we 
only recorded the locations of one pupil with the assumption that 
both eye movements are symmetrical. Given that eye movements 
were helpful in previous research to model and provide inference 
of mental states in humans [12], we hypothesize that the number 
of eye anomalies exhibited (e.g., sudden, atypical eye movements) 
are potentially useful features for prediction of confdence. In our 
approach, we frst used a CNN autoencoder to learn a latent repre-
sentation, ℎ, of the input sequence data, � , such that it can be used 
to reconstruct the input. Formally, given an encoder function � (�)
and a decoder function �(�), we performed multiple iterations of 
training over the full set of sequence data (1843 videos) in order 

1https://storm.apache.org/ 
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Feature Description 

Response Length number of content words (not silence, noise, and hesitation markers) in the 
ASR hypothesis 

Silences per Token number of silences / number of tokens ( including silences, hesitation markers, 
repetitions, and content words), where silences shorter than 0.145 seconds are 
excluded 

Pauses Ratio total pause duration / total speaking time, where pauses include silences (>= 
0.145 seconds) and hesitation markers 

Number of Hesitation Markers number of “um”, “uh”, and similar words 
Filler Ratio total number of disfuencies / total number of content words 
Speaking Rate number of content words in the response / total utterance duration 

Table 3: Verbal features set and their corresponding descriptions 

to minimize the mean squared error loss, defned as �(xxx, �(� (xxx)). 
Specifcally, our learned latent representation has dimension |ℎℎℎ |<|��� |
that resulted in an undercomplete autoencoder, while ��� and ��� are 
nonlinear functions with regularization achieved by dropout, hence 
afording a more powerful generalization of other dimension re-
duction techniques, such as PCA. The capacity of the network is 
defned by the number of flters in the cascaded convolution and 
deconvolution layers to be 32, 16, 16, and 32, respectively. For each 
layer, we used a kernel with size 7 and a stride with size 2 with 
padding. The ReLU activation function is used in all layers. 

In order to avoid data leakage, note that the full sequence data 
used to train the autoencoder is not used for any of our model 
building and evaluation in our experiments. Given that our 2-minute 
videos are converted to 30 FPS for experimentation, there are a total 
number of 3600 frames extracted per video. Prior to running each 
epoch, we applied a max pooling over the frames by using a block 
size of (30,1) to reduce the time-series data to 120 time intervals, 
where each interval is equivalent to one second over which the X, Y 
or Z coordinate value is extracted. After training the autoencoder 
for 100 epochs each for the three dimensional values, the MSE loss, 
�, converged at < 0.05. 

Our anomaly detection is based on the premise: If a spatio-
temporal gaze pattern is atypical and not observed in our training 
data, the autoencoder will reconstruct such patterns with high error 
rates. Specifcally, an anomaly is counted as such when the mean 
absolute error between the reconstructed signal and the original 
input exceeds the threshold, which is computed as the mean of the 
signal + one standard deviation obtained from the training data. 
For each video, we extracted the number of anomalies in the � , � , 
and � dimensions to be used as inputs for predictive models. 

5 MODELING USER CONFIDENCE 
Following our multimodal feature extraction, we group all features 
by their originating modality, and aggregate features into one of 
the verbal or visual feature sets. Note that, in a true multimodal 
approach, the textual modality is typically included, but we have 
purposely omitted text to aford a confdence prediction model is 
content-agnostic. 

We conducted two experiments to evaluate the efcacy of the 
modality-based feature sets, as well as the contribution by each 
individual feature to overall confdence modeling. In the frst exper-
iment, modality-specifc features are used as inputs to four popular 

classifers known for their efectiveness across a wide variety of 
ML tasks [7, 19, 21, 22], namely Logistic Regression, SVC, Deci-
sion Tree and Random Forest. For each model, we performed grid 
search across several of the hyperparameter choices, and for oth-
ers, we held constant (e.g., RBF kernel for the SVC, L2 loss for the 
Logistic Regressor). Next, the modality-specifc features are fused 
together at the feature-level for a bimodal approach where we used 
all nine features for modeling confdence. Evaluation is reported us-
ing three metrics: F1 (macro-averaged across all classes), Accuracy, 
and Quadratic Weighted Kappa, where each metric targets a specifc 
performance aspect of the models. The results are illustrated in 
Table 4. The * notation indicates the model statistically signifcantly 
outperforms a baseline (i.e., either Random or Majority Label), and 
the ** notation indicates the model outperforms both baselines for 
the given metric. The comparisons between models were conducted 
using the one-sided Wilcoxon signed-rank test, which compares 
the performance of the models per cross-validation fold. 

Due to the use of the dataset of 48 videos for evaluation, we 
refrain from performing correlations between the verbal or visual 
features and the labels prior to the experiments to avoid data leak-
age, since all 48 videos are used, at some point, as a datapoint in a 
10-fold cross-validation. Instead, in the second experiment, we con-
ducted ablation where each feature (or feature set) is removed, one 
at a time, from the best-performing model confguration (i.e., Ran-
dom Forest learner using a bimodal approach in Table 4), to observe 
if such a removal would result in a drop in model performance. 

Previously, we described the extraction of frame-based head pose 
and eye gaze features and their statistical characteristics (mean, vari-
ance, kurtosis, and skew) of the Euclidean distances of the current 
frame from both the origin (center of the screen) and the previ-
ous frame’s position. These time-aggregated visual features were 
included in our preliminary experimentation, but generated incon-
clusive results when compared to modeling using eye gaze anom-
alies. Due to space constraints, we have omitted their reporting 
and analysis from Tables 4 and 5 but plan to revisit them for future 
work. Importantly, our intended use case for confdence modeling 
involves providing actionable and interpretable feedback to users. 
Hence, the time-aggregated visual features, which could potentially 
improve the model performance, might eventually be deprioritized 
due to a lack of clarity in how they work. 

The results in Table 4 reveal several interesting patterns. While 
combining both verbal and visual feature sets yielded the best per-
forming system across the three metrics (i.e., F1 = 0.705 using SVC, 
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Figure 1: Diagram (left) showing a generalized autoencoder with symmetrical convolutional (encoding) and convolutional-
transpose (decoding) layers. The number of flters decreases when moving toward the encoding (or code), while it increases 
moving away from the encoding, while kernel size and stride are typically kept constant. The graph (right) shows a plot of 
the original input sequence data (red) and the reconstructed sequence data (purple). Discrepancies observed are potentially 
eye gaze anomalies when the MAE is more than a threshold (mean + 1 std) computed from the training data. Anomalies are 
computed independently for X, Y and Z directions of the eye gaze. 

Acc. = 0.715 using Random Forest, QW� = 0.762 using Random For-
est), using exclusively the verbal feature set allows us to construct 
a model that signifcantly outperforms the random and majority 
baselines. This is perhaps not surprising given past fndings in the 
literature about the usefulness of speech-related features in mod-
eling social, behavioral constructs [22]. Given the novelty of the 
eye gaze anomaly features, we are particularly interested in a conf-
dence model that employs exclusively such features. By themselves, 
they are not demonstrably efective, with the best confguration (F1 
= 0.334, Accu. = 0.390, QW� = 0.128, all using Logistic Regression). 
However, the eye gaze anomalies-based model is perhaps mining a 
diferent pattern from the data that is not random nor insisting on 
a fxed label like the majority class. This is evident upon looking 
at the QW� metric values where diferent learners (in the visual 
modality) either achieve a higher value (e.g., QW� = 0.128, Logistic 
Regression) or a negative value (e.g., QW� = -0.016, SVC) when 
compared to those of random and majority baselines. Note that, 
QW� typically varies from 0 (random agreement between raters) 
to 1 (complete agreement between raters). In the event that there 
is less agreement between the raters than expected by chance, the 
metric may go below 0. However, given more context in the pres-
ence of speech features, anomaly features contribute signifcantly to 
overall model performance compared to baselines (see Table 4). For 
the best performing bimodal model (i.e., Random Forest), we note 
an interesting trend for the performance on specifc class labels. 
Specifcally, the F1 score is much higher on classes 1 and 3 (0.817 
and 0.780) compared to a lower performance on class 2 (0.433). This 
indicates the model is much better at identifying extreme ends of 
confdence or lack of confdence, but often misidentifes moderate 
levels. 

In the ablation study fndings reported in Table 5, we observe that 
all features (or feature sets), when removed, resulted in a drop in 
performance of the Random Forest-based, best performing bimodal 
system, across all metrics, with the exception of the fller ratio 
and speaking rate for F1. This perhaps suggests that, while those 
two verbal features are useful for modeling confdence measured 
by accuracy and QW� , their absence can be mitigated by other 
verbal features in a way that more than compensates for their 
contribution when present, when taking F1 model performance 
into account. As expected, the largest decrease across performance 
metrics occurs when all verbal features are dropped. Dropping all 
visual features also resulted in a decrease across all metrics ranging 
from 0.08 (QW� ) to 0.12 (Acc.). Overall, all engineered features are 
helpful when evaluating their contribution using at least one model 
performance metric. 

6 CONCLUSION 
Confdence measurement has important applications for efective 
communication. The ability to automate such a measurement, cou-
pled with informative and actionable feedback, is an important 
research area for enabling self-coaching. From creating a valid 
rubric to evaluating predictive models, automating confdence pre-
diction presents challenges as much as it excites. Firstly, we see 
that human evaluation of confdence is highly subjective, requir-
ing lengthy discussions and arbitration to fnalize annotations. As 
such, while our bimodal model based on verbal and visual cues 
outperforms the random and majority baselines signifcantly, it 
is based on a relatively small evaluation dataset of videos. Crowd 
sourcing of confdence labels based on a larger set of annotators 
is currently underway in order to generate a more representative, 
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Modality Features Classifer F1 Acc. QW� 

response length, #silences per token, pauses ratio, Logistic Regression 0.574** 0.640** 0.705** 
Verbal #hesitation markers, fller ratio, speaking rate SVC 

Decision Tree 

0.444 

0.412 

0.480 

0.470 

0.577 

0.480 

Random Forest 0.522 0.595 0.682 

Visual 
eye gaze: anomalies (X), anomalies (Y), anomalies (Z) Logistic Regression 

SVC 

0.334 

0.237 

0.390 

0.330 

0.128 

-0.016 

Decision Tree 

Random Forest 
0.308 

0.250 

0.350 

0.365 

0.080 

0.077 

Bimodal 
all verbal + visual features Logistic Regression 

SVC 

Decision Tree 

0.512 

0.705** 
0.629 

0.605 

0.710 

0.705 

0.668 

0.695 

0.619 

Random Forest 0.677 0.715** 0.762** 
Random 0.389 0.390 0.091 

Majority Label 0.189 0.400 0.000 

Table 4: Automated prediction of user’s confdence. Models with diferent feature sets are compared using three metrics in a 
10-fold cross-validation setting over the 48-video dataset. * indicates the model outperforms either the random or majority 
baseline, and ** indicates it outperforms both (p < 0.05) 

Feature(s) F1 Change Acc. Change QW� Change 

- Verbal (all) 0.250 ↓ 0.365 ↓ 0.077 ↓ 

- response length 0.651 ↓ 0.675 ↓ 0.744 ↓ 

- #silences per token 0.592 ↓ 0.650 ↓ 0.678 ↓ 

- pauses ratio 0.544 ↓ 0.585 ↓ 0.544 ↓ 

- #hesitation markers 0.660 ↓ 0.695 ↓ 0.743 ↓ 

- fller ratio 0.694 ↑ 0.715 − 0.735 ↓ 

- speaking rate 0.704 ↑ 0.710 ↓ 0.746 ↓ 

- Visual (all) 0.522 ↓ 0.595 ↓ 0.682 ↓ 

- anomalies (X) 0.675 ↓ 0.715 − 0.755 ↓ 

- anomalies (Y) 0.635 ↓ 0.675 ↓ 0.709 ↓ 

- anomalies (Z) 0.619 ↓ 0.695 ↓ 0.728 ↓ 

Table 5: Feature (or modality) ablation experimental results where features (or feature sets) are removed, one at a time, using a 
Random Forest model in the same 10-fold cross-validation setting. The direction of change in F1, Accuracy and QW� are with 
respect to performance of the bimodal system using the Random Forest model in Table 4 

consensus-based rating per video. However, there are bias and 
fairness issues related to gender, race, ethnicity, and social norms 
that adds complexity to the annotation process, and these must be 
mitigated. We intend to address those concerns via frameworks 
such as Fairlearn2, where we can quantify the level of progress 
towards partial or full mitigation. The second challenge is perhaps 
unique to our social mission, where we aspire to present to the 
users measurable, transparent, and particularly actionable feedback 
for self-improvement in a longitudinal manner. This runs contrary 
to end-to-end approaches for generating a summative confdence 
label, which has its attraction, but requires deep domain expertise 
to perform feature engineering, ultimately accounting for more 
time in the product development life cycle. Ultimately, we are just 
scratching the surface in our exploratory study. For now, to exude 

2https://fairlearn.org/ 

confdence, one might include best practices from our initial anal-
yses: looking left-right occasionally has limited negative efects 
in terms of perceived confdence, but looking up-down frequently 
tends to appear less confdent. As is often recommended when 
speaking, our fndings suggest that avoiding fller words such as 
“um" and “ah", and pausing momentarily after making a point are 
advantageous strategies to appear more confdent when speaking. 
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