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Abstract—The adoption of asynchronous video interviews
(AVIs) in job interviews ultimately involves machines in em-
ployment processes. The role and powers of computational
methods to analyse these negotiations, often sprinkled with
deception, need to be transparently studied and assessed. This
paper explores the capacity of low- and high-level features
extracted from interviews’ transcripts and audio recordings to
align with human-rated performance and deception levels.

I. INTRODUCTION

The recent emergence and spread of asynchronous video
interviews (AVIs) asks for the transparent examination of
machine learning methods to assess candidates’ perfor-
mances. HireVue, the market leader in this sector, states
that more than one-third of Fortune 100 companies use
their services, and this figure is growing [1]. Every day
thousands of applicants get evaluated by their methods.
Considering these circumstances, it is crucial to better under-
stand and evaluate how machines can encompass and chart
traditional human-analysed cues during job interviews. This
project, led in collaboration with Industrial/Organizational
(I/O) psychologists Dr Bangerter, Professor at University of
Neuchâtel (Switzerland), and Dr Roulin Professor at Saint
Mary’s University (Halifax, Canada), aims at investigating
this issue. This paper presents the computational investiga-
tion of 800 filmed and transcribed answers from simulated
in-person job interviews. The extraction of multi-sources
highly interpretable features from the transcripts and audio
recordings are automated and could potentially be integrated
into larger pipelines. Machine learning models are then
trained to investigate the extracted features’ effects on high-
quality human ratings, putting the emphasis on applicants’
overall performance and deception strategies.

II. INTERVIEW DATASETS

The dataset studied in this project was kindly provided
by Dr Roulin. It is composed of video recordings and
transcripts of 100 applicants’ answers to the same eight
questions during experimental job interview simulations.
The interviews are conducted in English. Interviewees were
balanced between undergraduate students in Bachelor of
Commerce (47%) and MBA graduate students (53%). This
is included in the dataset as a binary class named Education
Level. They have beforehand ascribed an IM condition
for each of the questions as an instruction to give honest
responses (35%) or to deceive slightly (35%) to extensively
(30%) the interviewer.

The content of the interviews is enriched with several
scores given to the answers by the interviewer or inde-
pendent raters, such as interview performance or Criterion-
Based Content Analysis (CBCA). The performance of the
interviewees for each of the questions was assessed by
the interviewer on a scale ranging from 1 to 5. CBCA
was performed for each of the answers by two distinct
raters. This is a composite measure monitoring the presence
or absence of 14 different indicators (mainly based on
the structure of the production, its amount of details, and
spontaneity) [2]. Each indicator is coded as 0 if it is absent
from the response, 0.5 for some indication of presence in the
response and 1 if the response indicates the clear presence
of the indicator. This results in a CBCA score ranging from
0 to 14 with 0.5-point increments. This indicator is widely
used to ”assess the veracity of written statements and is
used as evidence in criminal courts in several countries in
the world” [3].

III. FEATURES EXTRACTION

We extracted a range of different features: lexical features
from the transcripts, prosodic and emotion features from the
audio and finally, text embedding of the transcripts using
BERT [4]. Due to the time constraint and limited resources,
we were, however, unable to extract features from the video
frames. We based part of our extraction process on previous
work where interviews were also analysed [5].

A. Lexical features

Various lexical features were extracted automatically from
the transcripts of the interviews in order to grasp information
regarding their verbal content, the topics developed and
the applicants’ speech style. Based on traditional comput-
erised psycho-linguistic studies, Empath, an open-source
alternative to the widely used LIWC tool [6] showcasing
comparable results [7], was used to count words in psy-
chologically meaningful categories, including emotions and
many different semantic fields. Entities mentions (dates,
places, organisations, etc.) were added to these statistics
thanks to spaCy library [8] Manually extracted disfluency
markers were also counted. Additional syntactic features
were retrieved using ConvoKit’s Politeness API, a toolkit
to study social phenomena in conversations developed by
Cornell University’s NLP team [9], [10]. It allowed the
extraction of several strategies such as the use of deference,
gratitude, factuality, hedges, apologies, counterfactual and



indicative modes. Then, in order to embrace the nature and
specificities of the dataset at hand, topics were automatically
extracted from the corpus, a priori, through gensim’s imple-
mentation of Latent Dirichlet Allocation (LDA) [11]. The
optimal number of topics was determined by minimising the
Umass coherence measure designed to quantify the coherence
of topics [12], within three to thirty topics.

Finally, considering that the extracted features were, by
construction, highly correlated to redundant and large com-
pared to the number of instances, dimensionality reduction
schemes were applied to the feature vectors to analyse
their impact on fitted models. Uninformative features with
relation to pre-determined target variables were removed
based on Pearson correlation’s p-value. Then two separated
unsupervised feature space reductions were implemented.
Principal Component Analysis (PCA) was performed while
fitting the models. Features were also clustered a priori
in a greedy manner through an agglomerative paradigm,
grouping features based on their similarity. The optimal
number of clusters was obtained by maximising the silhou-
ette score [13], and the central feature of each cluster was
retained for further analyses.

B. Prosodic features

Several prosodic features were extracted from the audio
of the videos. The extraction process was based on the
previous work presented above [5]. In the cited paper,
the free computer software package for speech analysis in
phonetics Praat was used [14]. We decided to use the python
library parselmouth [15] which implements praat methods
directly into python and allows automated extraction. In to-
tal, 39 features were extracted, including the mean, standard
deviation of pitch, formant and intensity, as well as other
measures such as pauses duration and breaks (see all features
in Table II in the appendix).

C. Audio based emotions prediction

Assessment of interviewee emotions was shown to help
predict job interview outcomes [5]. In the cited paper,
features were obtained by Mechanical Turk workers’ ratings.
We decided to extract similar features by audio analysis.
The emotions that we predict are neutral, happy, sad, angry,
fearful, surprise, and disgust. Details of this process are
described onward.

1) Data: In order to predict emotions, we gathered two
datasets to train the model: RAVDESS [16] and TESS [17]
(described in appendix subsection B).

2) Preprocessing: Preprocessing started with removing
silent parts of the audio. Then based on the length of the
audio clips, a standard length was established so that there
is no need to clip the audio extensively (in order not to lose
information) and not to introduce too much zero padding.
Then audio clips were resampled to 16 kHz. Then denoising
was applied. The following features were extracted from the

audio: the Mel frequency cepstral coefficients, zero-crossing
rate, and root mean square (energy).

3) model training: An artificial neural network model
was designed to generate predictions based on Long-Short
Term Memory (see architecture in Figure 1). The model

Figure 1: Emotions predictions model architecture.

achieved 88% accuracy. The mistakes are display using the
confusion matrix in subsection C, Figure 3.

4) results on the interview dataset: The interviews were
preprocessed using the same procedures as while training.
Then, the emotions were predicted for every clip of the
length equal to the one used during the training. The
probability of emotions belonging to a certain class was kept
instead of the hard classification. Then in order to predict
the interview performance, the emotions obtained for every
point in time were averaged. More sophisticated methods
can be further examined. Also standard deviation can be
worth examining.

IV. MODELS AND METHODS

A. Target variables

In the context of this project, we decided to focus on four
target variables included in the original dataset (described in
section II). Two of them, the Education Level and the IM
condition, defined upstream from the interview, are treated as
categorical variables. The two others, Interview performance
and CBCA Score, result from the applicants’ answers. Thus,
the models inquire about the possibilities to understand both
interviewees’ intrinsic conditions and results based only on
their production.

B. Models

After a coarse examination of machine learning models
based on their potential interpretability or predictive power,
we selected empirically three models from the scikit-learn
library [18] to perform classification and their correspond-
ing versions for regression. We also created models using
the Tensorflow library [19] in order to fine-tune BERT
model [4]. For each of the four preselected target variables,



models were trained using different sets of independent
variables (lexical, prosodic, predicted from audio emotions,
and combinations of them) with these three models, namely
ridge regression model [20], and two ensemble learning
methods: random forests [21] and ADABoost [22]. Crucial
parameters of these models were tuned through grid search
paradigm1 and evaluated using 5-fold cross-validation in
case of the sklearn models and test set in case of Tensorflow
models:

• Ridge: linear least squares regressor with a l2-
regularizer with strength controlled by the hyperparam-
eter α optimized over 200 values ranging from 50 to
1000. Its classifier alternative converts targets variables
to binary labels in a one-vs-all fashion for multi-class
classification and trains a regressor for each label. In
a multi-class scenario, the class is predicted to achieve
the highest score.

• Random forest: meta-estimator that operates by fitting
a multitude of decision trees on various sub-samples of
the data and then averaging their results. The number
of trees in the forest is optimised over 20 values from
50 to 250.

• ADABoost: meta-estimator fitting first a model on
the original dataset (here with a decision tree) and
then subsequent copies of the base model adaptated
(weighted) to focus on instances mispredicted by the
previous model. The learning rate of the algorithm is
tuned over 50 values from 10−3 to 104.

• BERT-based model: it is a transformer-based model
that uses a pre-trained version of BERT (with 4 hidden
layers of size 512 and 4 attention heads) with one Dense
Layer with one neuron for regression and n-1 neurons
for classification. The data was divided into 70, 15, and
15 % for training, validation, and testing. The input
length was truncated or zero-padded (depending on the
case) to 512 tokens which is the maximum number of
the tokens for pre-trained BERT models.

C. Quality assessment

During the grid search, two different metrics were opti-
mised depending on the nature of the task. For classifica-
tion, the accuracy of the model was maximised, while for
regression, the Mean Absolute Error (MAE) was minimised.
Tensorflow based models were optimised for MSE though
the final metric remains the MAE for interpretability reasons.
The average of these scores among the cross-validated
folds was retained as the performance of the methods to
account for the targeted phenomenon. In order to put these
values into perspective, they have been benchmarked against
dummy models: the average for regression tasks and the
most frequent class in classification tasks.

1Due to limited computational power, the grid search was constrained to
a limited number of parameters.

V. RESULTS

The results obtained for the three models fitted with the
different sets of features are gathered in Table I, for each
target variable the best score is embolden and scores worse
or equal to the one achieved with the dummy model are
italicized. As the altered lexical features often attained worst
results than their complete version, the full version was used
when combined with other set of features, results are visible
in subsection D, Table III.

The developed models have proved to be powerful to
determine applicants’ education level, reaching more than 20
points above chance using both prosodic and lexical features.
Moreover, prosodic features alone enabled to obtain more
than 70% accuracy. In the combined model, audio features
have, in average 2.3 more weight than textual ones.

The IM condition classification task exhibited mixed
results. Only lexical features allowed to improve the results
from the benchmark by more than 3 points.

In line with possible expectations, models fitted on lexical
features yielded improvements against the benchmark to
predict the CBCA Score, lowering the MAE by more than
one-third of its dummy value. Interestingly prosodic features
also produced compelling results, despite the fact that CBCA
is a rigid score almost solely based on the responses’ actual
lexical content.

Finally, independently of the ML model or set of pre-
dictors, the Interview performance turned out to be very
poorly encompassed, and none of them achieved large
improvements compared to the dummy benchmark.

VI. ANALYSIS AND DISCUSSION

As described above, one surprising result is that even
though the CBCA evaluation process only considers the
discourse’s content, predictions based uniquely on prosodic
features were quite accurate. For both prosodic and lexical
features, the main criteria used by the model to assess CBCA
was the length of the answer measured respectively through
its time duration or its number of tokens (see subsection E,
Figure 5 and Figure 4), potentially reflecting the number of
details. It underlines the fact that the different categories of
features might be capturing similar elements.

Several hypotheses can be considered to explain why
the interview performance label results are low. On the
one hand, the features might not have been significant, the
models may not be sophisticated enough or more data could
have been required. On the other hand, it was actually
expected that the interview performance score was unrelated
to the features as the interviewer was comparing the content
of the interviewee’s answer to a set of specific criteria to
assess competencies that should are not related to such
features.

We might have come to different conclusions if we treated
the interview performance as a classification task instead of
regression. The performance was rated on a scale of 1 to



Features Model Education Level (acc) IM condition (acc) Interview performance (MAE) CBCA Score (MAE)

Dummy 0.53 0.35 0.68 1.64

Lexical Ridge 0.66 0.41 0.68 1.20
AdaBoost 0.65 0.37 0.68 1.13
Random forest 0.65 0.38 0.68 1.09

Prosodic Ridge 0.71 0.36 0.67 1.34
AdaBoost 0.70 0.38 0.67 1.31
Random forest 0.67 0.35 0.68 1.29

Emotions Ridge 0.57 0.35 0.68 1.61
AdaBoost 0.55 0.36 0.70 1.60
Random forest 0.52 0.36 0.74 1.68

Lexical + Prosodic Ridge 0.74 0.42 0.68 1.23
AdaBoost 0.70 0.38 0.67 1.13
Random forest 0.72 0.40 0.67 1.11

BERT-based Albert/Small BERT 0.95 0.40 0.64 0.94

Table I: Models Scores

5 (discrete values only). It might also explain why for the
task of predicting CBCA score, which has 28 distinct values
and was also treated as a regression task, we achieved better
results using the mean absolute error as a metric.

Extracted from audio, emotions were aggregated, and
therefore, a lot of information was lost. More sophisticated
methods are needed in order to grasp time changing aspect of
an interviewee’s state and relation to the presented questions.
We could then expect a better result, especially for the IM
condition, which requires knowing whether an interviewee
lied at some point in time during their answer.

The most important coefficients of the Ridge classification
for the education level are shown in Figure 2. Prosodic
features are prevalent in positive coefficients. Even though
they are not all easily interpretable, it can be observed
that interviewees that speak louder on average and for
longer were more likely to be MBA. On the other hand,
lexical features are important BCom predictors, in particular
confusion and the frequent use of the first person.

BERT was found to be more accurate for all tasks besides
IM condition. This implies that more explainable features
could be extracted from the interviews and would lead to
better results.

More results can be found in the appendix in subsection E.
On a side note, we tried the prosodic features to predict

gender and got a very high accuracy (0.975) with a non-
optimised ridge classifier. Our models might therefore use
those characteristics as a proxy for its prediction on other
labels such as the education level. Those models would
reproduce those biases in a production application and would
require further work to make it fairer.

As the research subject is broad and there might be
many improvements by adding the following models and
techniques:

• checking if the speaker talks grammatically correct
• predicting emotions from text, using BERT
• checking if the candidate answers the question asked

• incorporating video-based features like gaze, smile, and
emotions

Figure 2: Lexical + Prosodic coefficients in Ridge classi-
fication for education level condition (negative coefficients
associated with BCom, positive ones with MBA).

VII. SUMMARY

It was found that using lexical and prosodic features,
we were able to predict CBCA scores and the education
level more accurately than our benchmark (dummy models).
However, we did not reach any conclusive results for the
interview performance due to the expected independence
between the assessment process and the extracted features
and for the IM condition, which would require to grasp state
changes during the answer duration. The emotion extraction
process could be extended to tackle this latest issue. BERT
was also found to be more accurate for all tasks besides IM
condition.
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APPENDIX

A. Prosodic features

Table II: Extracted prosodic features (source: [5])

B. Additional datasets to train the emotion predictor

• RAVDESS [16]: The dataset contains 1440 audio recordings that exhibit eight emotional expressions: neutral, calm,
happy, sad, angry, fearful, surprise, and disgust. Short sentences are read by 12 male and 12 female actors.

• TESS [17]: The dataset contains seven emotions. It does not include calm; therefore, we discarded it, and it contains a
pleasant surprise, which will be treated the same as a surprise. Different sentences than in the RAVDESS dataset were
read by two actresses in total, making 2800 recordings.

C. Audio Based emotions predictions

Figure 3: Confusion matrix of emotions predictions.



Features Model Education Level (acc) IM condition (acc) Interview performance (MAE) CBCA Score (MAE)

Dummy 0.53 0.35 0.68 1.64

Lexical full Ridge 0.66 0.41 0.68 1.20
AdaBoost 0.65 0.37 0.68 1.13
Random forest 0.65 0.38 0.68 1.09

Lexical clustered Ridge 0.62 0.42 0.66 1.17
AdaBoost 0.60 0.40 0.67 1.17
Random forest 0.59 0.39 0.68 1.17

Lexical PCA Ridge 0.66 0.41 0.68 1.20
AdaBoost 0.64 0.38 0.70 1.38
Random forest 0.61 0.36 0.70 1.37

Prosodic Ridge 0.71 0.36 0.67 1.34
AdaBoost 0.70 0.38 0.67 1.31
Random forest 0.67 0.35 0.68 1.29

Emotions Ridge 0.57 0.35 0.68 1.61
AdaBoost 0.55 0.36 0.70 1.60
Random forest 0.52 0.36 0.74 1.68

Lexical + Prosodic Ridge 0.74 0.42 0.68 1.23
AdaBoost 0.70 0.38 0.67 1.13
Random forest 0.72 0.40 0.67 1.11

Table III: Models Scores

D. Models scores

E. Coefficients’ importance visualisations

(a) Ridge. (b) ADABoost. (c) Random forest.

Figure 4: Lexical coefficients’ importance for CBCA regression.



(a) Ridge. (b) ADABoost. (c) Random forest.

Figure 5: Prosodic coefficients’ importance for CBCA regression.

(a) Class 1 (honest). (b) Class 2 (slight deception). (c) Class 3 (extensive deception).

Figure 6: Coefficients of the fitted one-vs-all ridge classification of the IM condition on Lexical + Prosodic features.
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