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中 文 摘 要 ： 本研究在開發一套能夠根據應徵者表情動態推測其職能行為表現的
即時影像智能處理模型。該模型運用方向梯度直方圖、支援向量機
、和卷積神經網路相關技術，結合非同步視訊面試軟體，做為自動
化面試甄選的初步快篩工具。有別於傳統基本情緒論主張表情反應
當事人在特定情境下的情緒與感覺，本研究採用社會心理學行為生
態論，主張表情反應了當事人在特定情境下，其下意識的行為傾向
或意圖。根據臉部肌肉態動反應的速度，表情可分為一般表情與微
表情，一般表情可以持續1/2秒以上，而微表情則發生在1/2秒以下
的臉部肌肉變化，且大多出現在1/15秒上下，不容易被當事人操控
。因此，可做為推測應徵者在回答面試問題時，下意識反應該相對
應問題的行為傾向或意圖之有效線索。本計畫以某家財星五百強的
企業為實地研究場景，收集應徵者/員工在非同步視訊面試下回答特
定職能面試問題的影像與粹取微表情，同時蒐集這些員工入職半年
以上，經由直屬主管評鑑的職能行為分數作為分類基礎。本研究透
過透過深度學習，分析微表情與職能行為分數之間的關係，找出與
建立能夠推測該職能行為分數的微表情組合特徵模型，再運用該模
型去推估其他應徵者/員工入職後的職能行為評鑑結果。經實證發現
，本研究開發的模型相較於過往傳統入職前常用的人事測評工具
，例如結構式行為面談、性格測驗、職業興趣量表、評鑑中心等
，能更精準地推測入職後員工的職行為評分，且提供顯著且更高的
同時效度相關係數。

中文關鍵詞： 行為生態論、卷積神經網路、甄選面試、方向梯度直方圖、即時影
像處理、支援向量機

英 文 摘 要 ： This work aims to develop a real-time image and video
processor enabled with an artificial intelligence (AI)
agent that can predict a job candidate's behavioral
competencies according to his or her facial expressions.
This is accomplished using a real-time video-recorded
interview with a histogram of oriented gradients and
support vector machine (HOG-SVM) plus convolutional neural
network (CNN) recognition. Different from the classical
view of recognizing emotional states, this prototype system
was developed to automatically decode a job candidate’s
behaviors by their microexpressions based on the behavioral
ecology view of facial displays (BECV) in the context of
employment interviews using a real-time video-recorded
interview. An experiment was conducted at a Fortune 500
company, and the video records and competency scores were
collected from the company's employees and hiring managers.
The results indicated that our proposed system can provide
better predictive power than can human-structured
interviews, personality inventories, occupation interest
testing, and assessment centers. As such, our proposed
approach can be utilized as an effective screening method
using a personal-value-based competency model.



英文關鍵詞： Behavioral Ecology View of Facial Displays (BECV),
Convolutional Neural Network (CNN), Selection Interview,
Histogram of Oriented Gradients (HOG), Real-time Image and
Video Processing, Support Vector Machine (SVM)
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Abstract 

This work aims to develop a real-time image and video processor enabled with an artificial intelligence (AI) 

agent that can predict a job candidate’s behavioral competencies according to his or her facial expressions. 

This is accomplished using a real-time video-recorded interview with a histogram of oriented gradients and 

support vector machine (HOG-SVM) plus convolutional neural network (CNN) recognition. Different from 

the classical view of recognizing emotional states, this prototype system was developed to automatically 

decode a job candidate’s behaviors by their microexpressions based on the behavioral ecology view of facial 

displays (BECV) in the context of employment interviews using a real-time video-recorded interview. An 

experiment was conducted at a Fortune 500 company, and the video records and competency scores were 

collected from the company’s employees and hiring managers. The results indicated that our proposed system 

can provide better predictive power than can human-structured interviews, personality inventories, 

occupation interest testing, and assessment centers. As such, our proposed approach can be utilized as an 

effective screening method using a personal-value-based competency model. 

 

Keywords 

Behavioral Ecology View of Facial Displays (BECV), Convolutional Neural Network (CNN), Employment 

Selection, Histogram of Oriented Gradients (HOG), Real-time Image and Video Processing, Support Vector 

Machine (SVM) 

1. Introduction 

Competency refers to “a set of behavior patterns that the incumbent needs to bring to a position in order to 

perform its tasks and functions” [1]. This can help to predict how a job candidate will perform or behave at 

a specific job for which he or she is applying [2]. Therefore, competency is also called behavioral 

competencies that reflect the attributes underpinning a behavior, including knowledge, skills, abilities, and 

other characteristics (KSAOs) associated with successful performance in an area of work [3]. Simply put, 

behavioral competencies are any observable characteristics that can distinguish higher performers from 

others in an organization [4]. Some underlying characteristics, such as personality traits and values, play 

more important roles in success than technical knowledge and skills [5]. 

There are different approaches for developing competency models in human resource management [6]: the 

job-based approach, the future-based approach, the person-based approach, and the value-based approach. 

Job-based competency defines what should be done for a specific job and role and is commonly adopted 

with a static context with specific job duties and requirements. Future-based competency defines what will 

be done in an organization in the future and requires a clear organizational vision, roadmap, and expected 

behaviors based on existing culture. Person-based competency defines which generic personal attributes are 

translated into behavioral patterns that can support the human capital advantage in an organization (not for a 

specific job), such as individual intelligence and growth mindset at Microsoft. This is suitable for 

Predicting Behavioral Competencies 

Automatically from Facial Expressions in Real-

Time Video-Recorded Interviews 
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organizations that focus on innovation and flexibility in the context of dynamic change. Value-based 

competency defines how things should be done by everyone in an organization and is useful when an 

organization wants to promote core values that may not gain a short-term advantage but can achieve 

sustainability. In a rapid change environment, an increasing number of organizations adopt person-based plus 

value-based competency models to lead organizational transformation. 

When generic (person-based) and core (value-based) competencies can be identified successfully, the 

competency model can be applied to many organizational activities, especially personnel selection [7]. To 

assess whether a job candidate’s generic person-based or value-based competency is valid, human experts 

need to assign ratings [8], such as during employment interviews that are commonly used in personnel 

selection [9]. The interview questions can focus specifically on experiences (e.g., what have you done?) or 

situations (e.g., what would you do?), or can focus more broadly on job-related KSAOs in both behavioral 

(e.g., tell me about your experience with…) or situational formats (e.g., tell me about your knowledge of…). 

The logic behind the employment interview is that a candidate’s interview performance can predict his or her 

future behavior associated with prospective competencies [9] according to the candidates’ verbal and 

nonverbal responses [10]. 

However, it is not cost-effective to interview every job candidate [11], and predictive validity is concerned 

with the relationship between interview performance and actual competencies due to interviewer-respondent 

interactions [12] and interviewees’ fake behaviors [13]. Some interdisciplinary scholars in the computer science 

and human resources fields have suggested that video-recorded interviews, also called asynchronous video 

interviews (AVIs), can be used as an alternative to synchronous interviews, including face-to-face interviews, 

phone interviews, and conferencing interviews that require both the interviewer and interviewee to be present 

at the same time. In an AVI, the interviewee can answer predefined text questions at his or her convenience, 

and then the recordings of these answers are evaluated by a human [14]. Moreover, a job candidate’s nonverbal 

responses, including facial expressions, are not easy to fake compared with verbal responses during an 

employment interview [10]. Recordings of facial movement can be used as more reliable cues to predict a job 

candidate’s emotional state [15], personality traits [16], and communication skills [17] by computer vision 

enabled with deep learning. Hirevue.com is an example that combines artificial intelligence (AI, a deep-learning 

agent) and the Internet of Things (IoT: the AVI on mobile devices) to automatically predict a job interviewee’s 

future performance according to his or her facial expressions [18]. 

A neuroscience study found that primates’ (as well as humans’) facial expressions are disclosed as a part 

of an embodied multimodal system (communication, emotional experience, and cognitive aspects that work 

together) that can predict the actor’s likely future behavior [19]. This is not limited to emotional states [20] 

or social perception by observers [21]. Therefore, a job candidate’s facial expressions recorded by an AVI 

platform is a good indicator of his or her competencies. 

The study aims to develop a deep-learning agent that can detect job candidates’ facial expressions 

according to the interview records from an AVI interface, while the agent can utilize the cues to predict their 

generic and core competencies in real-time based on a person plus value-based competency model of a 

Fortune 500 computer company in 2020. 

The rest of the paper is organized as follows: related works are reviewed in section 2; the experimental 

procedure, image processing, and modeling are proposed in section 3; and the results are presented in section 

4. Finally, the discussion and conclusions are drawn in section 5. 
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2. Related works  

2.1 Decoding facial expressions 

Research on human facial expressions has two different approaches [22]: basic emotion theory (BET) and 

the behavioral ecology view of facial displays (BECV). BET is also known as the “common view” or “classic 

view” [23] and assumes that human internal feelings and emotions are externalized by fac ial expressions at 

both the macro and micro levels [24]. Macroexpressions can be subjectively identified by human observation 

and categorized into six universal basic emotions: happy, fear, sad, surprise, anger, and disgust. By 

comparison, microexpressions are provoked involuntarily in brief and short durations, and they are not easy 

to recognize by the human eye [25]. Technically, the conceptual difference between macro- and 

microexpressions is their duration, and the threshold is 1/5 of a second [65][66]. From the perspective of 

BET, a person’s emotional state can be recognized by his or her facial muscle movement [23]. For example, 

smiling reveals happiness [22]. 

However, several studies have discovered that a person’s facial expressions do not reflect his or her true 

feelings [26]. Instead, a facial expression is a signal that reflects a person’s behavioral intention toward any 

social interactants, including human or nonhuman objects, which is the other view of BECV [22]. From the 

perspective of BECV, facial expressions are social tools that signal and predict what the sender wants to 

happen next but are not a mirror about himself or herself [27]. For example, smiling is a tool used to influence 

interactants to play or affiliate and is not about happiness. A “disgusted” face may not indicate that you are 

disgusted with the interactant (e.g., an AVI interface or an AI agent), but it may signal that you want it to 

convey a different interaction [22]. This is not to say that people always attempt to manipulate others with 

their facial expressions, but this may well be instinctive when an interactant is not physically near [15][28] 

because people are nerve along psychologically [22][22]. 

In line with a competency model based on person-based plus value-based approaches [6], employers are 

more interested in predicting a job candidate’s future behavior rather than his or her feelings during job 

interviews. Therefore, the BECV is more appropriate for recognizing facial expressions to predict the 

sender’s behaviors in the context of an employment interview. 

In the field of computer science, most related studies have been conducted based on BET to recognize a 

person’s facial expressions and match or label them with a person’s different emotional states from video 

datasets [15]. In contrast, this study was conducted based on BECV to recognize job candidates’ facial 

expressions and match and label them with their observable behaviors as consistent with the target company’s 

core values on an individual basis. Thus, facial expressions are conceptualized as indicators of the actors’ 

(such as the job candidates in a job interview) likely future behaviors [19] in this study. 

2.2 Recognizing facial expressions  

Facial expression recognition can be divided into four major processes: face detection, preprocessing, feature 

extraction, and classification [15]. Facial detection refers to identifying the region(s) of interest (ROIs) of the 

human face in the frames of large image sequences [28]. Traditionally, the Viola-Jones object detection 

framework [29] combined with Haar-like features, integral images, the AdaBoost algorithm, and Cascade 

classifier stages is commonly used to classify a human face and discard nonfaces quickly on mobile devices 

[30]. This framework is also implemented to autodetect facial expressions in OpenCV, an open-source 

computer vision library [31]. 

Preprocessing aims to suppress unwanted distortions and enhances some features of facial expressions. 

Then, the facial images can be cropped using a bounding box and resized to allow for faster processing to 
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obtain the feature descriptors [32]. Moreover, using a grayscale model can reduce the effect of shooting 

conditions, cosmetics, and background noise [33]. 

Feature extraction is used to identify important features or data attributes, which is a vital process in facial 

expression recognition [34]. Feature detection and feature extraction are two primary activities under facial 

feature extraction [15]. Discriminative response map fitting (DRMF) is an oft-performed Holistic texture-

based model for detecting facial features from each facial expression in a video clip. A total of 68 landmark 

points are annotated on the face [35] and can serve as the input for the patterns of facial expression recognition 

[36]. 

To extract the features, each image is divided into small spatial regions, and then the gradients and 

orientation are calculated for every pixel in the image. The method of the feature extraction process is called 

a histogram of oriented gradients (HOG) [37]. These features can be used to train machine learning 

algorithms such as linear support vector machines (SVMs) that can perform classification using a nonlinear 

decision boundary with a polynomial kernel [38]. Dlib is a pretrained facial landmark detector and library  

based on HOG and SVM for automatically extracting facial features, and users can customize the model at 

their own discretion [39, 40]. Given recent advances in deep learning, robust facial landmark detectors have 

been developed based on convolutional neural networks (CNNs). These detectors include “Dlib CNN” and 

outperform handcrafted feature methods [41], such as “Dlib HOG-SVM.” However, CNN-based methods 

require more memory power and are more time consuming in real-time feature extraction, whereas HOG-

SVM-based methods can run faster with fewer memory resources and produce more accurate results for 

extracting nonocclusions and frontal facial landmarks [42-44] in the context of AVI. 

Classification refers to analyzing facial expression features and organizing the data into predefined 

categories [45]. The CNN is a widely used, high-performance, and simple method for classifying facial 

movement features into different categories [46], primarily for emotional states based on either macro- [47] 

or microexpressions [48]. Other than emotional states, facial expressions have been used as clues for 

understanding human behavioral intentions by using a CNN from open-source image datasets [49] or video 

frames of television series [50]. 

3. Methodology 

3.1 Participants  

To collect facial expression data in the context of AVI, we solicited a sponsoring organization that provided 

AVI records of new employees who passed their probationary period when provided with appropriate training. 

Additionally, included were their competency ratings (personal value-based) from their immediate 

supervisors. The organization is a global original design manufacturer providing services for information and 

communication technology products, including desktop systems, information appliances, handheld devices, 

storage and servers, networking and communication products, and notebook PCs. Its headquarters is located 

in Taiwan, and it does business in Asia, Europe, and North America. Its total revenue in 2020 was ranked on 

the list of global Fortune 500 companies [51]. A total of 298 newly hired employees from different functions 

were asked by the company to participate as AVI interviewees in this study, and the interviewees’ 

competency ratings were evaluated during their probation (training for six months) by their immediate 

supervisors (239 hiring managers). The newly hired employees’ profiles are listed in Table 1.  

 

Table 1 Data Profile 

Function Gender Average age 
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Research & Development 158 Male 210 35.16 

Engineering 40 Female 88 32.73 

Sales 29    
Marketing 33    

Information System 29    
Finance 3    

Administration 6    
          

Overall 298  298 34.44 

 

3.2. Procedure  

The participants were required to answer six core competency interview questions on mobile applications 

through an AVI platform developed by the authors before being hired as a permanent employee. The six 

behavioral-based structured interview questions were developed and used by the company to interview job 

candidates of different functions. These questions were asked when screening every full-time job candidate 

by the hiring managers to ensure that new hires had a certain level of generic (personal-based) core (value-

based) competencies to fit the company’s digital transformation. Each interviewee answered the same six 

questions in order, as listed in Table 2. 

 

Table 2 Competency Interview Questions and Rating Scale 

Competency Interview Questions 

Perseverance Q1: What was the greatest obstacle you had to overcome in the past? Please describe the 

situation and how you handled it? 

Openness Q2: When you joined a new team, how did you engage it? 

Initiation Q3: Tell me about a time when you took initiative on a team, considering the previous 

question. 

Innovation Q4: Explain a new digital tool (e.g., Microsoft Planner, Teams, Slack, RPA, or Python) 

that you have tested. Describe how you pitched it and what the results were. 

Critical 

thinking 

Q5: Give me an example when you determined that your manager or a coworker made 

an incorrect decision. What did you do? 

Risk taking Q6: How did you decide to proceed when all conditions were variable in work 

outcomes? 

 

The interviewees were invited by their HR department to sign up for the AVI on any Android or iOS mobile 

device, and the interviewees could decide when they were ready to start the interview within a week. The 

software guided them through the interview step by step, and the interviewees were informed that their 

answers would be used as a reference for the hiring manager’s decision and that their facial expressions 

would be analyzed by an AI algorithm to predict the six competencies. The questions were displayed on the 

screen, and one minute was allowed to think after each question was announced. Audiovisual function was 

automatically started upon entering the answer screen. Three minutes were provided to answer each question. 

If an interviewee completed the question within three minutes, they could choose to skip to the next question, 

or the system would automatically move on to the next question after three minutes. The entire AVI process 

for each interviewee lasted approximately 15-18 minutes. In this study, we only collected records for the 
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interviewees’ facial expressions to predict their competencies. The interview ratings by the hiring manager 

were used only as a reference for the company’s internal staffing decision. The ratings were not disclosed to 

the authors and were not used in this study. 

After a three-month probationary period for the interviewees who were formally hired by the company, we 

collected the competency ratings evaluated by each interviewee’s immediate supervisor regarding his or her 

observations toward the interviewee’s six competencies based on the six competency behavioral incidents 

and rating scale without watching the video. The results are listed in Table 3. 

 

Table 3 Competency Rating Scale 

Competency No Behavioral incidents α 

Risk taking 1 Take actions when the probability of success is unclear. 0.805 

2 Take decisions that involve risk. 

3 Try new but unproven approaches to solving problems. 

Perseverance 4 Achieve the goal when the objectives are made. 0.772 

5 Try new approaches for changed situations 

6 Adjust effectively to frequently changing assignments. 

7 Keep trying to achieve goals despite obstacles. 

Openness 8 Collect different ideas and explore their opportunity to implement. 0.782 

9 Generate new ideas and make them happen. 

10 Be willing to implement new ideas from others. 

Initiation 11 Gather extra data that might be useful for work. 0.868 

12 Explore alternatives and positions to reach outcomes in difficult 

situations. 

13 Conduct risk analysis and initiate action despite outcome uncertainty 

14 Analyze the question beyond the question. 

Innovation 15 Try new approaches in an uncertain situation. 0.736 

16 Identify different approaches to achieve the same goals. 

17 Explore new methods to solve problems with colleagues. 

Critical 

thinking 

18 Question the legend points. 0.664 

19 Clarify issues and answers through debate. 

20 Think outside the box. 

21 Question established norms or rules. 

Rating scale (Five-points): 

5: Demonstrates relevant behaviors accurately, consistently, and independently as a good example. 

4: Demonstrates relevant behaviors accurately and consistently in most situations with minimal guidance.  

3: Demonstrates relevant behaviors accurately and consistently on familiar procedures and needs 

supervisor guidance. 

2: Demonstrates relevant behaviors inconsistently, even with repeated instruction or guidance.  

1: Fails to demonstrate relevant behaviors regardless of the guidance provided. 

 

Every interviewee who passed the probationary period had their six competency ratings averaged by three 

to four items, as listed in Table 3. All the Cronbach’s alpha (α) as Eq. (1) of the six competency dimensions 
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were acceptable (>0.6), as shown in Table 3. This indicates that the items can be grouped within a specific 

dimension for the same construct [52]. 

 
𝑁∗c̄

�̄�+(𝑁−1)∗c̄
                                                                                                                                                       (1) 

 

N = the number of items 

c̄ = average covariance between item pairs 

v̄ = average variance 

 

3.3 Detection and preprocessing 

In the stage of facial expression detection, we utilized OpenCV to detect each participant’s facial expressions 

frame-by-frame from the AVI records at a frame rate of 20 images per second (FPS) [53]. We resized all 

frame images at a fixed 640-pixel width to eliminate the variability in different image frames caused by 

rotation and shifting [53]. Moreover, we located facial landmark points on each image, as shown in Fig. 1, 

to capture the face ROI and facial deformations. 

Fig. 1 Facial landmark points 

 

With regard to the rotation, we set the top landmark point at 8, the forehead and the bottom landmark at point 

23, and the chin to calculate the angle to align the face for all images as Eq. (2)-(7): 

Vertical Line: (x1, y1) − (x1, y2)                                                                                                                (2) 

Landmark Point 8 to 23: (x1, y1) − (x2, y2)                                                                                              (3) 

L1 = (Xa, Ya). Xa = 0, Ya = y2 − y1                                                                                                           (4) 

L2 = (Xb, Yb). Xb = x2 − x1, Yb = y2 − y1                                                                                               (5) 

cos θ =
L1∙L2

|L1||L2|
=

XaXb+YaYb

√Xa2+Ya2∙√Xb2+Yb2
                                                                                                              (6) 

Angle = acos (
XaXb+YaYb

√Xa2+Ya2∙√Xb2+Yb2
) ∙

180

π
                                                                                                        (7) 
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Afterward, the images were rotated and cropped to cover the entire face and transformed to grayscale with 

the purpose of reducing the noise (e.g., cosmetics, hair, and illumination) and normalizing the large-scale 

images [49] for the preprocessing stage. This is shown in Fig. 1. 

 
Fig. 2 Detection and preprocessing of facial expression 

 

3.4 Feature extraction 

In the feature extraction stage, for better results, we located 86 landmark points, including the forehead region 

(more than 68 points were used in DRMF without the forehead region), in each image [54], as shown in Fig. 

1, by using Dlib HOG-SVM to capture the interviewees’ microexpressions with a vector size of 4,096 values. 

This is shown in Fig. 2. 
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Fig. 2 Feature extraction of facial expressions 

 

3.5 Classification 

After collecting data as mentioned in section 3.2, we utilized a CNN in our proposed framework of different 

facial expressions to classify the six competency scores, including each mean score (mean), standard 

deviation (SD), maximum score (max), and minimum score (min), as shown in Table 4. 

 

Table 4 Descriptive statistics of competency scores 

Competency Mean SD Max Min 

Risk taking 3.41 0.78 5.00 1.33 

Perseverance 3.98 0.63 5.00 1.50 

Openness 3.38 0.77 5.00 1.00 

Initiation 3.60 0.78 5.00 1.25 

Innovation 3.73 0.67 5.00 1.67 

Critical thinking 3.33 0.65 5.00 1.50 

N=298 

 

Every interviewee was assigned six competency scores, and we found that the interviewees’ job function, 

gender, and age did not influence their six competency scores based on an analysis of variance (ANOVA) 

and Pearson correlation analysis. Afterward, we trained and tested the six competency models separately.  

We randomly split the 298 data points into a training set (148), testing set (75), and validation set (75) at a 

50-25-25 ratio [55]. The process aimed to build a model that can discriminate the six competency scores 

represented by the extracted facial expression features. 

Our proposed models for the six competencies were conducted by TensorFlow CNN (version 1.15.2), as 

illustrated in Fig. 3. The network consists of three convolutional layers followed by a max-pooling layer. A 

rectified nonlinear unit (ReLU) was used with convolution in the CNN models to decrease the vanishing 

gradient problem in a sigmoid function [56]. 
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Fig. 3 Proposed CNN models for classification 

 

Conv layer filters the 640×640 input images. The conv layer reduced the image to 320×320×32. Conv_1 

and conv_2 took the output of conv as input and scanned the images to create a feature map and reduce the 

image to 160×160×64. The pooling layer reduces the feature tensor obtained in conv_2 and reduces the image 

to 80×80×64. The same flow is output in conv_3 and conv_4 to pool_1 and pool_2 with a feature map and 

image size of 8×8×2048. The final convolution with a special 1×1 filter followed by average polling collected 

the facial information in a 1×1×4,096 feature map. The output of the final pool was passed to the softmax 

classifier for the classification of competency scores. The input block was used to save the weight for the 

next training step and the statistics. We split each output into 100 classes for the six competencies; therefore, 

the final layer of the model was a softmax layer with 600 (6 × 100) possible outputs. 

A learning rate dropout (LRD) of 0.01 was applied to reduce overfitting. This was followed by a sequence 

of four convolutional layers. The first two had a filter size of 640 each and then downsized to 320, 160, 80, 

and 40 each. A single max-pooling layer followed these four layers with a dropout rate of 0.25. To convert  

the output into a single-dimensional vector, the output of the previous layers was flattened. A fully connected 

layer was subsequently used along with an additional dropout rate of 0.5. Eventually, a fully connected layer 

with a softmax activation function served as the output layer [57]. Then, 4,000 training iterations were 

conducted with a 0.01 learning rate and 10 evaluation frequencies in this process. Moreover, we inserted 
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batch normalization between the convolutions to normalize the inputs to layers within the network to prevent 

overfitting of the model [67]. 

4. Results 

The proposed CNN models for the six competencies were trained for 256 epochs independently and reached 

83%-85% validation accuracy based on our predictive scores (Xi) and the supervisors’ rated scores (Yi) for 

the interviewees’ six competencies in this field study. The training and validation loss and the validation 

accuracies for the six CNN-based models are shown in Fig. 4. 

 

 
 

 
Fig. 4 Accuracies of training and validation for the six CNN-based model 
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Competency prediction by facial expressions was performed using AVI plus CNN, and we followed [16, 

17] to present the accuracy, F1 score, Pearson correlation coefficient (R), explained variation (R2), and mean 

square error (MSE) to measure the predictive validity of our proposed models. This is shown in Table 5. 

The accuracy indicates the percentage of correct predictions as Eq. (8): 

( 
∑𝑑𝑖𝑎𝑔(𝑛)

 𝑛
 )                                                                                                                                                      (8) 

The F1 score measures the overall model’s accuracy and combines precision and recall as Eq. (9): 

( 
∑ ∫ (𝑋𝑖

 

1 )n
i=1

n
 )                                                                                                                                                     (9)  

R measures the strength of the association between the predictive scores of our modeling and the 

supervisors’ rated scores as Eq. (10): 

(
∑  ( 𝑥𝑖−𝑥 ̅ )  

 
𝑖

√∑ ( 𝑥𝑖−𝑥 ̅ )2  
𝑖 √∑ ( 𝑥𝑖−𝑥 ̅ )2  

𝑖

)                                                                                                                                (10) 

R2 represents the proportion of the variance in the supervisors’ rated scores that can be explained by the 

predictive scores from the facial expressions as Eq. (11): 

 (
∑  ( 𝑥𝑖−𝑥 ̅ )  

 
𝑖

√∑ ( 𝑥𝑖−𝑥 ̅ )2  
𝑖 √∑ ( 𝑥𝑖−𝑥 ̅ )2  

𝑖

)2                                                                                                                             (11) 

MSE calculates the sum of squared distances between the supervisors’ rated scores and predic ted scores. 

In contrast to the previous metrics, MSE is a risk factor. Thus, the smaller the MSE is, the better the model 

fits the supervisors’ ratings, as shown in Eq. (12): 

( 
∑(�̂�−𝑌)2

n
 )                                                                                                                                                      (12) 

The results in Table 5 show that the facial expressions extracted by our model can predict an interviewee’s 

six competencies as required by the Fortune 500 company. The measures of accuracy and F1 outperform the 

state-of-the-art methods of facial expression recognition and were between 60% and 80% [49]. In terms of 

predictive power, our models can explain 65% to 74% of the supervisors’ ratings toward their employees’ 

competency scores. With regard to personnel selection, the correlations of our model achieved 0.81 to 0.87, 

which was far greater than the operational validities of structured employment interviews at 0.41, personality 

inventory at 0.14 to 0.25, occupational interest testing at 0.34, and assessment centers at 0.37 for training 

performance [58], similar to the probationary evaluation in this study. Moreover, the MSEs are all less than 

one SD for the six competency scores, which indicates that the risk of error is acceptable. Therefore, our 

proposed models can be considered alternatives to traditional selection tools for screening candidates and 

predicting their training performance after the probationary period. In addition, the cost of AVI plus an AI 

function is less than that of human-conducted selection tools, and human biases can be decreased by the AI 

function [14, 16, 17]. 

 

Table 5 Metrics of Modeling Results 

Competency Accuracy F1 R R2 MSE 

Risk taking 85% 78% 82% 67% 0.11 

Perseverance 83% 82% 81% 65% 0.13 

Openness 83% 79% 87% 76% 0.04 

Initiation 84% 78% 84% 71% 0.11 

Innovation 83% 79% 81% 65% 0.12 

Critical thinking 83% 83% 86% 74% 0.12 
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5. Conclusions 

In this study, we developed a prototype system that implements a HOG-SVM detection and feature extraction 

method of facial expressions plus a CNN classification architecture with fewer data [59] to significantly 

predict the personal- and value-based competencies in a field environment. The interviewees’ facial 

expressions were extracted by an AVI platform, and then they were analyzed by deep learning to successfully 

converge the patterns of facial expressions associated with the six competency scores evaluated by the 

employees’ immediate supervisors. 

The study results support and highlight the theory of BECV, which assumes that human facial expressions 

can reflect future behaviors [22]. In addition, the novel system can automatically mark, detect, and extract an 

interviewee’s microexpressions and output the predictive scores of different value-based personal 

competencies. This can replace human interviewers and traditional competency assessments in the stage of 

screening job candidates with higher predictive validity and lower selection cost. 

To the best of our knowledge, there are no previous studies that used facial expressions (neither macro nor 

micro) as predictors to foresee personal-value-based competencies in the context of employment interviews. 

Therefore, our study proposed a state-of-the-art human resource selection and assessment method that can 

be used to predict behavioral competencies automatically from facial expressions in asynchronous video 

interviews. 

Despite fewer data from a single company, the results achieved were promising. These results indicate that 

novel image processing combined with a deep-learning approach of such a framework can be a better method 

for producing a discriminative model for competency assessment based on facial expressions. This can be an 

indicator of future behavior within social interaction as opposed to the current emotional state alone, which 

is one of the current challenges in the field of AI applications of facial expressions [22]. Simply put, AI can 

estimate how you will behave by reading your microexpressions [60, 61, 68-75]. 

The present study leaves a few intriguing questions open for future exploration. First, we focused on 

specific categories of a personal-value-based competency model that varied across organizations and 

industries. Future research can explore whether the effects described here also converge for other competency 

models, such as job-based or future-based competency approaches for knowledge, skills, or cognitive abilities.  

Second, although our proposed system achieves better performance, the results are explored for a specific 

company and culture. Future work will be extended to other organizations in different sectors and countries.  

Third, this study carried out a probationary evaluation to label competencies as criteria and achieved higher 

validity compared to the other selection tools. In the future, we will collect task performance records as 

criteria to examine criterion-related validity. 

Finally, we utilized OpenCV and Dlib HOG-SVM to detect and extract frontal facial expressions. However, 

more challenging aspects of detecting and extracting facial expressions should be considered, including 

orientation variance and pose changes. Moreover, to achieve better performance, other detection and 

extraction methods can be implemented and evaluated, including the main directional mean optical flow 

(MDMO) [61], facial dynamics mapping (FDM) [62], local binary pattern-three orthogonal planes (LBP-

TOP) [63], and the Gabor wavelet filter [64]. 
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一、參加會議經過 

亞太國際科技教育研討會（Asia-Pacific International Conference on Technology Education，簡稱

ICTE）是由臺灣與亞太地區國家（包含日本、南韓、澳洲、紐西蘭、香港、美國等）科技教育學

會所共同規劃籌辦的重要國際研討會，1997年 ICTE 研討會的會員國在臺灣共同簽署章程，2019

年 1月 16-18日則於韓國舉辦第十一屆研討會。臺師大獲得 2021年亞太國際科技教育研討會主辦

權，因疫情關係，透過同步視訊會議舉辦。計畫主持協同三位碩士班研究生，在線上 Zoom平台發

表論文。 
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二、與會心得 

國立臺灣師範大學科技應用與人力資源發展學系（以下簡稱臺師大科技系）協同中華民國工業科

技教育學會與其他學術機構，在科技部與臺師大的補助下，於 2021年 1月 25、26日舉辦 ICTE 2021

的線上國際研討會，總共有來自韓國、日本、香港、美國、澳洲、紐西蘭、荷蘭等不同國家專家

學者以及現場實務教師參與。 

本次 ICTE 2021的主題為「Less is More : Issues of STEM/STEAM, Maker, and Emerging Technology in 

Technology Education」，世界各國的學者針對現階段 STEM/STEAM 教育、自造運動以及新興科技

對科技教育的發展進行研討，並針對在疫情尚未獲得控制之下，各個國家如何採用線上方式進行

科技教育的教學與評量進行深入討論。 

三、發表論文全文或摘要 

1. Compare the practice effects of self-reported vs. AI-evaluated personality traits 

 

Face-to-face employment interviewing is a widely used selection method to identify a job candidate’s 

personality traits and interpersonal communication skills that are critical criterion for predicting job 

performance. Other than verbal content, most of interviewers observe a job candidate’s nonverbal 

responses, and utilized the cues to judge the candidate’s personality traits and communication skills.  

However, face-to-face interviewing is time-consuming and costly, which also limited by time and place. 

Therefore, more and more companies use asynchronous video interviews (AVIs) as an alternative method 

because AVIs allow the job candidates to answer pre-established questions through a webcam and mobile 

devices, without a live interviewer in attendance. As advance in artificial intelligence (AI), AVIs enable 

with AI agent are increasingly adopted as a new automatic interview process by employers.  

Many job applicants may persist to retake the testing for raise the opportunity to get the job offers. One 

the one hand the retesting policy merits the procedural justice in personnel selection; on the other hand, it 

may be a concern for test-retest reliability. Thus, this project aims to examine whether job applicants may 

change their results through constant practice and retake tests. Since retesting refers “deliberate tailoring 

of answers to create a positive impression” as well as faking it may distort the selection validity due to 

practice effects –“score changes associated with completing multiple forms of a selection test”. 

Applicants may retake the test in order to raise the opportunity to get the job offers. Can applicants learn 

from the AVIs process? When they have a second chance to retest, can they distort and change their 

personality traits analyzed by AI? 

Using new technology and passing appropriate training can enhance the applicant’s control and change of 

personality traits during the video interview. However, to best of our knowledge, there is no emprical 

study has been conducted to examine whether such training or practice can allow humans to affect the 

performance of video interviews by changing their behavior. 

Accordingly, this study will exam whether the applicant’s personality traits will be changed in test-retest 

interval change and evaluate the practice effects between traditional self-reported personality traits and 

AI-assessed personality trait to test whether AI have higher test-retest reliability than self-reported 

questionnaires that has been adopted by many employers for decades. The implications of this study 

results will be discussed in the conference for improvement and development of industrial education in 

AI. 



 3 

 

2. AI Interview Agent Used to Predict Interpersonal Communication Skill and Personality Traits Based 

on AVI Records and Multi-raters’ Scores 

 

Personality traits and interpersonal communication skills are both regarded as vital criteria during 

personnel selection and employee training assessment. Recently, researchers have adopted asynchronous 

video interviews (AVIs) and artificial intelligence (AI) to predict interviewees’ or employees’ personality 

traits and interpersonal communication skills. However, there is concern about the criterion validity when 

the prediction models are developed based on self-report or others’ observation in zero-acquaintance, 

such as a job interviewer. Judgements by self-report may suffer from social desirability and 

self-protection biases, while judgements of zero acquaintances may display personal biases, errors, and 

social desirability biases. These problems can be resolved by including reports from multi-raters of 

knowledgeable others in the workplace, such as supervisors, coworkers, subordinates or customers. 

Hence, this paper aimed to develop an AI interview agent based on interviewee’s AVI records and 

multi-raters’scores.  

 We used convolutional neural network (CNN) with TensorFlow to build an AI interview agent. This 

model established the relationship between interviewees’ nonverbal facial cues and their communication 

skills and personality traits; a model that simulated multi-raters’ scores for interviewees, with its validity 

and accuracy of prediction examined. The dataset was from matching survey data collected from 180 

employees (target), their supervisors and coworkers (raters) and from the targets’ AVI records. The 

resultant dataset of AVI records and scores by raters was used to train convolutional neural network 

(CNN) to assess the target’s personality traits and interpersonal communication skills. The prediction 

model of this study is expected to achieve accuracy up to 90 percent. The implications of this study’s 

results will be discussed in the conference for improvement and development of industrial education in 

AVI plus AI interviewing. 

 

3. Correlation Between Sale’s Performance of Salesperson and Micro -Expressions: Taking Insurance 

Salesperson as an Example 

 

Predicting salesperson’s performance is a critical issue for many employers that hiring salesperson. Many 

studies show that personality traits and communication skills are key predictors of salesperson’s 

performance in many industries including Insurance. Also, studies found that facial micro-expressions are 

associated with a person’s personality traits and communication skills because micro-expressions reflect a 

person's internal state and intentions. Therefore, facial expression can be used to predict sales 

performance. However, micro-expressions cannot be controlled as they happen in a fraction of a second, 

but it is possible to capture the expressions by an intelligence computer.  

The study aims to explore the relationship between micro-expression and salesperson’s performance. 

Before that this conference paper reviews evidence how personality traits have a profound influence on 

the processing of micro-expressions, and how micro-expression influence a person’s communication 

skills. We solicited 100 participants who are playing the roles of salesperson with more than one-year 

experience in insurance industry. To examine the correlation between the micro-expressions of insurance 

salesperson during interview and their job performance, this study collects insurance salesperson’s 
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micro-expressions through an artificial intelligence (AI) video interview system and their job 

performance.  

The results of this study show that the six primary emotions of micro-expressions can effectively predict 

the performance of salesperson. The research results of this study can be used as a reference for insurance 

companies in recruiting and selecting insurance salesmen. The implications of this study results will be 

discussed in the conference for improvement and development of industrial education in AI interviewing. 

 

四、建議 

本次 ICTE 2021線上國際研討會很榮幸邀請到臺師大吳正己校長、教育部林騰蛟次長、考選部李

隆盛次長、臺師大劉祥麟處長、臺師大高文忠院長等貴賓致詞，世界各國學者也克服不同國家時

區的問題，共同參與此一亞太區域的科技教育盛會，臺師大科技系的執行團隊相信未來世界各國

在推動科技教育的過程中，能夠反思與借鏡本次 ICTE 2021各國的科技教育推動經驗，以讓科技

教育有更卓越的發展。 

五、攜回資料名稱及內容 

由於是線上研討會，並無實體資料與內容。 

六、其他 

無 
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