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AI and Entrepreneurship:
Facial Recognition Technology Detects Entrepreneurs, Outperforming Human Experts

Appendix A: Technical details, further analyses, and robustness checks
This online appendix provides additional technical details regarding our method and analyses. To keep the online appendix more self-contained, we repeat some parts of the main text verbatim.

A.1	Full facial image-based classifier 
A.1.1	Face detector
The location of the face in the input image is detected using the widely used MTCNN face detection technique which is proposed in Zhang et al. (2016)[footnoteRef:1]. Despite being lightweight, this technique allows us to generate real-time inferences. MTCNN achieves competitive results in FDDB (Jain and Learned-Miller, 2010) and WIDER FACE (Yang et al., 2016) benchmarks, outperforming numerous baselines (e.g., Chen et al., 2014; Yang et al., 2015; Yang et al., 2016). This face detection method utilizes three stages of CNNs in its pipeline. In the first stage, candidate windows for the face region are produced through a proposal network. These proposals are fed to another CNN (Refine Network) which further rejects the false candidates. In the final stage, the bounding box is properly aligned to the face by detecting five facial landmarks’ positions, namely, the eyes, nose, and the corners of the mouth. Utilizing this framework, we detect the face region of each input image. Then, the detected faces are resized to 224×224 pixels prior to the facial feature extraction. [1:  We use the following implementation: https://github.com/ipazc/mtcnn] 


A.1.2	Extracting facial features using convolutional neural networks
We employ the model proposed in Cao et al. (2018)[footnoteRef:2] pre-trained using VGG-Face 2 dataset as our facial feature extractor. The VGG-Face 2 architecture (Cao et al., 2018) utilizes ResNet-50 (He et al., 2016), which is a particular CNN structure, as its backbone for facial feature extraction from the input face images. Then, Cao et al. (2018) pass these features through Squeeze-and-Excitation blocks (Hu et al., 2018), which explicitly model the channel-wise relationships within the RGB channels in the input image. Hu et al. (2018) demonstrate that this method has been able to learn improved facial representations in terms of facial features, allowing them to achieve competitive results in the VGG-Face 2 dataset for both face identification and face verification tasks. Therefore, we utilize this model that was pre-trained on the VGG-Face 2 dataset and extract features from the ‘activation 40’ layer, which produces a 14×14×1024 feature vector when presented with an input face image. [2:  We use the following implementation: https://github.com/WeidiXie/Keras-VGGFace2-ResNet50] 


A.1.3	Classifier
Convolutional Neural Networks (CNNs) have achieved tremendous success in a variety of face-related tasks, including, face recognition (Masi et al., 2018), fake face generation (Gao et al., 2018), and fake face detection (Hsu et al., 2018). For instance, in face verifications, where a candidate image is compared against a target image to verify whether the two face images are coming from the same person or not, CNNs outperform humans (Shepley, 2019). Furthermore, CNNs have been able to generate realistic-looking synthetic faces which are able to fool humans (Hao, 2019). Considering the recent success of CNNs we propose to utilize a classifier based on CNNs.
Our AI model (visually illustrated in Figure 1 in the paper) is composed of two identical shared feature processing blocks, each with two convolution 2D layers, two activation layers, a batch normalization layer, and a dropout layer. The shared feature processing blocks allow our classifier to seamlessly compare the features from left and right images, without adding a significant parameter overhead.
Each convolution 2D layer has a 3×3 convolution layer with 32 filters. The dropout rate of the respective dropout layers (Srivastava et al., 2014) is indicated within brackets. Subsequently, these features are passed through a dense layer with 512 and Relu activation and a dropout layer with a 0.5 dropout rate. The output is fed into a dense layer with sigmoid activation to generate the binary classification; class 0 if the left image is of an entrepreneur or class 1 if the right image is of an entrepreneur. This classifier is trained using binary cross-entropy loss and Adam (Kingma and Ba, 2014) optimizer with a learning rate of 0.001 and a decay of 1×10-6 for 100 epochs.

A.2	Facial landmarks-based classifier
A.2.1	Detection of facial landmarks
First the input facial images (after detecting the faces) are passed through a popular facial landmark detection algorithm named face alignment network which is proposed in Bulat and Tzimiropoulos (2017). This architecture is constructed using Hour-Glass network architecture (Newell et al., 2016), where the authors stack two hourglass modules for processing spatial information in multiple scales for dense prediction. This architecture has been able to achieve competitive results for 2D and 3D face alignment and landmark detection in multiple benchmarks, including the AFLW2000-3D dataset (Zhu et al., 2016).
As the facial landmarks, we use the eyes, nose, and mouth regions. After detecting these regions rest of the face is masked out such that it contains information only for a particular landmark region and the rest of the pixels of the image are composed of zeros. Figure SI2 provides examples of nose, eyes, and mouth regions.

A.2.2	Feature extraction
To draw a direct comparison between the two experiments, we apply the same feature extraction strategy in Section where we pass the generated images through the VGG-Face2 model and extract facial features from the ‘activation 40’ layer.

A.2.3	Classifier
Once the non-facial landmark regions are masked out only a smaller region within the extracted feature vector contains informative details. Therefore, a shallow model (with a smaller number of trainable parameters) can be utilized compared to our initial entrepreneurship classifier which receives the full facial image.
This model consists of two modules each with a 3×3 convolutional layer with 64 filters followed by batch normalization, a Relu nonlinearity, and a dropout layer with a 0.25 dropout rate. Then we pass the resultant feature vector through a max pooling layer with 2×2 pool size and the final entrepreneurship classification is generated by a dense layer with sigmoid activation. This classifier is trained using binary cross-entropy loss and Adam (Kingma and Ba, 2014) optimizer with a learning rate of 0.001 and a decay of 1×106 for 100 epochs.
For each landmark (eye, nose, and mouth), 75% of the data is randomly chosen for training and 25% of the data for testing, and a separate model is trained for each land- mark. We repeated this process three times and the average accuracy on the test set is chosen as the final accuracy. We also evaluate the accuracy of combining these three landmarks. In this model, we first pass the individual landmarks through two convolution- batch-normalization - Relu-nonlinearity - dropout modules as defined previously and then through a 2×2 max pooling layer. Then we concatenate the outputs from the individual landmark streams and generate the final classification by a dense layer with sigmoid activation.

A.3	Further analysis regarding gender
Deep learning models learn task specific features automatically. These features are represented in a model specific, higher dimensional embedding space. However, this embedding space is not human interpretable, and we need to use embedding space visualization techniques make it interpretable. Therefore, to better understand what features of the face region are extracted by the face classifier and to understand whether these identified features have any bias towards a specific gender, we generate an embedding space visualization for a set of randomly chosen samples. Our VGG-Face 2 feature extractor extracts features from each facial image that is in the given pair of images which represent the important features in that particular face. This extracted feature vector is of size 512, as such, it can be seen as representing the 224×224 = 50,176 pixels in the input face image in 512 values. Therefore, each image in our training set of face images is represented with 512 values and we call this space as our embedding space. The embedding space is the learned representation space where each image is represented based on its salient characteristics. To visualize this embedding space, we need to map the 512 dimensions either into 2 dimensions (2D) or into 3 dimensions using a dimensionality reduction scheme such as principal component analysis. To analyze whether the grouping (or clustering) of the samples in the embedding space is based on gender or whether it’s governed by the learned entrepreneurship characteristics we generated a 2D embedding space visualization for 250 male and 60 female samples that were randomly chosen from the test set.
In both categories, 50% of the sample are facial images from entrepreneur (ENT) and the remaining 50% are from non-entrepreneurs (Non-ENTs). We apply the PCA algorithm (Wold et al., 1987) on the output of the feature extractor to visualize the embeddings in 2D. The resulting plot is displayed in Figure SI3. This analysis shows that the AI model’s learned embedding space separation is based on the ENT/Non-ENT labels and does not seem to be biased towards a specific gender. We would like to note that the examples of the same color (ENT: pink, Non-ENT: green) are clustered together irrespective of the shape (circles-males, stars-females). This shows that the proposed AI model has been able to automatically retrieve ENT-specific features from the input faces irrespective of their gender.
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Figures
Figure SI1: Training and validation accuracy curves, suggesting that overfitting is not a major concern.
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Figure SI2: Examples for the landmark images.
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Figure SI3: Model bias and sensitivity analysis.
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Notes: 2D embedding space visualization showing a randomly chosen 250 male and 60 female samples from the test set. In both categories, 50% of the samples are ground truth entrepreneur (ENT) faces and the remaining 50% are from non-entrepreneurs (Non-ENTs). Both male and female ENTs are clustered together irrespective of gender. Similarly, Non-ENTs are also clustered together.

Figure SI4: Estimated entrepreneurship trait from the AI model for the researchers involved in this study. The model successfully distinguishes between entrepreneurship and non-entrepreneurship scholars.
	(1) Martin Obschohnka
(entrepreneurship scholar)
	
	(2) Christian Fisch
(entrepreneurship scholar)
	
	(3) Clinton Fookes
(machine learning scholar)
	
	(4) Tharindu Fernando
(machine learning scholar)
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Notes: The authors agree with their images being used here and displayed.
Appendix B: Training material 
This online appendix provides the slides we used to train humans. Note that the actual facial images and the link to the online experiment shown during the training are not presented here. 
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Datenreihe 1	


ENT	Non-ENT	0.74587479999999995	0.25412520000000005	


Datenreihe 1	


ENT	Non-ENT	0.70014514999999999	0.29985485000000001	


Datenreihe 1	


ENT	Non-ENT	0.38761200000000001	0.61238799999999993	


Datenreihe 1	


ENT	Non-ENT	0.242866	0.75713399999999997	
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• We are studying the capabilities of AI in recognizing entrepreneurs based on facial images. 
Specifically, we provide a pair of facial images to our AI (one entrepreneur, one non-entrepreneur, same 
gender) and ask the AI to identify the entrepreneur (there is a 50% chance to randomly guess correctly).



• In addition to assessing how well our AI performs, we want investigate whether our AI can outperform
human judges. Therefore, we subject a large sample of human judges to the same task in an online 
experiment.



• However, the AI model has an "unfair" advantage: we trained the AI extensively. To level the playing 
field, we want to expose you to a similar "training process" to improve your performance in our 
experiment: we will expose you to a larger sample of facial images of entrepreneurs and non-
entrepreneurs.



• Please take ~10 minutes to carefully study the following images. Your task is to figure out how to 
better distinguish entrepreneurs from non-entrepreneurs. Hence, look for any cues that might help you 
to improve your performance in the experiment. 



• Then, we will ask you to participate in our online experiment. You will be shown 10 pairs of facial 
images and your task will be to identify the entrepreneurs. If you recognize any of the pictures, please 
check the respective box below the pictures.



This presentation is for audience members only. The unauthorized redistribution, reproduction, or copying is prohibited.
Contact (mail)










•

We are studying the capabilities of AI in recognizing entrepreneurs based on facial images. 

Specifically, we provide a pair of facial images to our AI (one entrepreneur, one non-entrepreneur, same 

gender) and ask the AI to identify the entrepreneur (there is a 50% chance to randomly guess correctly).

•

In addition to assessing how well our AI performs, we want investigate whether our AI can outperform

humanjudges. Therefore, we subject a large sample of human judges to the same task in an online 

experiment.

•

However, the AI model has an "unfair" advantage: we trained the AI extensively. To level the playing 

field, we want to expose youto a similar "training process" to improve your performance in our 

experiment: we will expose you to a larger sample of facial images of entrepreneurs and non-

entrepreneurs.

•

Please take ~10 minutes to carefully study the following images. Your task is to figure out how to 

better distinguish entrepreneurs from non-entrepreneurs. Hence, look for any cues that might help you 

to improve your performance in the experiment. 

•

Then, we will ask you to participate in our online experiment. You will be shown 10 pairs of facial 

imagesand your task will be to identify the entrepreneurs. If you recognize any of the pictures, please 

check the respective box below the pictures.

This presentation is for audience members only. The unauthorized redistribution, reproduction, or copying is prohibited.

Contact (mail)


image11.emf



Important disclaimer



The following images are sourced from a real database that focusses on business 
leaders (e.g., entrepreneurs, managers, investors).



This implies that the data is likely biased (e.g., regarding gender, ethnicity, age, 
education, industry, etc.)



Hence, the following images may not be representative of the overall population 
of entrepreneurs and non-entrepreneurs.



-----------



Your participation is voluntary.



Ethics approval: This study (including the online experiment with human 
entrepreneurship experts) was approved by the Research Ethics Committee of the 



Queensland University of Technology (approval no. 2000000651). This training 
session was approved by the Economics and Business Ethics Committee of the 



University of Amsterdam (approval no. EB-6781). 



Contact: Contact (mail)



This presentation is for audience members only. The unauthorized redistribution, reproduction, or copying is prohibited.
Contact (mail)
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Entrepreneurs



X X X X



(1)
30248



(2)
31060



(3)
40365



(4)
39027



X X X X



(5)
37038



(6)
4476



(7)
23729



(8)
3111



X X X X



(9)
32519



(10)
38879



(11)
33026



(12)
4111



Non-Entrepreneurs



X X X X



(1)
23122



(2)
39972



(3)
18594



(4)
3940



X X X X



(5)
26770



(6)
3229



(7)
19623



(8)
37369



X X X X



(9)
21881



(10)
29522



(11)
3940



(12)
37688



This presentation is for audience members only. The unauthorized redistribution, reproduction, or copying is prohibited.
Contact (mail)











image15.emf



Set 4 (male)



Entrepreneurs



X X X X



(25)
4363



(26)
421



(27)
4083 



(28)
8454 



X X X X



(29)
8404 



(30)
4161 



(31)
8100



(32)
8645 



X X X X



(33)
8507 



(34)
38064



(35)
5967 



(36)
7887



Non-Entrepreneurs



X X X X



(25)
40476



(26)
40418



(27)
5089 



(28)
31672



X X X X



(29)
37318



(30)
4123



(31)
27606



(32)
24285 



X X X X



(33)
3458 



(34)
37423 



(35)
11790 



(36)
40176



This presentation is for audience members only. The unauthorized redistribution, reproduction, or copying is prohibited.
Contact (mail)











image16.emf



Set 5 (male)



Entrepreneurs



X X X X



(37)
6572 



(38)
38129 



(39)
37107 



(40)
8757 



X X X X



(41)
6249



(42)
36960



(43)
5177 



(44)
707 



X X X X



(45)
6407



(46)
5210



(47)
8030



(48)
4788



Non-Entrepreneurs



X X X X



(37)
22335



(38)
4719 



(39)
22560 



(40)
2375



X X X X



(41)
35916



(42)
19885 



(43)
13278



(44)
3961 



X X X X



(45)
37144



(46)
19327



(47)
35072



(48)
14421 











image17.emf



Now, please go to
https://LINK



and participate in our online survey.



Thank you!



QR code
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