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Abstract
We analyze how the facial expressions of people participating in loan-based crowdfunding affect their funding performance. Previously, researchers who studied facial
expressions had to rely on a small number of pictures because coding pictures required
human input, which is costly. In this study, we utilize Google cloud vision API which
allows us to detect the facial expressions from the large number of pictures. We examine the effects of people’s facial expressions (i.e., joy, sorrow, anger, and surprise) on
funding success. The results show that joy and sorrow are significantly correlated with
funding success, with the latter exerting greater impact than the former.
Keywords: Crowdfunding, facial expressions, google cloud vision.

1. Introduction
There has been a significant development in computer vision and Convolutional Neural
Network (hereafter, CNN) has gained popularity for identifying objects and detecting human
facial expressions in images and videos (Duan et al., 2002; Bansal et al., 2016; Aydin and
Othman, 2017; Carrara et al., 2019; Heo and Lim, 2019; Kim et al., 2020). Taking advantage
of the recent developments, tech giants such as Google, Microsoft, and Amazon started to
offer various image analysis services based on deep learning (Krizhevsky et al., 2017).
We collected data from Kiva.org, one of the largest loan-based crowdfunding platforms,
and examine how the facial expressions of project initiators influence funding performance.
In order to measure a large number of images, we used Google cloud vision which detects the
presence of emotions from the facial expressions of the people in the pictures. Specifically,
it processes the image and detects four kinds of emotion: joy, sorrow, anger, and surprise.
According to the extant literature in psychology, facial expressions contain information
about a person’s personalities and characteristics as well as their emotions (Ekman et al.,
1990; Frank et al., 1993; Scharlemann et al., 2001; Oosterhof and Todorov, 2008; Gunnery
and Ruben, 2016). Ekman et al. (1990) examined that smiling faces can be a measure of
trustworthiness based on the expression of true emotions. While Oosterhof and Todorov
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(2008) showed that the assessment of dominance increases as the facial expression changes
from a neutral to angry face. However, these studies relied on a small sample, which offers
little external validity (Small and Verrochi, 2009; Kraus and Chen, 2013). In this study, we
use deep learning CNN model provided by Google to evaluate facial expressions on more
than 140,000 image data and analyze their impact on crowdfunding performance.
Among the four emotions of facial expressions, we focus on joy and sorrow based on existing
research results (Genevsky and Knutson, 2015; Small and Verrochi, 2009). Genevksy and
Knutson (2015) found that smiling faces of crowdfunding participants evoke a warm-glow
to project supporters and are effective in funding performance. Meanwhile, in the donation
situation, the recipient’s sad face is the most effective facial expression compared to a neutral
or happy face (Small and Verrochi, 2009). In this research, we aim to study the effectiveness
of different facial expressions in the context of crowdfunding.

2. Methodology
The image recognition function utilized in this research is based on a CNN model. The
CNN model, first published by LeCun and Bengio (1995), is an algorithm that shows high
performance in image recognition among various deep learning models. This is a neurobiological technology based on neurons in the visual cortex which makes human recognizes objects
accurately regardless of direction and location. Google cloud vision uses a self-developed
CNN called Inception-v3 (Szegedy et al., 2016). Inception-v3 can be expressed by visualizing it in a schematic diagram, as shown in Figure 2.1. The model has symmetric and
asymmetric building blocks, including convolutions, pooling, concats, dropouts, fully connected layers, and softmax. The performance of this model achieved the lowest failure rate
in classifying and predicting with the correct label for an object in the recent ImageNet
Large Visual Recognition Challenge. It surpassed the most advanced models that competed
at the time, such as AlexNet, Inception (GoogLeNet), and BNInception-v2.
Detecting a human face using a CNN is a prerequisite for measuring facial expressions. It
typically involves many techniques such as facial landmark extraction, skin textual analysis,
and 3D analysis. There are several established approaches when it comes to detecting a
human face in a picture. The first is geometrically based, focusing on the shape of the eyes,
eyebrows, mouth, nose, chin, and other face elements. The second is an appearance-based
method to extract information from skin, wrinkles, and furrows (Zeng et al., 2008). The
measurement of facial expressions proceeds based on the points that play a pivotal role
on the face (see Figure 2.2). These are converted into pixels in an algorithm and used for
classification. The model is trained based on the points that change according to human
emotions.
We use face detection among various image analyses provided by Google cloud vision to
measure the score of the project initiator’s facial expressions. As shown in Figure 2.2, a
5-point scale is given for each probability of belonging to four emotions: joy, sorrow, anger,
and surprise. It also provides additional information on face position, face orientation, image
quality, lighting, and headdress.
We use a logistic regression model. The success or failure of a project’s funding is a binary
dependent variable where the two values are labeled 1 and 0. In this model, the log-odds for
the value denoted 1 is a linear combination of the independent variables.
When defining the probability of funding success for the measurement of the project
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Figure 2.1 Inception-v3 model (https://cloud.google.com/tpu/docs/inception-v3-advanced)

initiators’s facial expressions and other variables related to the basic information of the
project (i.e., target loan amount, repayment term, gender, group, country, sector), logit(p)
can be defined as:
logit(p)

=
=

p
)
1−p
β0 + β1 Joy + β2 Sorrow + β3 Anger + β4 Surprise +
log(

(2.1)

β5 T arget loan amount + β6 Repayment term +
β7 Gender + β8 Group + β9 Country + β10 Sector,

β1 , β2 , β3 and β4 are the coefficients for each facial expression.
After estimating the model, we focus on comparing the odds ratio of each facial expression
variable. For example, calculating the odds ratio for joy is as follows,
odds(joy + 1)
=
OddsRatio(joy) =
odds(joy)

p(F undingSuccess|joy+1)
1−p(F undingSuccess|joy+1)
p(F undingSuccess|joy)
1−p(F undingSuccess|joy)

= exp(βjoy ).

3. Data
Kiva.org is a loan-based global crowdfunding platform founded in 2005. It has provided
loans to those with limited access to traditional financial institutions. The primary beneficiaries include people in developing countries such as the Philippines and Kenya, students
who need tuition money to go to school, women who want to start a business, and fathers
who need to support their families. Project initiators briefly explain what to do with the
project and borrow money without any interest from people worldwide. People from many
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Figure 2.2 Detecting facial expressions of Kiva project initiators using Google cloud vision

different countries (77, to be exact) received loans, and the cumulative total loan amounts
to $1.5 billion.
When a lender enters Kiva’s website, they can search for an average of 6,000 active projects.
The lender faces various information about the project such as project initiator’s picture,
target loan amount, repayment term, gender, group (vs. single) project, country, and a
short description of the project. The goal of this study is to see how project initiator’s facial
expressions affect funding performance.
Information about projects is gathered through Kiva’s public API. The data we collected
are 143,651 projects raised on the Kiva website from April 23, 2019, to December 31, 2019.
Table 3.1 presents the descriptive statistics for continuous and categorical variables, and
Figure 3.1 shows the histogram of the facial expressions. The average value of joy is 2.30
which is the highest among the four emotions and that of sorrow is 1.08. That of the other
two facial expressions is 1.00, indicating few project initiators express anger and surprise on
Kiva. In Table 3.2, the correlations among the facial expression variables are shown. The
correlation between joy and sorrow is negative (ρ̂ = −0.157, p < 0.001). Joy has a significant
negative relationship also with anger and surprise, but the correlation coefficient is small.
Sorrow has a small but significant positive relationship with anger.
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Table 3.1 Descriptive statistics
Mean (Std. dev) or Percentage
No (9%), Yes (90%)
2.30 (1.52)
1.08 (0.31)
1.00 (0.02)
1.00 (0.02)
746.80 (1,252.56)
13.23 (6.42)
Female (75%), Male (18%), Mix(5%)
Single (88%), Group (11%)
Philippines(23%), Kenya(12%), Uganda (5%), etc.
Agriculture (27%), Food(18%), Retail(14%), etc.

Variables
Range or Levels
Funding success∗
No / Yes
Joy
1(very unlikely) ∼ 5(very likely)
Sorrow
1(very unlikely) ∼ 5(very likely)
Anger
1(very unlikely) ∼ 5(very likely)
Surprise
1(very unlikely) ∼ 5(very likely)
Target loan amount
$25 ∼ $100,000
Repayment term
3 months ∼ 142 months
Gender∗
Female / Male / Mix
Group∗
Single / Group
Country∗
66 countries
Sector∗
15 sectors
Note: ∗ means categorical variable.

Figure 3.1 Histogram of four facial expressions

4. Results
We provide the result of our estimation in model 1 in Table 4.1. There is a significant
positive effect of joy (β = 0.088, p < 0.001) and sorrow (β = 0.221, p < 0.001) on funding
success. The coefficient for sorrow is greater than joy and the difference is statistically
significant (z = 3.110, p < 0.001; Paternoster et al., 1998). When we analyze the same model
(i.e., equation 2.1) as the probit model (model 2 in Table 4.1), it yield similar results. The
estimated coefficients of the joy (β = 0.049, p < 0.001) and sorrow (β = 0.119, p < 0.001)
are statistically significant.
As for the basic information of the project, a small target loan amount (β = −0.000, p <
0.001) and a short repayment term (β = −0.087, p < 0.001) have a positive effect on funding
success. Funding success rates were lower when the project initiator is male (β = −1.343, p <
0.001) or a group with mixed gender (β = −0.807, p < 0.001). Projects initiated by a group
of people also achieved a higher rate of funding success compared to projects of one person
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Table 3.2 Correlation table of four facial expressions
Joy
Sorrow
Anger
Surprise
Joy
1
Sorrow
-0.157
1
Anger
-0.013
0.046
1
Surprise
-0.014
-0.002
0.003
1
Note: Correlations in bold are statistically significant
at the p < 0.001 level.

(β = 0.290, p < 0.01).
The odds ratios of the facial expressions are provided in Table 4.2 and Figure 4.1. The
odds ratio for joy is 1.092, which means that a unit increase in joy yields a 9.2% higher
funding success rate. Given that the facial expression variables are given the values between
1(very unlikely) and 5(very likely), the project initiators who exhibit big smile are 42.2%
(= 1.0924 − 1) more likely to get the loan than those who do not smile at all. The odds ratio
for sorrow is 1.246, which means that those with sad face is 141% (= 1.2464 − 1) more likely
to get the loan. The confidence intervals of these two facial expressions do not overlap, the
effect of sorrow on funding success is more effective than joy (141% vs. 42.2%).
Table 4.1 Model estimation results
model 1 (logit)
model 2 (probit)
variable
coefficients
s.e.
coefficients
s.e.
Joy
0.088∗∗∗
0.009
0.049∗∗∗
0.004
Sorrow
0.221∗∗∗
0.043
0.119∗∗∗
0.021
Anger
-0.259
0.337
-0.119
0.183
Surprise
0.535
0.602
0.259
0.278
Target loan amount
0.000∗∗∗
0.000
0.000∗
0.000
Repayment term
−0.087∗∗∗
0.003
−0.048∗∗∗
0.001
Gender (male)
−1.343∗∗∗
0.031
−0.694∗∗∗
0.016
Gender (mixed)
−0.807∗∗∗
0.100
−0.450∗∗∗
0.048
Group
0.290∗∗
0.094
-0.068
0.044
Countries
They vary.
They vary.
Sectors
They vary.
They vary.
Constant
4.599∗∗∗
0.726
2.236∗∗∗
0.352
Number of observations
143,651
143,651
AIC
47,689.07
48,165.24
BIC
48,567.96
49,044.13
Note: ∗∗∗ , ∗∗ , ∗ indicate coefficients that are significant at the p < 0.001,
p < 0.05, p < 0.1 level, respectively.

Table 4.2 Odds ratio table
Odds ratio
95% CI
Joy
1.092
(1.073, 1.111)
Sorrow
1.246
(1.147, 1.355)
Anger
0.772
(0.399, 1.493)
Surprise
1.707
(0.524, 5.559)
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Figure 4.1 Odds ratio graph

4.1. Robustness check
We convert the ordered-scaled facial expressions variables into binary variables (i.e., existence or non-existence of the emotion) and estimated logistic and probit models.3When the
raw value of each facial expression variable is 3 or more, we interpreted it as the existence
of the emotion and coded it 1; otherwise 0. The results are shown in Table 4.3 and the
coefficients of the facial expressions variables are similar to the previous results.
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Table 4.3 Model estimation results
model 1 (logit)
model 2 (probit)
variable
coefficients
s.e.
coefficients
s.e.
Joy (binary)
0.267∗∗∗
0.029
0.140∗∗∗
0.014
Sorrow (binary)
0.443∗∗∗
0.118
0.230∗∗∗
0.057
Anger (binary)
-1.322
1.171
-0.670
0.691
Surprise (binary)
15.610
2144.000
5.656
22790.000
Target loan amount
0.000∗∗∗
0.000
0.000∗∗∗
0.000
Repayment term
−0.088∗∗∗
0.003
−0.045∗∗∗
0.001
Gender (male)
−1.349∗∗∗
0.031
−0.699∗∗∗
0.016
Gender (mixed)
−0.810∗∗∗
0.100
−0.422∗∗∗
0.047
Group
0.309∗∗
0.094
0.049
0.043
Countries
They vary.
They vary.
Sectors
They vary.
They vary.
Constant
5.222∗∗∗
0.221
2.645∗∗∗
0.111
Number of observations
143,651
143,651
AIC
47,709.67
47,811.72
BIC
48,588.56
48,690.61
Note: ∗∗∗ , ∗∗ , ∗ indicate coefficients that are significant at the p < 0.001,
p < 0.05, p < 0.1 level, respectively.

5. Discussion
In this study, we examine how project initiators’ facial expressions affect funding performance, measuring the facial expressions from 140,000 real-world image data using deeplearning CNN model provided by Google cloud vision. The main results can be summarized
as follows. First, in Kiva’s loan-based crowdfunding, facial expressions of joy and sorrow
dominate while those of anger and surprise were difficult to find. Second, the most effective
facial expression of the four emotions is sorrow.
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Appendix A: Google cloud vision API scores for Montreal set of
facial displays of emotion
There might be questions about whether Google cloud vision API could accurately detect
human facial expressions. We did a verification test using Montreal Set of Facial Displays
of Emotion (hereafter, MSFDE; Beaupré and Hess, 2006). As shown in Figure A.1, MSFDE
provides pictures of facial expressions which changes depending on the intensity of emotion.
We measured the scores of MSFDE’s pictures with Google cloud vision API, and then ran
a linear regression on 72 pictures. The API scores increased as the intensity of emotion of
MSFDE’s pictures increased (βjoy = 0.904, p < 0.001, βsorrow = 0.564, p < 0.001, see Figure
A.2).
Neutral

Happiness Lv.1

Happiness Lv.2

Happiness Lv.3

Happiness Lv.4

Happiness Lv.5

Neutral

Sadness Lv.1

Sadness Lv.2

Sadness Lv.3

Sadness Lv.4

Sadness Lv.5

Figure A.1 Examples of MSFDE pictures

Figure A.2 Relationship between MSFDE and Google cloud vision API scores
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