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Abstract 

What is the effect of having a LinkedIn account on finding jobs of men and women? It focuses 

on young people with a disadvantaged background in South Africa. LinkedIn gets more 

important in recruitment processes and job finding trainings, both in schools and in government 

programs. It is important to know if LinkedIn actually increases the likelihood of finding a job, 

because it can also be a helpful tool in lowering unemployment if it works. The research is done 

with the help of data from an experiment from Wheeler et al. (2022). They do an experiment in 

South Africa with a job readiness program and a LinkedIn training as treatment. The effect of 

LinkedIn on the job finding rate is significant and increases the end-of-program employment 

with eight percentage points (approximately 10 percent). Almost all results for females specific 

are negative, except for the amount of hours worked. Although these results are small, they are 

an indication of discrimination, which is important to be aware of. The advice is to deeper 

investigate gender discrimination in South Africa, especially with the eye on technology.  

  



 
3 

Introduction 

LinkedIn is becoming an improving part of the recruitment process, as well as the job finding 

process. Yet, the research papers around LinkedIn and its actual effects are scarce. Since this 

research is so scarce, this paper will extend the literature that is there by expanding on the paper 

of Wheeler et al. (2022). It will also help to understand more about youth unemployment, which 

is an important problem in many countries. It is especially a prominent issue in South Africa, 

since it has been higher than in other countries, seeing the rates go up to 51% (World Bank 

Open Data, 2022). This paper will not only focus on youth as a minority, but also on gender. In 

South Africa, there is a history of gender discrimination, and although there is evidence that 

this is diminishing over time, the question lingers whether this is also the case in online territory 

(Grün, 2004). Therefore, it is important to ask the question: What is the effect of having a 

LinkedIn account on job finding rates of men and women in the ages between 19 and 36 in 

South Africa, specifically on those with a low-income background?  

This question gets answered with the help of a couple of sub questions. The question that is 

going to be looked at in the theoretical framework is: Why should we expect differences 

between men and women in this situation? This can help explain why there are differences in 

the eventual results and may help understand where this difference is coming from. If there is 

a difference, it might help explain a gender wage gap. There is found evidence for this in South 

Africa, by for example the paper by Casale and Posel. (2010). 

After this, there will be the empirical part of this research paper, which contains two questions. 

The first one is: What is the effect of having a LinkedIn account on finding jobs in the ages 

between 19 and 36? The second one is: What is the difference in the effect of having a LinkedIn 

account on finding jobs in the ages between 19 and 36 between men and women? This is the 

main question. The two questions are separate, because it is important to see if the effect is there 

without adding gender. In addition, the difference will become clear between the results before 

and after adding gender, which can possibly show if there are variable biases by seeing whether 

the results change much.  

Surrounding LinkedIn, there is some literature, but not so much. As it has an increasingly 

important presence in this society, there is a need for more insights surrounding this platform. 

Besides that, a lot of young people, especially in western Europe, are being taught about the 

importance of having an account on LinkedIn and get training on how to improve their presence 

on the platform. Because it is being taught in the younger parts of society, it could be a 
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possibility to help resolve youth unemployment and bridge the gap between unexperienced 

youth that just graduated and their future. Needless to say, there is a lot of time, money and 

energy invested in improving LinkedIn accounts of young people. If it turns out that this is not 

useful, this time, energy and money can be spent on better ways to improve youth 

unemployment.  

Gender gaps, however, are widely discussed. As will be further discussed in the theoretical part 

of this paper, there is not only gaps in wages between men and women, but the discrimination 

in the labor market can even be experienced in the hiring process (Grün, 2004). It is important 

to investigate this further, also with the eye on the introduction of technology in the hiring 

process, because there are also gender gaps when looking at the usage of online media (Ono & 

Zavodny, 2003). Because of the reasons named above, and because the bridge between the areas 

of discrimination and technology is still missing, it is important to shed some light regarding 

these subjects.  

In order to investigate the effect of technology on the labor market, the paper of Wheeler et al. 

(2022) will be used to get the data needed. It is important to name that they use the training as 

an instrumental variable, which means that they measure the effect LinkedIn has through the 

training. This can be different from the actual effect. Therefore, there is a first stage and a second 

stage. Through these stages the direct and indirect effect of the training will be shown.  

Wheeler et al. (2022) gathers this data by doing an experiment in South Africa on young men 

and women between the ages of 19 and 36. They integrate a LinkedIn training of four hours 

into a job readiness program that is organized by Harambee. This is an institute that helps young 

people from disadvantaged backgrounds to find a job. They do this through different ways, but 

their main solution is a job finding training. This is a training where youth is trained to know 

how to apply for jobs and work in certain sectors.  

The trainers of the program could choose which part of the training to drop to accommodate a 

four-hour long LinkedIn training. This training involved classes in how the platform worked 

and how to make a complete profile, but also in how to market the skills they have as efficiently 

as possible. In total, there were 1638 participants in the experiment. Wheeler et al. (2022) 

collected data three different ways. First, they did their own experiment and got the data through 

Harambee. Second, they extracted data from LinkedIn itself and matched that up by usernames 

and email addresses. As third and last, they did surveys to collect information 6 and 12 months 
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after the training. With the last two ways they experienced some difficulties and nonresponses. 

This explains why there are some differences in the amount of participants with some results. 

The participants are divided into thirty cohorts, upon which the randomization is based. This is 

checked with balance tests and because of the focus of this paper, only for men and women 

separately. The balance is tested for the whole group in the paper of Wheeler et al. (2022). There 

are a few variables that could be of concern in the balance surrounding women, five in total. 

One of this is also significant for men, which is the communication score. Seeing as to how the 

other scores are balanced and that the control group would have the higher score and therefore 

possibly an advantage, will only make possible results stronger. Another one of these variables 

is the completion rate of high school. There is one person in the treatment group of women that 

has not completed high school, and this is already an exception because this is one of the 

requirements of Harambee to be let into the program. The other three could be a possible 

influence, especially the completeness of the LinkedIn profile before the training. Yet, the 

differences are small, which is also important to take into account.  

The experiment takes place in twenty-seven cohorts focused on call centers and three on sales 

in person. There are requirements in order to apply for the training of Harambee. Participants 

must come from a disadvantaged background, mostly low income, and have to be young. They 

have to make tests in order for Harambee to decide whether they have enough potential to join. 

The last important requirement as named above, is that they have had to finish high school. The 

training is given to the cohorts randomized based on cohort and location. The location can be 

in four cities, Cape Town, Pretoria, Durban, and Johannesburg. The training contains classes on 

how to create accounts, how to market skills, how to make connections and how to apply for 

jobs. This training is only given to the treatment group.  

The analysis falls apart into three sections, with the first one being the overall results. This gives 

the results without taking gender into account yet, which is described as the first question. There 

are three outcome variables in this stage, which are: the percentage that found work after the 

training, the amount of accounts during training, and the completeness of the LinkedIn accounts 

after. Across all three variables, the constant and the treatment effect are both significant. The 

effect of the treatment on finding work after the training is an eight percentage points increase, 

the effect of the treatment on having an account during training. is between an 18 and a 19 

percentage points increase compared to the mean of the control group. The effect on the 

completeness of the LinkedIn account after the training is not readable in percentages but has 
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an effect of 0.08 when compared to the control group. This is seen in Table 2 in this paper on 

page 16. 

Moving on to the second question named in the data part: is the effect different for men and 

women? As named above, this part falls again apart in two different results. There are first stage 

results, which look at whether the treatment, the LinkedIn treatment, actually influenced the 

LinkedIn accounts of its participants. Therefore, the outcome variables here contain the 

LinkedIn profile completeness after the program, the amount of LinkedIn connections after the 

training and the amount of jobs people applied for using LinkedIn. Only the treatment effect of 

the first variable is significant, and it is striking that the addition of gender causes a drop in the 

mean of the control group. The coefficient of gender is also not significant for any of the 

outcome variables, as is the interaction term between gender and being in the treatment group. 

The interaction effect is negative in all three. This means that it is not statistically strong to say 

that being a woman has a negative effect on finding a job, but seeing that all the results are 

negative, it can indicate that there is a negative effect that could be investigated more.  

The second stage results in this paper are things that LinkedIn could have an effect on, which 

are finding work after the program, the amount of hours worked and placed in targeted sector. 

The treatment coefficient is significant and positive on all three of these variables. When 

comparing finding work after the program in Table 4 on page 19 to Table 2 on page 16, it is 

clear that the results do not change much which indicates that the addition of variables does not 

influence the results a lot. This often is seen when there is little to no variable bias, which 

indicates there is not a lot of biases in the results that influence what can be seen in Table 2 

(page 16). When looking at the coefficients of the interaction term, none are significant. Two 

of them, finding work after training and getting a job in the targeted sector, have negative 

effects, while the amount of hours worked is positive. This indicates that there might be sector 

biases, which makes it harder for women to find jobs in certain sectors and when they do, they 

have to compensate in the amount of hours worked. 

This paper is divided into sections. Section 1 will discuss the existing literature and talk about 

hypotheses. Section 2 will be a description of the data set and the experiment that has been done 

in order to collect the data. Section 3 will discuss results from OLS regression analyses. Section 

4 will discuss possible mechanisms. Section 5 will be a summary and conclusion. 
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Section 1: Theoretical Framework 

For this part of this paper, it is important to review some of the literature on the topic at hand. 

This includes three things, namely the role of LinkedIn in this current world, youth 

unemployment and gender discrimination on the labor market. It is important to learn about the 

background of LinkedIn and South Africa, to establish possible mechanisms through which the 

effect works, and to evaluate possible biases when it comes to the validity of this research. 

The amount of LinkedIn users has been growing globally over the last few years, with the 

number doubling in the time between 2016 and 2022 (LinkedIn Usage and Revenue Statistics 

(2023) - Business of Apps, 2023). The age groups most present on the platform is 18-35 years 

old, who make up around 80% of the total amount of users and this is a big shift from the 

roughly 25% in 2011 (Cathy, 2011). It is advocated in schools and higher education to make an 

account and be active on it, to have a bigger connected network to make it easier for yourself 

to find a job. The question remains if this is also exactly what the platform does. The paper of 

Hosain and Liu (2020) shows that it has an effect on passive job seekers who already have a 

job. They find that passive job seekers are most likely to use LinkedIn out of the options of 

online job searching and show that this is because of multiple reasons, including information 

availability and accuracy.  

With this major shift in job finding ways, the recruitment process changed as well. The study 

of Koch, Gerber, and De Klerk (2018) shows that the recruiters in South Africa follow a lot of 

their international counterparts and search for job candidates via LinkedIn as well. Moreover, 

they find that it is almost impossible to do the job of a recruiter without the usage of LinkedIn 

or other social media sites. Since the biggest part of the users on LinkedIn are in the 18-35 

range, it is important to see the changes the platform made in the recruitment process. Therefore, 

the training can be an important part in reducing the youth unemployment in South Africa. 

Youth unemployment is one of the biggest challenges South Africa faces, with the rates for the 

age group 15-24 going up to 51.5% currently (World Bank Open Data, 2022) compared to an 

estimation of 15.6% worldwide. The theories named as possible reasons for this, include lack 

of networks, lack of mobility and financial possibilities to relocate, as well as too high of 

expectations due to the income backgrounds of some families (Yu, 2013). Although all of them 

seem like plausible explanations, the last one is not relevant in this paper, as all the participants 

are from low-income backgrounds. Therefore, their expectations are different than those who 

grew up within a high income family.  
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The lack of network is an interesting reason to be named in light of this paper. LinkedIn could 

play an important role in lowering the unemployment rate if the lack of network plays an 

important role. It could even play a role in the location problems as well, seeing as to how 

LinkedIn could connect young people with companies. However, like in a lot of societal 

problems, culture, upbringing, and community also play an important role. An example in South 

Africa is the fairly recent abandoning of the apartheid. This would introduce discrimination into 

this equation, making it more difficult to create policies that work. There have been multiple 

solutions offered, one of them being ALMP, which is short for Active Labor Market Programs. 

This is part of creating a bridge between secondary education and the labor market, which can 

also be a part of the problem of youth unemployment.  

The paper of Card, Kluver and Weber (2017) found that ALMPs are more likely to have an 

effect on women and people that have been unemployed longer. This also is something 

important that should be considered. Since the focus of this paper is on gender differences, it is 

important to take into account how certain things can influence the results. If these programs 

are more effective for women, this could tilt the results. To better anticipate the results, it is first 

important to look at the labor market situation for these different genders, to investigate possible 

gender differences, which in turn will influence the hypothesis. 

 There is already a striking difference in the youth unemployment rate between the genders. For 

females, this rate hangs around the 55.5%, while the males are around the 46.6%. This can 

already indicate that there are differences present in the South African labor market, because 

these are only young people who indicate to be looking for a job. This is without considering 

that there are differences in the participation rates between men and women (Winter, 1999) 

According to the paper of Grün (2004) there is even a difference in race when women deal with 

discrimination in the labor market. African women often deal with more discrimination in the 

hiring process, while white women often experience discrimination in wage differences. Winter 

(1999) also found evidence of a gender pay gap that was significantly bigger between white 

women and their male counterparts compared to the African men and women. Wage 

discrimination can point into the direction of discrimination in the hiring process as well, but 

there is little research done around this topic. There is, however, evidence on a gender bias in 

certain sectors.  

According to the paper of Gradín (2021), women are often overrepresented in low-paying jobs, 

which could be a cause for the gender wage differences previous studies show. This is getting 

better over time, as more women are getting better education, which allows them to go for 
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higher paying jobs. There is still trouble with getting into higher positions within firms, which 

is seen in the almost completely male dominated management positions also shown in the paper 

of Gradín (2021). In these male dominated positions and the occupations that women are now 

getting more into, the gender pay gap stays persistent and is significantly bigger than in the 

female dominated sectors (Adeleken & Bussin, 2022).  

In the Global Gender Gap Report (2017), there is discussed how the gender gaps changed over 

time, discussing 144 different countries, and taking four different types of gender gaps into 

account. This includes but is not limited to the economic participation and opportunity and 

educational attainment. In this report, they found that, although there is a decline in this gap, in 

Africa it stays around the 32% gap. This entails that the remaining gap between men and women 

still has an effect of 32%. Although this is relatively big compared to for example Europe, with 

its 25%, it also means that 68% percent of this gap has been successfully taken care of.  

Although evidence above suggests there still are gender differences in the labor market and in 

day-to-day life, there is also evidence that suggests that there is also a big role for the inherit 

differences between men and women. The paper of Nyakudya et al. (2017) found that the reason 

there are less self-employed women is because of a lack of internal skills, which make women 

choose other jobs instead of entrepreneurship.  

Besides this, there is also an interesting paper from Grant and Behrman (2010) that explains 

that there might also be a gap between men and women when it comes to education. The 

surprising results from their paper, however, show that among children who have ever attended 

school, the girls under the age of sixteen have an equal or even greater schooling progress than 

boys their age. This indicates that they might thrive better within schooling environments and 

therefore might get into higher education easier. This could eventually erase a part of the 

differences in the workplace in the future, since women will become the better educated group. 

For the last part of this section, the literature found and described above will be used to make 

predictions for the results later in this paper. The results in the paper of Wheeler et al. (2022) 

will also be used for the first part of the results, the effect of the training will be positive for the 

job finding rate. Wheeler et al. (2022) uses an ALMP which is already there, focused on youth 

from a disadvantaged background. When looking at the second question for the results section, 

the prediction gets harder to make because of the gender component. Still, since there seem to 

be at least some gender differences in the labor market, it seems plausible that the effect of 

LinkedIn will be less for women compared to men. This is because of the idea that there could 
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be a dislike towards women, which makes women less likely to be hired. If, in that case, women 

expand their search area, they will still be less likely to be hired than men, because less 

companies will be interested. It does intrigue what the results will precisely be, because of the 

difference just the ALMP already have as described above. This might influence the effect that 

is shown, because the overall effect of the training is bigger for women than for men. Thus, 

expected is a low, but negative number for the job finding rate when looking at the gender 

effect.  
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Section 2: Data Description 

For this part, the data and experiment explanation are drawn from the paper of Wheeler et al. 

(2022). They use a job finding training that is already there in order to have a place to educate 

the treatment group on using LinkedIn. They call it the job readiness program. The program 

was already given by an organization called Harambee. It is a full-time program lasting six to 

eight weeks. They cover anything from workplace simulations to teambuilding and developing 

noncognitive skills. They also help with applying for jobs. Harambee has partner firms where 

they have long-term relations with. This can help with placing the participants from the training. 

Harambee helps through this training, with the application process for jobs and sometimes sets 

up an interview. 

All candidates are from disadvantaged backgrounds and had to do three types of tests to confirm 

their potential before being let into the program. This comes down to the excluding of people 

from middle and upper-income families. They all applied to get into the program, which implies 

that they are active work seekers. The three tests are numeric, communication and cognitive. 

Since they have to score well on these tests to be let into the program, they have a positive 

selection bias in comparison to the rest of the population in terms of employment prospects. 

There is one more important note to be made. The race of the participants is not known in this 

dataset. Therefore, an analysis on the differences that might be left behind from the apartheid 

cannot be performed. 

The training program included classes on how to construct a profile, what information should 

be in the profile, how to add in the job readiness program on the profile, how to identify and 

join groups, how to make connections, how to view profiles and how to ask for 

recommendations. The training was four hours in total and it was done in two different trainings, 

namely in May 2016 and January 2018. It is also important to name that there are in total five 

treated cohorts that did not fully finish the LinkedIn curriculum.  

The sample size eventually contained 1638 observations, although there are some missing 

values. They are divided into thirty cohorts, of which twenty-seven are focused on call center 

jobs and the remaining three focus on the sales jobs. The call center cohorts train for work both 

in the business process outsourcing firms and in banks or insurers with call centers in-house. 

The training is both for customer service roles as it is for sales jobs. The trainers only got to 

know if they were in the control or treatment group when it was too late to change or transfer 
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groups. The trainers were allowed to make a choice on what part of the training to drop to be 

replaced by the LinkedIn training. No one observes these choices.  

The assignment of the cohorts was at random and based on the number of the cohort within a 

city. They therefore are sequentially paired in the randomization. For example, numbers one, 

three, five are in treatment and the groups two, four, six are in control group within a certain 

region. So, if Cape Town had ten cohorts, cohorts one, three, five, seven and nine would be in 

the treatment group and the rest in the control group. Treated cohorts received an in-detail 

training on LinkedIn as described above. There is data on whether they had LinkedIn before 

starting the training, the activeness of this account, the use of the account during the training 

and the amount of connections before, during and after the training. There is even more data 

surrounding LinkedIn, but these variables will not be used in this paper and therefore will not 

be discussed.  

Because the training is mostly focused on disadvantaged youth, there are very few people with 

a higher degree, around 6% which can be seen in Table 1 in Appendix A on page 24. They 

focused the training in four big cities, being Cape Town, Durban, Johannesburg, and Pretoria, 

which is the region in Appendix A. They combined four rounds of survey data with the 

administrative data of Harambee and data from LinkedIn itself. The final two surveys had some 

nonresponses, as they were follow-ups done after 6 and 12 months after the training. They 

extracted data from LinkedIn itself, using the names and e-mail addresses of the participants to 

keep track of them after the training. This was often difficult, hence the drop in observations in 

Appendix A when this data is needed. The age in the training is relatively young, with 36.8 

being the highest, but the mean being 23.7. This means there are a lot of younger people in this 

dataset, which would make sense. The training is mostly focused on people who have little 

work experience, which young people are more likely to have. There are around 61% women 

in the groups. When looking at the work after, about 74% of the participants find a job after the 

training of Harambee, which is a lot. Especially when comparing that with the high 

unemployment rate explained above.  

Added to that, the amount that is placed in the targeted sector from the total number of 

participants is 63%. When compared to each other, there is only 11% which started working in 

another sector than they were training for, which is not much. The scores seen from these tests 

in Table 1 in Appendix A (page 24) are standardized to have a mean of zero, these are also seen 

in Table 2 and 3 in Appendix A (page 25 and 26), as well as the differences between control and 

treatment group in Table 1. As mentioned before, not everyone completed the program. The 
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percentage of participants who did, is 87%. Lastly, something that is also striking is the hours 

they work. The average there is 28.25. When comparing this to the normal fulltime workweek 

in South-Africa of 45, this is not a lot and therefore it is something interesting to investigate as 

well (Andre, 2023). 

Since there is randomization in the treatment effects, it is important to make sure that the 

randomization went correctly. Therefore, there is a balance table constructed in Table 1 on page 

14. These balance tests are split up based on gender, because of the main focus of this paper. 

Since the results will mostly focus on the differences between these two, it is important to make 

sure that there are no alternate differences between the treatment and control group based on 

this. For the extra balance tests for the entire group, it is advised to look at Wheeler et al. (2022). 

Besides this, the complete balance tables can be found as Table 2 and 3 in Appendix A on page 

25 and 26. 

As expected, there are some variables that are significant in differences. When looking at the 

males, there is only one, which is the communication score on one of the tests. Since the other 

tests are not significant at all, it is doubtful on whether this is important to keep in mind. For 

the women, there are a couple more variables that are significantly different from one another. 

One of them again being the communication score. This variable is a little bit odd on why this 

is significantly different, because the other scores are balanced. That is why this will not be 

thoroughly looked at. 

The next one is age, which is about half a year difference between the control group and the 

treatment group. When looking at males and comparing the two, we see that the males also have 

a difference, although not significant, and the same way (treatment group being a little younger) 

which makes it believable that there is no problem there. The next one is high school education. 

It is not particularly important to keep this one in mind, as it is mandatory to have the secondary 

education completed.  

Within the university degree, there is also a significant and substantial difference. Especially 

since the mean of the overall sample is 6%, a 4% difference between the two groups is a lot. 

The positive thing, however, is that the percentage is higher in the control group. If college 

degree would impact the usage of LinkedIn positively, or it would impact the placement in a 

job after positively, it would only lessen the effect of LinkedIn.  

The last one that is significant, is the LinkedIn profile completeness before the training. This 

could become a problem, as this is something the treatment will have an effect on and will 
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probably make this difference even bigger. This is a variable difference that should be kept in 

mind when interpreting the results. The biggest issue possibly at play here is the sample size. 

The bigger the sample size, the smaller chances for biases. This will also be seen later. A bigger 

sample size would have helped to clear up whether some of the results will be significant. In 

addition, it would also help to clear up whether the differences are there because of an error in 

the randomization or not. The complete and separate tables for men and women can be found 

in Appendix A. The eventual analysis will have as main method OLS regressions, with robust 

standard errors.  

Table 1: Balance Table for men and women 

Variable Women Men Observations 

Age -0.56** 

(0.18) 

-0.38 

(0.24) 

1636 

Region 0.04 

(0.05) 

0.09 

(0.06) 

1638 

Numeracy Score -0.05 

(0.06) 

-0.10 

(0.08) 

1547 

Communication 

Score 

0.12** 

(0.06) 

0.17** 

(0.08) 

1610 

Cognitive score 0.04 

(0.06) 

0.09 

(0.08) 

1617 

High School 

Education 

0.01* 

(0.00) 

0.00 

(0.01) 

1500 

University  

Education 

-0.04** 

(0.02) 

0.00 

(0.02) 

1500 

LinkedIn Profile 

Before 

-0.01 

(0.02) 

0.05 

(0.03) 

1520 

LinkedIn Profile 

Completeness Before 

0.19*** 

(0.06) 

0.11 

(0.08) 

863 

Note: This table shows the difference between the treatment and control group for women and men for 

the data from an experiment with a LinkedIn training from Wheeler et al. (2022). It shows the means 

for both groups with the standard deviation between brackets. The significance levels are denoted by 

stars. *p<0.1 **p<0.05 ***p<0.01. The last column shows the observations for each variable. The full 

tables separately can be found in Appendix A on page 25 and 26. 



 
15 

Section 3: Results 

Table 2 on page 16 shows the results without taking gender into account. These are the results 

that are also discussed in the paper of Wheeler et al. (2022). In Table 2, there are a couple of 

things worth pointing out. First, the three variables looked at in this table are: found work after, 

had an account during training and the completeness of a LinkedIn account after. These will 

also come back when looking at the gender effects in later results with the help of an interaction 

term of gender and treatment. With first stage results, it is meant to look at the direct effect of 

the training itself. This means effects on the amount of accounts during training, and the 

completeness of these accounts. The second stage is more about what the effect is from these 

better accounts. An example of this stage is the found work variable. The biggest effect of the 

treatment is on an account during training, which is about thirty-nine percentage points. This 

comes down to an average of 48% mean of the treatment group compared to a 30.5% mean in 

the control group. Comparing this to the LinkedIn completeness variable is not really a great 

comparison, as this variable is measured in values between 1 and 4, which means that the 

coefficients are not translatable to percentages. The coefficient of the treatment is still 

significant and comes down to 0.208. The one that Wheeler et al. (2022) was also most 

interested in, the found work after variable, the constant and treatment variable are both strongly 

significant, and come down to a constant of 70.1% and a treatment effect of eight percentage 

points. When comparing this to the mean of the control group, there is still a 4% difference, 

which indicates that the usage of LinkedIn has an effect on the job finding rate. Something that 

is also important to note is the vast differences in observations between the first two columns 

and the last column. This is almost half compared to the first two columns. Still, the constant, 

treatment coefficient and the mean of the control group are all significant with the first two 

significant on a 1% level and the last one significant on a 5% level. Together with the differences 

between the treatment and the control group, this indicates that the treatment increases the 

Completeness of a LinkedIn account and therefore indicates the active participation in the 

treatment. The same goes for the second column, where it is clear that the treatment strongly 

influences the amount of accounts there are. It shows that the treatment has a direct effect on 

the usage of LinkedIn, through both the Completeness of the accounts, but also through the 

amount of accounts. This is needed in order to establish if there is a relationship between the 

usage of LinkedIn and the job finding rate. Looking at this rate in column one (finding 

placement after) and seeing the difference between the control group and the treatment group, 

there is a significant difference, as named before. This tells us that there has to be an effect of 
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the usage of LinkedIn on the job finding rate, because the treatment assignment was random, 

which was secured by the balance table. 

Table 2: Results 

Variable Work After Account During 

Training 

LinkedIn Completeness 

After 

Constant 0.701*** 

(0.017) 

0.094*** 

(0.011) 

1.779*** 

(0.037) 

Treatment 0.080*** 

(0.021) 

0.393*** 

(0.020) 

0.208*** 

(0.444) 

Mean Control Group 0.744 

(0.437) 

0.305 

(0.461) 

1.911** 

(0.619) 

Number Of Respondents 1626 1566 863 

Number Of Cohorts 30 30 30 

Note: This table shows the regression results using the data from Wheeler et al. (2022). It shows the 

treatment effect of having LinkedIn on finding a workplace after, whether it had an effect on having an 

account during treatment and whether it had an effect on the LinkedIn profile completeness after the 

training. The p-values are noted with stars, *p = 0.10 **p = 0.05 ***p = 0.01. 

 

From Table 2 (page 16), we move on to Table 3 (page 17). It shows the first stage results with 

the gender component and the interaction term included. The variables used to describe these 

first stage results are the following three: the completeness of a LinkedIn account after training, 

the amount of LinkedIn connections after and the amount of jobs applied through LinkedIn. 

The first important thing to point out is that the results of LinkedIn account completeness do 

not change much. This is an indication that the addition of variables does not correct for 

potential left-over variable biases and therefore the results are strong. The second thing that is 

clear, is that none of the interaction term coefficients are significant, which is interesting. It is 

a negative sign with all three variables, which can be an indication that the treatment effect is 

less, and that the sample size just was not big enough. This is, however, speculation. The amount 

of jobs applied via LinkedIn have a small treatment effect as well. One last thing that is 

interesting to point out is about the amount of LinkedIn connections column in Table 3. The 

standard errors and the coefficients were indicative of a possible outlier, maybe multiple, which 

is seen in Table 4 in Appendix A (page 27). This is checked in the graph shown in Figure 1 in 
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Appendix B (page 29). As shown in this figure, there is one exceeding the 10000 mark, which 

is a lot of LinkedIn connections and definitely an outlier. Because of this outlier and multiple 

others around the 4000 mark, the decision was made to make this a logarithmic regression. 

Through this, the treatment coefficient immediately became significant, which is an indication 

that the method worked. These results are more in line with the results found in the other 

variables and therefore are more believable. 

 

Table 3: First stage results 

Variable LinkedIn 

Completeness After 

Log (LinkedIn 

Connections After) 

Jobs Applied Using 

LinkedIn 

Constant 1.79*** 

(0.06) 

2.624 

(14.15) 

0.23** 

(0.10) 

Treatment 0.25*** 

(0.07) 

0.525** 

(0.01) 

0.00 

(0.14) 

Female -0.02 

(0.08) 

-0.364 

(0.12) 

0.10 

(0.15) 

Female * 

Treatment 

-0.07 

(0.09) 

-0.197 

(0.46) 

-0.09 

(0.19) 

Control Group 

Mean 

1.78*** 

(0.65) 

2.391 

(1.77) 

0.30 

(1.37) 

Number Of 

Respondents 

862 1005 862 

Number Of 

Cohorts 

30 30 30 

Note: This table shows the regression results using the data from Wheeler et al. (2022). It shows the 

direct treatment effects of the LinkedIn training on the usage of LinkedIn. The interaction term is the 

interaction effect of the treatment and the gender. Gender is denoted by female and is equal to one if the 

participant is female. There are robust standard errors used. The LinkedIn Connections after is in 

logarithmic values. The p-values are noted with stars, *p = 0.10 **p = 0.05 ***p = 0.01. 
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Moving on to the second part of the results, namely Table 4 (page 19). Above, there is a 

discussion about the first stage results, these are the second stage results. These include the 

following three variables: found work after, amount of hours worked and placed in targeted 

sector. The first thing that is important to name is that for all the variables, the constant and the 

treatment variable is significant on a 1% significance level. This, just like with the results of 

LinkedIn Completeness, can indicate that the results are robust against variable biases. The 

results of the interaction term and of gender are both not significant. The interaction coefficient 

does show a substantial difference between the variables, as it is -0.02 and -0.06 for the 

placement after and the targeted sector, respectively. As can be seen in Table 5 in Appendix A 

(page 28), the indication was given with a standard regression that there might be a lot of 

observations with a zero, which was holding the results down. This was checked by doing a 

scatterplot, which is seen in Figure 2 in Appendix B (page 30). In this Figure, there is a clear 

mean around the 40-hour mark, and not around the 25-hour mark. Therefore, the regression 

seen in Table 4 (page 19) has excluded the zero observations but included everything above that 

zero mark. The constant in the regression doubled as a result. This is more logical, as the average 

of hours worked within a job in South Africa is 45 hours (Andre, 2023). It is striking that women 

still seem to work more on average than men. Especially the amount that is seen in Table 4, 

with 1.74 hours. This is almost two hours a week, which is quite a lot. It can indicate that women 

must work harder to prove themselves. Since this coefficient is not significant, a bigger sample 

size will be necessary to investigate this effect further.  

The decrease in likelihood of getting placed in the targeted sector seen in Table 4 on page 19 

could be an indication of sector discrimination. This would mean that some sectors could be 

more female friendly than others, since the decrease in targeted sector is bigger than the 

decrease of getting placed overall. It is also important to note that here the amount of 

respondents is a lot higher than in Table 3 on page 17. This can play an important role in whether 

the coefficients found are significant. Although it is higher, it is likely not high enough to get 

significant results around men and women. Because of adding this division between these 

groups, the groups must be even bigger than just a comparison between the control and 

treatment group.  
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Table 4: Second stage results 

Variable Work After Hours worked Targeted Sector 

Constant 0.70*** 

(0.03) 

41.17*** 

(0.77) 

0.51*** 

(0.03) 

Treatment 0.09*** 

(0.03) 

0.33 

(0.89) 

0.20*** 

(0.04) 

Female 0.00 

(0.03) 

-0.91 

(0.91) 

0.05 

(0.04) 

Female * Treatment -0.02 

(0.04) 

1.74 

(1.13) 

-0.06 

(0.05) 

Control Group Mean 0.70 

(0.46) 

40.63*** 

(7.52) 

0.54 

(0.50) 

Number Of Respondents 1625 755 1625 

Number Of Cohorts 30 30 30 

Note: This table shows the regression results using the data from Wheeler et al. (2022). It shows the 

indirect treatment effects of the LinkedIn training on the work after, hours worked excluding the zero 

observations and the targeted sector. This last one denotes the amount of participants that got into the 

field the training prepared them for. The interaction term is the interaction effect of the treatment and 

the gender. Gender is denoted by female and is equal to one if the participant is female. The p-values 

are noted with stars, *p = 0.10 **p = 0.05 ***p = 0.01. 
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Section 4: Mechanisms 

There are a couple of mechanisms that are suggested by Wheeler et al. (2022) for the way the 

results work in their paper. There are a total of five suggested, which are: Self-beliefs (Things 

taken into account like trust and reservation wage), Program Engagement (The treatment would 

change the level of engagement with the program), Search Costs (Lowers the costs to look for 

jobs), Referrals (LinkedIn increases believability through visible accounts and connections), 

Demand-Side Information (LinkedIn increases the information available to the employer) and 

Supply-Side Information (LinkedIn increases the information available to the job-seeker). The 

evidence found in Wheeler et al. (2022) supported this last mechanism the most.  

However, this does not explain the mechanism behind the found results surrounding gender. An 

explanation could be discrimination, but this is quite broad. Too broad to help with making 

decisions surrounding the fixing of this gap. Let us first focus on the first stage results found. 

In this, the results for females are already less. This means the completeness of the profile is 

less, but also the amount of connections and the amount of jobs applied to through LinkedIn 

are less. It is unlikely that these results are less because of discrimination. The likeliness that 

people would not accept connections because it is a woman who is asking, is unlikely. LinkedIn 

completeness rate is even more intriguing, because this implies that there might be less Program 

Engagement for women than for men. They are putting less time in updating their LinkedIn 

page and on finding connections. 

When looking at the second stage results, the effects are around the same size as the ones from 

the first stage, without considering the amount of hours worked. This makes it more likely that 

the Program Engagement could seriously play a role in these results. It could also be that there 

is a certain form of sector bias, which causes women to not work in the sectors that they are 

trained for in the program. This could also influence the amount of hours worked, as this 

sometimes depends on sectors. The amount of hours worked, is still sticking out. It could be 

interesting to further investigate this, together with the sectors, to figure out if there is indeed a 

connection there.  
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Section 5: Summary and Conclusion 

To summarize, the effect of LinkedIn on finding jobs is positive and significant, around the 

10% mark (7 percentage points). Treatment increases the likelihood to work in the targeted 

sector of the training. Treatment also increases the amount of accounts during training and the 

completeness of an account afterwards, which indicates the treatment worked. Most likely the 

way that LinkedIn influences the job finding rate is through supplying information to the 

participants/job seekers about the employers. This way, job seekers know where they can apply. 

The most likely mechanism through which the LinkedIn accounts have effect is called the 

Supply-Side Information. This works through informing users on what options are there in terms 

of employers. It familiarizes the users with the names of different companies and therefore it 

expands their field of possibilities.  

The effect of gender in combination with treatment is negative on all fronts except for the 

amount of hours worked. The negative numbers in the first stage could indicate there might be 

a decrease in the program engagement, which could lead to negative results for women in the 

second stage. The amount of hours worked for women is around two hours higher, which is 

striking if looked at the means, because both the constant and the control group mean are around 

the 40–41-hour mark. The significance is not found in any of the results, but this is likely due 

to the amount of observations.  

For future research, it is highly recommended that there is more investigating into the effects 

of LinkedIn in the job market industry. With these results and possibly more evidence, more 

classes and trainings can be organized to reduce unemployment. Since youth unemployment is 

a problem worldwide, it would be interesting to see if the same results surface when applying 

it to different continents. It could be helpful to connect more people via LinkedIn, because of 

the big shortages on the labor market right now.  

Another interesting direction to take this research in is discrimination, and then with a focus on 

race as well. Because of the lack of variables in this data set, this is not possible with this data. 

This is especially interesting in South Africa, there are multiple studies showing the remainders 

of the apartheid, which can add an interesting dimension onto the results. It could also be 

interesting to look at gender more thoroughly, because of the lack of significance in this case 

and do it with a bigger experiment.  
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Appendix A: Tables 

Table 1: Summarized Characteristics 

Variable Observations Mean SD Min Max 

Age 1636 23.65 2.95 17.81 36.81 

Female 1633 0.61 0.49 0 1 

Region 1638 2.03 0.84 1 4 

Numeracy 1547 -0.034 0.997 -2.178 4.118 

Communication 1610 0.076 0.955 -3.239 2.649 

Cognitive 1617 0.037 0.979 -4.294 2.401 

Treatment 1638 0.54 0.50 0 1 

High School 1500 0.99 0.08 0 1 

University 1500 0.06 0.24 0 1 

Work after 1626 0.74 0.44 0 1 

LinkedIn Account Before 1520 0.17 0.37 0 1 

Completed Program 1612 0.87 0.33 0 1 

LinkedIn Completeness 

Before 

691 1.53 0.59 1 3 

LinkedIn Completeness 

After 

863 1.91 0.62 1 3 

LinkedIn Connections 

Before 

1366 5.53 10.97 0 40 

LinkedIn Connections 

After 

1580 15.64 27.17 0 92 

Jobs Applied LinkedIn 

Before 

668 0.14 1.05 0 16 

Jobs Applied LinkedIn 

After 

863 0.26 1.36 0 17 

Placed In Targeted Sector 1626 0.63 0.48 0 1 

Hours Worked 1107 28.25 20.24 0 96 

Note: This table shows summary statistics for the data set of Wheeler et al. (2022). The test scores are standardized 

to have a mean of zero. The cognitive test has similarities to a Raven’s test, which is a multiple-choice intelligence 

test. The completed program mean is about the amount of people that finished the program, not the amount that 

finished the LinkedIn training. The amount placed in the targeted sector is a percentage of the total amount that 

followed the training.  
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Table 2: Balance Table For Men 

Variable Control Group Treatment Group Difference Observations 

Age 24.19 

(3.09) 

23.78 

(3.02) 

-0.38 

(0.24) 

631 

Region 1.97 

(0.74) 

2.07 

(0.86) 

0.09 

(0.06) 

632 

Numeracy Score 0.35 

(0.97) 

0.25 

(1.02) 

-0.10 

(0.08) 

600 

Communication 

Score 

0.05 

(1.06) 

0.21 

(0.92) 

0.17** 

(0.08) 

622 

Cognitive score 0.21 

(1.10) 

0.30 

(1.00) 

0.09 

(0.08) 

624 

High School 

Education 

0.99 

(0.11) 

0.99 

(0.10) 

0.00 

(0.01) 

582 

University  

Education 

0.06 

(0.24) 

0.06 

(0.24) 

0.00 

(0.02) 

582 

LinkedIn Profile 

Before 

0.15 

(0.37) 

0.20 

(0.40) 

0.05 

(0.03) 

590 

LinkedIn Profile 

Completeness 

Before 

1.46 

(0.60) 

1.57 

(0.62) 

0.11 

(0.08) 

261 

Notes: This table shows the balance between the treatment and control group for men for the data from 

an experiment with a LinkedIn training from Wheeler et al. (2022). It shows the means for both groups 

with the standard deviation between brackets. The third column shows the differences with the 

significance levels denoted by stars. *p<0.1 **p<0.05 ***p<0.01. The last column shows the 

observations for each variable conditional on the gender. 
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Table 3: Balance Table For Women 

Variable Control 

Group 

Treatment 

Group 

Difference Observations 

Age 23.76 

(2.90) 

23.19 

(2.83) 

-0.56** 

(0.18) 

1000 

Region 2.00 

(0.84) 

2.04 

(0.86) 

0.04 

(0.05) 

1001 

Numeracy Score -0.21 

(0.96) 

-0.26 

(0.92) 

-0.05 

(0.06) 

946 

Communication 

Score 

-0.03 

(0.96) 

0.09 

(0.91) 

0.12** 

(0.06) 

987 

Cognitive score -0.13 

(0.91) 

-0.08 

(0.90) 

0.04 

(0.06) 

992 

High School 

Education 

0.99 

(0.08) 

1 

(0) 

0.01* 

(0.00) 

918 

University  

Education 

0.08 

(0.28) 

0.04 

(0.20) 

-0.04** 

(0.02) 

918 

LinkedIn Profile 

Before 

0.16 

(0.37) 

0.15 

(0.35) 

-0.01 

(0.02) 

930 

LinkedIn Profile 

Completeness 

Before 

1.39 

(0.60) 

1.58 

(0.55) 

0.19*** 

(0.06) 

430 

Notes: This table shows the balance between the treatment and control group for men for the data from 

an experiment with a LinkedIn training from Wheeler et al. (2022). It shows the means for both groups 

with the standard deviation between brackets. The third column shows the differences with the 

significance levels denoted by stars. *p<0.1 **p<0.05 ***p<0.01. The last column shows the 

observations for each variable conditional on the gender. 
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Table 4: LinkedIn account connections after training normal regression 

 LinkedIn Connections After 

Constant 71.30 

(40.05) 

Treatment -27.10 

(40.23) 

Female 27.79 

(67.79) 

Female * Treatment -44.27 

(67.94) 

Mean of Control Group 89.23 

(702.29) 

Observations 1005 

Cohorts 30 

Note: This table shows the normal regression results including the outliers and offers a first look at the 

results of the amount of connections after training. Because of the big constant and mean of control 

group and added to that the negative treatment coefficient, the results in the text are done with a 

logarithmic regression. There are no significant coefficients.  
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Table 5: First results total hours worked including all observations 

 Hours worked 

Constant 27.60*** 

(1.51) 

Treatment 3.96** 

(1.92) 

Female -2.90 

(1.89) 

Female * Treatment 0.77 

(2.48) 

Mean of Control Group 25.79 

(20.48) 

Observations 1107 

Cohorts 30 

Note: This table shows the total amount of hours worked including all observations, whereas the table 

in the text only includes observations above zero. Because the mean was so different than the mean 

found in a lot of papers and information, it was interesting to look further into why it was so different. 

The standard errors are robust and are between the brackets. The significance level is denoted by stars. 

*p<0.1 **p<0.05 ***p<0.01 
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Appendix B: Figures 

Figure 1 

Treatment and Number Of Connections 

 

Note: This figure is shown because of the possibilities of outliers. There are clearly a couple of outliers 

interesting to investigate with the help of a logarithmic regression, which is used in the Table 3 in the 

text.  
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Figure 2 

Hours worked scatterplot 

 

Note: This figure shows the observations around hours worked conditional on treatment.  

 

Hours worked 


