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Abstract



A labor market model with heterogeneous workers and jobs is used to investigate the eects of social networks as a job information channel regarding the level of mismatch between workers and rms. I compare the eciency in producing good matches of the formal market to that of social networks. I assume that employed individuals forward the oers at their disposal to a randomly chosen contact. This behavior might be seen as favoritism: workers recommend each other for any kind of jobs irrespective of productivity. I show that as the probability that ties connect similar agents (homophily) increases, the mismatch level decreases in society. If this probability is suciently high, networks provide good matches at a higher rate than the formal market, for any eciency level of the market. In this case the mismatch level is lower in society with social networks than it would be in a market economy. Hence, the presence of social networks can reduce mismatch despite favoritism. I discuss implications of mismatch creation for the expected wages of jobs obtainable through dierent search methods.
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Introduction



1.1 Motivation Workers often use social contacts while searching for a job in addition to formal methods such as newspaper ads or directly applying to employers. Dierent estimates nd that 30-60% of the jobs are obtained through informal methods (see, for example, Granovetter (1995 [1974]), Blau and Robins (1990), Holzer (1987)). Economic literature mostly focuses on the eects of social networks on the unemployment rate. Ioannides and Soetevent (2006) nd that better connected agents in a heterogeneous population experience a lower likelihood of being unemployed. On the other hand, Calvó-Armengol and Zenou (2005) point out that a highly connected network might lead to a higher unemployment rate due to congestion in the information ow. In this study, I investigate the impact of social networks on another labor market outcome, the mismatch level. Mismatch is dened as disagreement between the required education of a job and the education of the worker employed in it. This disagreement is either in the type or the quantity of education. In both cases mismatch has adverse consequences for the worker. One strand of the literature investigates the wage penalty for workers who do not work in the occupation agreeing with their eld of education. Robst (2007) nds that mismatched workers earn 11% less on average in the U.S. than workers whose major ts their current occupation. Using Swedish data, Nordin et al. (2008) obtain that the wage penalty amounts to 34% for men and to 32% for women and it decreases but does not entirely disappear over time. Other papers dene mismatch as being over- or undereducated compared to the job's required quantity of education and investigate how over- and undereducation aects the return to schooling (Battu et al. (1999), Korpi and Tahlin (2008)).1 This literature nds that when workers with high level of education work in jobs where the required education level is lower (mismatch), they earn lower wages compared to the case when they work in jobs which require high level of education. On the contrary, workers with low level of education earn higher wages when they are mismatched, i.e. work in jobs which require high education level compared to being employed in low education jobs (see Leuven and Oesterbeek (2011) and Hartog (2000) for summary of the literature). Mismatch, either way dened, strongly aects wages obtained by workers and, consequently, 1 Yet



another literature denes mismatch as the dierence in the occupational or geographical distribution of labor between demand and supply (Thisse and Zenou (2000), Shimer (2007), Sahin et al. (2011)). This literature investigates the impact of this dierence on the unemployment rate and, hence, is not directly related to this paper.
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it inuences the risks embedded in investments in human capital. There is also evidence that mismatch negatively inuences job satisfaction (Cabral Vieira (2005)). In this paper, I consider an economy of two types of workers and two sectors where a worker's education ts the requirements of the jobs of one sector and does not t the required education of the other. The main question of the study is how the job nding through social connections aects the matching process of workers to appropriate jobs, whether social networks create more mismatch than the formal market or it's presence as information source on jobs decreases the level of mismatch. Labor market is characterized by search frictions where the matching of unemployed workers and vacancies can occur through two simultaneously present channels: the formal market and social networks. Social networks are represented as connections between workers who pass job information to each other. Formal market is modeled as a random arrival process where a parameter captures the eciency of the market in producing good matches. This parameter could be seen as the intensity of directed search by the unemployed and rms toward partners who t their characteristics. On the other hand, I assume that the arrival of oers to employed agents is not random, but they have direct access to information about the vacancies of the sector of their current job. Employed workers use the oers at their disposal to pass them on to their unemployed social contacts. With regard to the information ow on the social network, I assume that workers recommend each other to jobs irrespective of the resulting match's quality. This behavior can be interpreted as favoritism and is certainly an attribute of family ties and close friendships. Agents might have good reasons to recommend someone with inappropriate education for a job despite possibly suering reputation loss toward the employer. One such reason is that social ties are used in many contexts other than the labor market, for example risk sharing, and the reputation loss might be compensated by benets along these other dimensions (Beaman and Magruder (2012)). Forwarding job oers contributes to the maintenance of such benecial links. Another reason for passing not suitable oers is that such behavior is reciprocated in the future resulting in shorter unemployment spell for the individual (Bramoullé and Goyal (2012)) In the model presented here, the impact of social networks on the eciency of the matching process is determined by one characteristic of the network, the homophily level, i.e. the fraction of links that connect similar agents. It has been shown in many contexts that individuals tend to be more connected to other similar ones than to dierent individuals. The dimension of similarity can be age, religion, ethnicity, education, income or behavior (McPherson et al. (2001)). In this paper, similarity means to have similar quantity or quality 3



of education. I analyze the economic consequences of this widely observed phenomenon in a labor market context. My results show that the matching is more ecient in a network with high homophily level. Connections to similar agents raise the probability of hearing about high productivity oers as long as the similar agents are employed in "good matches". This follows from the assumption that employed agents hear about the jobs of the sector of their actual employment. For the same reason, an increase in market eciency has a positive feedback on the eciency of social networks. I also nd that for any market eciency level there exists a critical homophily value such that if the homophily exceeds that, the presence of social networks decreases the mismatch compared to the case of a pure market economy. For a suciently homophilous network, the addition of further links decreases the mismatch level in society. On the contrary, if the homophily level is lower than threshold, the social networks create additional mismatch. Hence, for some parameter values the network decreases the mismatch level even if employed individuals do not direct the oers to their unemployed friends with appropriate education when choosing a receiver of job information. The random information transmission process modeled here is a lower benchmark for the eectiveness of social networks. I thus expect that real-world networks perform even better. I nd parameter settings when the aforementioned critical value is equal to complete homophily, i.e. when every link connects similar agents. In this case, the network is at most as eective as the market in producing good matches. However, I also nd other parameter values for which the critical homophily value is lower than complete homophily. The network here is more eective in creating good matches than the market for suciently high homophily values. This latter case happens when bad matches are separated at higher rates than good ones. As noted above, mismatch strongly aects wages and, in consequence, homophily inuences the wages obtainable through social networks. On the one hand, when mismatch is dened on the basis of education elds, being mismatched is associated with a wage discount. In this case, homophily increases the wages obtainable through social contacts and for a suciently high homophily level social networks pay a wage premium over job nding on the formal market. On the other hand, when mismatch is dened as being underor overeducated, homophily leads to lower expected wages for workers with low education as they earn more when they are mismatched. Workers with high education receive higher wages when working in a good match and, henceforth, can obtain a wage premium when using social contacts if their social network exhibits suciently high homophily level. As 4



discussed below, these predictions of the model are consistent with the empirical literature. The paper is organized as follows. The next session relates my work to the existing literature. In Section 2, I describe the model, derive the matching function and deduce the equilibrium conditions. In Section 3, I present the main results. Section 5 describes the implications of mismatch for expected wages of search methods and presents a calibrated numerical example. Section 6 discusses the limitations and possible extensions of the model and Section 7 concludes. The Appendix contains some robustness checks of the results and the proofs and gures.



1.2 Literature review The model presented here belongs to the literature on the impact of social network in labor market processes (Calvo-Armengol and Zenou (2005), Calvo-Armengol and Jackson (2004, 2007), Galeotti and Merlino (2011)). These models focus on the relation between nding a job through social networks and the unemployment in the economy. Instead, I analyze the impact of homophily and connectivity on the mismatch level of the society and the expected wages of dierent search methods. Bentolila et al. (2010) explicitly focus on the impact of social networks on mismatch. They model the occupational choice of a young worker entering the labor market and argue that connections in low productivity sectors create incentives to choose an occupation where she does not fully exploit her abilities. There are two important dierences between Bentolila et al. (2010) and this model. First, in Bentolila et al. (2010) agents perfectly direct their search on the formal market and the market consequently does not create mismatch, only the social network. In the model presented here the directed search on the formal market is imperfect and I introduce a parameter which captures how often this search results in a good match. Second, their model is static in the sense that the information access of social contacts is exogenously given. In the continuous time dynamic model presented here, every agent moves between three states: unemployment, employment in low or high productivity job. This means that contacts can transmit dierent type of job information depending on their actual state. Hence, I explicitly model social networks as connections between agents. These two important dierences explain why the two models give dierent predictions. In Bentolila et al. (2010) the network always creates mismatch unless the homophily is complete while here for high levels of homophily the social network can be more eective in creating good matches than the market. There is a growing literature on the role of homophily in dierent processes on social 5



networks (see e.g. Golub and Jackson (2009), Currarini, Jackson and Pin (2009)). Homophily is usually seen as a negative phenomenon since it is connected to segregation of dierent social groups (Moody (2001)). On the contrary, being connected to similar agents might also mean more eective communication between individuals and easier access to relevant information.2 In my model homophilous links maybe benecial or disadvantageous for the workers depending on which interpretation of mismatch we adopt. Van der Leij and Buhai (2008) also study the impact of homophily on the labor market. They show that homophily in the social network providing job information causes occupational segregation. This is because workers in the same group choose the same occupation to exploit the eciency of the job arrival process which rises with homophily. My paper instead focuses on the impact of homophily on the mismatch level and the expected wage of job search via social contacts. The consequences of homophily are also analyzed by Bramoulle and Saint-Paul (2010). They model a dynamically evolving network and assume that two employed agents are more likely to connect than an employed and an unemployed. Homophily in their model thus means being connected to workers in the same employment state and not having the same education as it is dened here. Many articles deal with the question as to whether the informal or the formal search methods provide higher wages for the job seekers. Montgomery (1991) and Kugler (2003) suggest that using informal methods leads to higher wages while Bentolila et al. (2010) and Ponzo and Scoppa (2010) argue that family members recommend each other to jobs where their productivity is low which implies a wage discount for social contacts. There are some papers which are able to recover both a wage premium and a wage discount for the network search (Sylos-Labini (2004), Lipton (2010), Pellizzari (2010)). My paper relates the expected wages of search methods to their ability to match workers to high productivity jobs. Depending on the denition of mismatch and the homophily level in the network, I point to dierent cases where the network search results in a wage discount or premium.
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Model Workers and Occupations. There are two sectors s ∈ {X, Y } and two types of



workers j ∈ {X, Y } in the economy, each type of workers having unit mass. Every worker is able to ll a job of any sector but i workers have higher productivity in sector i (good 2 In



fact, there is evidence that links between similar agents tend to be more resistant to dissolution (McPherson et al. (2001)) indicating that these links are indeed advantageous.
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match) than in sector j (bad match), i 6= j, i, j ∈ {X, Y }. The productivity in a bad match is p whereas in a good match p¯, where p < p¯. A worker's productivity on a given job does not change over time. Observability of types. I assume that when a rm and an unemployed worker meet, they both observe each other's type, i.e. the type of the match. The workers' type here means the eld and quantity of their acquired education while the rms' type is identied by the type of workers it requires. Both of these are observable characters. Partners accept bad matches, which is rational if there are search frictions on the labor market and agents would have to wait too long for a consecutive good match. They both may incur costs of waiting: for the rm to maintain the vacancy has some costs, while a worker is better o earning the wage corresponding to a bad match than earning unemployment benets. This situation is more likely to be the case when the productivity of a bad and a good match are close enough. In fact, Moscarini (2001) uses a two sector model of heterogeneous workers to show that workers whose productivity does not dier much between two sectors search for and accept oers of both sectors. In Robst (2007), about 20-25% of workers are mismatched in the sense that their education is not related to their actual employment. This result suggests that rms indeed hire mismatched workers. Since rms observe the type of the worker, they pay dierent wages for a low and a high productivity worker. These wages are denoted by wB and wG , respectively. Firms may oer lower wages to mismatched workers which also compensates them for hiring workers with lower productivity. Wages are assumed to be exogenous throughout the analysis. Direct arrival of oers. Unemployed workers might become aware of vacancies either directly on the market or indirectly through their social contacts. I here describe the assumptions about the direct matching of workers to vacancies. I assume that a worker becomes aware of a vacancy of sector i ∈ {X, Y } at an exogenous rate ωi . The arrival rate of vacancies to workers in general depends on the number of vacancies created and the search frictions of the labor market described by the matching technology. In the main text, I assume an exogenous arrival rate and disregard how that is determined by other factors. In the Appendix (Section 8.1.1), I present a search model with endogenous vacancy rate and illustrate that the results obtained for exogenous arrival rate do not change. I assume that there is a dierence between the direct arrival of oers to employed and unemployed agents. Agents employed in sector i might only hear about the oers of the same sector. This assumption reects the idea that employed workers are likely to hear about job openings of their employers or related rms in the same sector. On the other hand, 7



unemployed workers can nd any kind of jobs when searching on the market, i.e. through direct arrival. These assumptions imply that the set of possible direct receivers of oers of some sector i ∈ {A, B} contains the following groups: unemployed workers of both types, workers employed in sector i which may contain individuals of type i and j . I introduce the following notation. I denote the fraction of unemployed among the type i agents by ui , the fraction of type i ∈ {A, B} agents employed in sector i by eii and the fraction of type i agents employed in sector j(6= i) by eji (hence, ui + eii + eji = 1). Using this notation, the mass of candidate agents who might become aware of a sector i oer is ui + uj + eii + eij , where i 6= j . Upon arrival of an oer of sector i, a worker in the set of candidate agents is randomly drawn as the receiver of the job information in such a way that unemployed agents of type i might have a higher probability of hearing about the oer than others. The market (direct) arrival rate of sector i oers to unemployed agents of type i is the following: M PG,i =



θui ωi θui + uj + eii + eij



The parameter θ stands for the eciency of the market in producing good matches. If θ = 1, the direct arrival is uniform random. If θ → ∞, exclusively the right unemployed group receives the job information. Therefore, θ parameterizes to what extend rms and unemployed workers of tting characteristics direct their search toward each other. Another interpretation can be that the institutions of the formal market (for example, agencies) facilitate the encounters of rms and workers and so the formation of highly productive matches. In the sequel, I refer to this parameter as market eciency. In the same way, the market arrival rate of sector i oers to unemployed workers of type j is the following: M PB,j =



uj ωi θui + uj + eii + eij



This expression is decreasing in parameter θ. Finally, the arrival rate of sector i oers to type l ∈ {X, Y } workers employed in sector i is as follows: i el ωi θui + uj + eii + eij



Note that I thus exclude the possibility that a mismatched individual improves her position by direct arrival. Moreover, I also disregard the possibility that they hear about better oers through their contacts: with regard to the information transmission, I assume 8



below that workers having an unneeded oer consider only their unemployed friends as receiver of information but not the mismatched ones. In this way, I assume that on-the-job search is not possible, which simplies the model to a great extent since the job separation rate is exogenous and does not depend on the network structure. Job separation. Jobs might be destroyed by a productivity shock which makes the productivity of the match so low that the continuation is not benecial for the parties any more. I assume that the arrival of such a shock is more probable for bad matches since they have lower productivity than for good matches. Good matches are destroyed according to a Poisson process with parameter λ and the process for bad matches is Poisson as well but with a higher parameter: αλ where α ≥ 1.3 This implies that good matches last longer time than bad ones, the dierence is measured by parameter α. Network structure and information transmission. Workers are connected by an underlying (undirected) network. Each worker of type i ∈ {X, Y } has ki neighbors. The neighbors are randomly chosen from the population in such a way that a given neighbor of a type i worker is of similar type with probability γi and is of type j 6= i with the complementary probability. Thus, γi measures the homophily level in group i, i.e. the tendency of type i individuals to be connected to each other. Throughout the analysis, I focus on the values γi > 0.5. Hence, I assume that workers belonging to the same group have similar number of connections and they are homophilous to the same extent. However, two workers belonging to dierent groups are allowed to have dierent number of neighbors and dierent tendency to connect to the workers of their own group. When an oer arrives to an unemployed individual, she takes the oer (irrespective of her productivity on that job). When an employed agent has information about a vacancy, she passes the information to a randomly chosen neighbor of hers. I here assume that the sender of the information does not direct the oer toward those unemployed neighbors who have high productivity on the given job. This behavior is interpreted as favoritism and it certainly generates mismatch. If employed agents directed the oers toward high productivity unemployed, the network would generate less mismatch. Therefore my model describes a case when the eectiveness of the network in creating good matches is at its lower bound. If an employed agent having an oer does not have any unemployed neighbor, the oer is lost (the vacancy remains unlled). Hence, the information might travel only one step in the network since it cannot reach unemployed workers at more distant positions in the network. This assumption largely facilitates the analysis as only the state of direct neighbors 3 Note



that this formulation also admits an equal separation rate between bad and good matches. I analyze the model for equal and unequal separation rates as well.
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need to be modelled but not the state of more distant agents.4 For the derivation of the matching function, I use the so-called homogeneous mixing assumption: the probability that an individual is in some state (unemployed, mismatched or employed in the right sector) is equal to the population frequency of that state and the states of dierent individuals are independently drawn. For example, the probability that a type i agent is unemployed is ui or the probability that a type j agent is employed in sector i is eij . Moreover, the states of two connected individuals are independently drawn. This assumption basically means that the links of the network are randomly re-drawn at each instant of time (Calvo-Armengol and Zenou (2005)). In reality as shown by CalvoArmengol and Jackson (2004, 2007), the states of connected agents are not independent but they are correlated in the long-run. In the Appendix (Section 8.1.2), I present simulation results on xed networks and show that the ndings obtained using the homogeneous mixing assumption hold on xed networks as well. Timing. The model is written in continuous time which implies that at some instant of time only one event can happen. Thus it cannot happen that an agent is employed and dismissed at the same instant of time, or that she receives a bad and a good oer at the same time. The possibility of more than one information source providing an oer for an unemployed individual in parallel can also be excluded. These implications of continuous time modelling to a large extent simplify the analysis.



2.1 Matching function In the previous section I described the number of "direct encounters" between vacancies and individuals. In this model, however, information can also be obtained through social contacts: unemployed workers might hear about job openings through their employed friends. To construct the job nding rates, these two direct and indirect channels need to be considered. I dene dierent arrival rates for bad and good matches.



2.1.1 Bad matches A bad match occurs when an unemployed worker of type i receives an oer of sector j where i, j ∈ {X, Y }, i 6= j . I derive the arrival rate of bad oers to unemployed workers of type i through the network channel. 4 The same assumption was used in Calvo-Armengol and Zenou (2005) and in Calvo-Armengol and Jackson



(2004).
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First, I consider the possibility that a type i employed agent passes a j oer to an unemployed individual of type i. It is possible only if the worker is employed in sector j . The direct arrival rate of sector j oers to employed agents of type i is the following: eji ωj θuj + ui + eji + ejj



This employed agent has ki neighbors, each of them is of type i with probability γi , and each of the type i neighbors is unemployed with probability ui . Hence, the expected number of type i unemployed neighbors is ki γi ui . Fixing one of these neighbors, I determine the probability that the employed agent of type i will choose exactly her when picking a random individual from the pool of unemployed neighbors: Qi =



kX i −1  s=0



 1 − (1 − u¯i )ki ki − 1 s ki −1−s 1 = u¯i (1 − u¯i ) s+1 u¯i ki s



(1)



where u¯i = γi ui + (1 − γi )uj is the average probability that a neighbor of an individual of type i is unemployed: each of her contacts is either of type i or type j and in both cases she has to be unemployed which happens with probability ui or uj , respectively. This is implied by the homogeneous mixing assumption: the state of an agent is randomly drawn using the population frequencies. s is the number of competitors for the same information: the probability that exactly s other agents are unemployed apart from our given worker is u¯i s (1 − u¯i )ki −1−s . The probability that among (s + 1) unemployed contacts a given worker is randomly picked is 1/(1+s). Note that similar derivations were presented in Boorman (1975) and Calvo-Armengol and Zenou (2005) with the dierence that in those models workers are homogeneous. When put together, the arrival rate of bad oers to unemployed agents of type i through type i employed agents is the following: ki γi ui Qi



eji ωj θuj + ui + eji + ejj



Second, I write the arrival rate of bad oers to unemployed agents of type i through type j employed agents in the following way: kj (1 − γj )ui Qj



ejj θuj + ui + eji + ejj



ωj



where Qj is dened as: kj −1 



X kj − 1 1 1 − (1 − u¯j )kj Qj = u¯j s (1 − u¯j )kj −1−s = s s+1 u¯j kj s=0
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where u¯j = γj uj + (1 − γj )ui . The derivation of this formula is completely analogous to the previous case. Adding these two possibilities, I write the arrival rate of sector j oers to unemployed of type i through the network channel as follows: N PB,i = ui



ωj j j j j (ki γi Qi ei + kj (1 − γj )Qj ej ) θuj + ui + ei + ej



(2)



To get the arrival rate of bad (sector j ) oers to unemployed workers of type i, I add up the arrival rates through the two information channels: the formal market and the social network. Note that in continuous time only one of these channels can provide an oer at the same time. Hence, the arrival rate of bad oers to type i unemployed workers is the following: M N ui qB,i = PB,i + PB,i = ωj ui ωj j j j j + ui j j (ki γi Qi ei + kj (1 − γj )Qj ej ) = θuj + ui + ei + ej θuj + ui + ei + ej  ωj j j ui 1 + k γ Q e + k (1 − γ )Q e i i i j j j i j θuj + ui + eji + ejj



(3) (4) (5)



2.1.2 Good matches A good match is formed when an unemployed worker of type i gets an oer of sector i (i ∈ {X, Y }). This might happen through direct or indirect arrival. The network arrival rate of good oers to unemployed workers of type i can be constructed in similar way to the case of arrival of bad oers. It can be written as follows: eij eii ω + k (1 − γ )u Q ωi i j j i j θui + uj + eii + eij θui + uj + eii + eij ωi (ki γi Qi eii + kj (1 − γj )eij Qj ) = ui θui + uj + eii + eij



N PG,i = ki γi ui Qi



(6) (7)



An oer of sector i may reach an unemployed individual of type i through her contacts of type i or j , in both cases these contacts have to be employed in sector i. For example, eii ω is the probability that a type i worker employed in sector i is aware of a new θui +uj +eii +eij i opening in sector i. She has ki γi ui unemployed contacts of type i on average and she passes a given oer to each of these with probability Qi . The second term stands for the case when a type j employed contact passes a good oer to an unemployed individual of type i and can be interpreted similarly. 12



The overall arrival rate of good oers to type i unemployed workers is the sum of the arrival rate on the market and that through the network: M N ui qG,i = PG,i + PG,i = θui ωi ω + ui (ki γi Qi eii + kj (1 − γi )eij Qj ) = i i i θui + uj + ei + ej θui + uj + eii + eij  ui ωi θ + ki γi Qi eii + kj (1 − γj )eij Qj i i θui + uj + ei + ej



3



(8) (9) (10)



Equilibrium



I analyze the model in the case when the economic environment is similar in the two sectors: the arrival rate of oers, the eciency parameter of the direct arrival and the separation rate dierence between bad and good matches take the same value in the two sectors (ωX = ωY , θX = θY , αX = αY ). Every worker has the same number of neighbors and is homophilous to the same extent. These assumptions give rise to a symmetric equilibrium5 where • uX = uY ≡ u • eYX = eX Y ≡ eB Y • eX X = eY ≡ eG



Note that 1 − u = eB + eG . For convenience, the subscript i and j are dropped from the notation of every parameter and variable. In the symmetric case the bad and good arrival rates dened in the equations (5) and (10), respectively, simplify to the following two expressions:   1 − (1 − u)k 1 + k(γeB + (1 − γ)eG ) uk   1 − (1 − u)k uω uqG (u, eB , eG ) = θ + k(γeG + (1 − γ)eB ) θu + 1 uk



uω uqB (u, eB , eG ) = θu + 1



(11) (12)



Note that the arrival rate of good oers is increasing in the homophily level γ if eB < eG . In this case an unemployed worker is more likely to receive a good job information from her similar contacts. They are likely to be employed in the good sector and, thus, have access to the information about new openings in this sector. Dissimilar neighbors are also 5 Bentolila



et al. (2010) implement similar analysis.
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more likely to be employed in their respective good sector but that source of information provides bad matches for the given unemployed. For similar reasons the arrival rate of bad oers is decreasing in the homophily level γ when eB < eG . Note also that the arrival rates increase with the number of connections k: to have more contacts means more chances to gather job information. The equilibrium of the model is dened as follows.



Denition The equilibrium of the model is given by the pair (e∗B , e∗G ) satisfying the following equations:



uqB (1 − eB − eG , eB , eG ) = αλeB



(13)



uqG (1 − eB − eG , eB , eG ) = λeG



(14)



The equilibrium of the model is a steady state where the number of workers nding job is equal to the number of employed workers losing job, both for bad and good matches. The following proposition states that under some conditions on the parameters the equilibrium is unique.



Proposition 1 A unique equilibrium of the model exists when 1. αλ(1 + (1 − 2e∗B )θ) + ω(1 − γ) + (eB )∗k γ(1 + k)ω > 0 where e∗B is given by:  1 ∗ eB =  



if − 2αλθ + kωγ(1 + k) ≤ 0 2αλθ kγ(1+k)ω



1  k−2



if − 2αλθ + kωγ(1 + k) > 0



∗∗k ∗∗ 2. −αλθe∗∗ B + ω γ + eB (1 + γ(−1 + k)) > 0 where eB is given by:







e∗∗ B



 1 =  



if − αλθ + kω(1 + γ(k − 1)) ≤ 0 αλθ kω(1+γ(k−1))



1  k−1



if − αλθ + kω(1 + γ(k − 1)) < 0



The proof of this proposition is based on the properties of the two implicit functions eB (eG ) dened by the equilibrium conditions (13) and (14). The conditions on the parameters guarantee that the two implicit functions are strictly monotone decreasing in the (eG , eB ) plane and they cross only once.
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3.1 Denition of mismatch The primary objective of the analysis is to determine the impact of social contacts as job information channel on mismatch. The level of mismatch can be measured by the fraction of employed workers in the bad sector over the fraction of employed in the good sector.



Denition The level of mismatch is dened as the fraction eB /eG . Since workers accept the rst oer arriving, the mismatch level depends on the ratio of the arrival rate of bad and good oers: eeBG = (αqqBG ) . This follows from the division of the two equilibrium conditions (13) and (14). The aggregate mismatch level can be split up into the mismatch created by the market and the social network. The following lemma says that the mismatch is in fact the linear combination of these two factors:



Lemma 1 Mismatch level in society can be written as:  M  N 1 P rB eB P rB = µ+ (1 − µ) M N eG α P rG P rG



where µ ∈ (0, 1) and P rij is the probability that a search method j ∈ {N(etwork), M(arket)} provides an oer of type i ∈ {B, G}. If only information source j is operated in society, the mismatch level would depend on the probability ratio P rBj /P rGj . The following lemma relates eectiveness of the arrival through social contacts (P rGN /P rBN ) to the mismatch level of the society and the homophily level of the social network.



Lemma 2 The probability ration P rGN /P rBN increases if the mismatch falls for γ > 0.5 or if N N γ increases. The eect of γ on P rG /P rB is higher if the mismatch is lower.



If γ > 0.5, workers tend to be connected to similar agents and they are more likely to receive good oers from them if the neighbors are more likely to be employed in their good sector, i.e. the mismatch is lower. If workers tend to be employed in their respective high productivity sector (eG > eB ), being connected to similar agents rises the probability of hearing a good oer.
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3.2 Results Using the described model, I investigate whether the presence of social networks in the matching process increases or decreases the mismatch level of the society compared to a market economy. I show that even though individuals recommend each other to jobs without looking at productivity (favoritism), for some parameter values the presence of networks still leads to an increase in the eectiveness of the labor market. I also study what the impact of network structure, i.e. the homophily rate and the connectivity of the network, is on the eectiveness of the matching process. The rst proposition describes a benchmark case in which the market arrival is uniform random and there is no dierence between the separation rates of bad and good matches.



Proposition 2 If the market arrival is uniformly random (θ rate is equal between bad and good matches (α = 1),



= 1) and the job separation



(i) in equilibrium the fraction of workers employed in bad and good matches are equal (eB = eG ), (ii) the network provides bad and good matches with equal probability, (iii) the homophily and the connectivity has no impact on the mismatch level. The intuition behind this result is based on the assumption that employed individuals learn about the oers of their occupation sector. If θ = 1, the direct arrival provides good and bad jobs with equal probability. As for the network, if the employment rates in good and bad matches are the same, an employed individual of any type has equal probability of being employed in the two sectors. This implies that the arrival rate of information about bad and good matches through contacts will be the same. Hence, both information sources give bad and good oers at a uniformly random rate. Now if, in addition, we have that bad and good matches have the same job separation rate (α = 1), the employment rates are equal in good and bad matches. Hence, we have an equilibrium with eB = eG . Homophily has no eect on the mismatch level since contacts of both own and dierent types have the same probability of providing information about bad and good matches. In this case, the connectivity likewise has no eect as adding more neighbors per se does not change the average quality of oers arriving through social contacts. I next move away from this benchmark case: I allow for a biased market arrival (θ > 1) and good matches last longer time than bad ones (α > 1). 16



Proposition 3 If the separation rate dierence between bad and good matches (α) increase, the mismatch decreases. When ω > λ and θ rises, the mismatch decreases. If θ > 1 or α > 1, the mismatch decreases as the homophily level (γ ) rises.



As the market eectiveness parameter rises, the market arrival provides good job information at a higher rate which implies that the mismatch level falls. The same is the resulting eect if the job separation rate of bad matches is increased: in equilibrium there will be less workers employed in low productivity jobs. When a worker has a higher probability of being employed in a good match than in a bad one (eG > eB ), homophily decreases the mismatch level (see Lemma 3). In this case to be connected to a worker of own type is benecial in the sense that she is likely to be employed in the good sector and thus to provide job information about a high productivity job. A more homophilous network thus is more eective in providing good job information. The following proposition states that for high homophily values the network actually can be more eective than the market channel. This implies that the mismatch level is lower in the economy with social networks compared to a pure market economy.



Proposition 4 For θ > 1, there exists a γ¯ > 0.5 such that for ∀γ > γ¯, the mismatch level



is lower in the economy with social networks than in a pure market economy. (i) If α = 1, γ¯ = 1, (ii) if α > 1, γ¯ < 1, (iii) γ¯ decreases if α increases.



This proposition identies a threshold value of the homophily level for which the market and social networks are equally likely to provide good oers conditional on arrival. We have seen that the mismatch level depends on the probability ratio of a search method providing a good oer over it is providing a bad one. When the homophily is complete (γ = 1), this probability ratio for the social network is equal to eG /eB . A similar agent can provide a good oer if employed in a good job (eG ), a bad oer if employed in a bad job (eB ). When bad and good jobs are separated at the same rate (α = 1), the only exogenous factor which determines the mismatch level is the market eciency: eG /eB = θ. Hence, at γ = 1, the market and the social networks are equally eective. We have seen that as the homophily level decreases, the likelihood that the social contacts provide a good oer falls. Hence, for γ < 1, the market is more eective than the social network. 17



If bad matches are separated at higher rates (α > 1), there will be more agents in good matches in equilibrium, hence the ratio eG /eB is higher than in the case of α = 1. This implies that for complete homophily (γ = 1), eG /eB > θ, i.e. conditional on arrival, the social networks provide good jobs at a higher rate than the market. When the homophily is lower, the eciency of networks decreases and a threshold value of the homophily is found where the two methods are equally eective. If the type of the connections of a worker are random (γ = 0.5), the network gives bad and good matches at equal rates (P rBN = P rGN ). Hence, the market is always more eective for θ > 1 than the social network. When α rises, the mismatch decreases and it is more likely that the social contacts provide good oers for any γ > 0.5 . Thus, the eectiveness of the market and social networks are equal for a lower homophily value, i.e. the threshold γ¯ falls.6 It is ambiguous how the threshold changes when the market eciency (θ) increases. First, such an increase makes the market more eective in producing good matches. Second, the mismatch decreases which makes the network arrival more eective. Hence, theoretically we cannot decide which eect is more important. However, the numerical analysis presented below suggests that the threshold homophily level increases when the market becomes more ecient. The following proposition describes the impact of connectivity on mismatch.



Proposition 5 As the number of neighbors k rises, (i) the unemployment rate u decreases, (ii) if γ > γ¯ , the mismatch falls, (iii) if γ < γ¯ , the mismatch increases. (iv) γ¯ remains unchanged. First, if the network is more connected, an agent has more chances to hear about a new job opening. The information transmission of the labor market becomes more ecient: there is higher probability that a vacancy reaches an unemployed individual. The unemployment rate decreases. Note that Calvó-Armengol and Zenou (2005) obtain dierent result on regular graphs: a critical value of k exists which minimizes the unemployment rate. The reason is 6 Note



that the importance of separation rate dierence comes from the fact that it increases the equilibrium probability of being employed in a good match and hence improves network eectiveness. Other factors which have similar eects on the equilibrium would give identical results.
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that in their model oers simultaneously reach dierent individuals which leads to congestion in the case of high connectivity: many oers are passed to the same unemployed agent who makes use of only one of them and does not pass the other ones further along in the network. On the contrary, here oers sequentially arrive and the possibility of congestion is thus excluded. Higher connectivity facilitates encounters of workers and vacancies.7 Second, the impact of connectivity on the mismatch level depends on the homophily index. On the one hand, if the homophily is above the threshold identied by the previous proposition, the network channel is more eective than the market. In this case, if the connectivity is increased, there will be more job oers arriving through the network and these oers are likely to be of good type. Hence, the mismatch decreases. On the other hand, if the homophily is below the threshold, giving more weight to the network arrival generates more mismatch. Third, the connectivity of the network does not aect the position of the homophily threshold. This happens because for a xed γ the eectiveness of network arrival depends on the mismatch level and the mismatch level does not change with the connectivity by γ = γ¯ . Hence, by γ = γ¯ , neither the eciency of the network nor that of the market changes with the number of neighbors, henceforth, the homophily threshold remains the same. In sum, the presence of social networks leads to lower unemployment rate and for suciently high homophily level it increases the fraction of workers employed in high productivity jobs. A consequence of this latter is that the average separation rate is lower in the economy which also leads to lower unemployment rate. The above results are derived under the assumption of favoritism, that is, referrals do not direct oers to high productivity workers, they recommend their contacts irrespective of productivity. If they instead tend to pass oers to high productivity workers, the eectiveness of network to create good matches is even higher than described here.



4



Implications for wages



The comparison of search methods regarding mismatch creation has important implications for the wages obtainable using these search channels. I dene the expected wage associated to a search method as the conditional wage expectation of an arriving oer through 7 Note



also that the congestion eect pointed out by Calvó-Armengol and Zenou (2005) would be diminished if the job information travelled more than one step in the network. Ioannides and Soetevent (2006) also challenge their non-monotonicity result: assuming arbitrary degree distribution, they obtain that higher average connectivity implies higher employment.
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that method. This wage expectation is normalized by the arrival rate of oers which diers between search methods. The focus on this statistics is justied by the empirical literature on expected wages of dierent search channels (Pellizzari (2010), Bentolila et al. (2010)): these papers use the ex-post relation between wages earned by an employed individual and the search method she used to obtain her job. Denote the wages earned in a bad (good) match as wB (wG ). I dene the expected wage of the market channel as follows.



Denition 1 Expected wage of market search is the conditional expectation of the wage obtained through direct arrival conditioned on the event that an oer has arrived: wEM



P M wB + PGM wG = B M = PB + PGM



η uAv η w + uθAv w 1+θu B 1+θu G η u(1+θ)Av 1+θu



=



wB + θwG 1+θ



If the market arrival is random (θ = 1), the expected wage is the average of the wages earned in good and bad matches. On the other hand, if θ > 1, the expectation puts higher weight on good jobs. As for the network channel, the wage expectation can be dened in a similar way.



Denition 2 Expected wage of network search is dened as the conditional expectation of the wage obtained through contacts conditioned on the event that an oer has arrived through a contact: wEN



(γeB + (1 − γ)eG )wB + (γeG + (1 − γ)eB )wG PBN wB + PGN wG = = N N eB + eG PB + PG



Observe that to compare these expectations it is sucient to compare the probability weight on the good wages which ultimately depends on the ratio of bad and good arrival rates through that channel (P rBj /P rGj ).8 The concrete values of the wages wB and wG do not aect the comparison. Recall that the total mismatch level is the linear combination of the same ratio of arrival rates between search methods (see Lemma 1). The implications of mismatch on wages earned by a worker depend on the denition of mismatch. First, we may dene mismatch as skill mismatch, i.e. disagreement between the type of required education and the kind of education the individual has. In this case 8 For



example, in the case of the market, the weight on good matches is just θ/(1 + θ) which reciprocally depends on the fraction 1/θ.
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a mismatched worker earns lower wages than if she was working in a good match (Robst (2007)). If search on the formal market creates less mismatch than search using social M N contacts ( PP rrBM < PP rrBN ), the weight on wG is higher for the market channel than for the G G network. Consequently, the market channel pays a wage premium over social networks. In this case, the relative wage obtainable using social contacts compared to the formal market increases with the homophily level since homophily decreases the mismatch created by networks (see Lemma 2). For suciently high homophily levels the networks pay a wage premium. Second, we may dene mismatch as disagreement between the education level required by the job and attained by the worker. The literature on over- and undereducation obtains that the return to a year of required schooling is about 9%, to a year of overschooling the return is half of that and underschooling results in a wage penalty of about 4.5% (see Leuven and Oesterbeek (2011). This implies that workers with high education earn higher wages when they work in a good match, i.e. a job which requires the education level they attained. However, for workers with low education wages are higher when they work in jobs which require higher level of education than what they attained.9 In consequence, for workers with high education the job search method that creates less mismatch pays higher wages on average while for workers of low education the one that creates more mismatch (see Lemma 1). Consequently, for the rst group homophily raises the wage premium of social contacts compared to the formal market while for the second group it decreases (see Lemma 2). The following table summarizes the dierent cases.



Market creates less mismatch







Network creates less mismatch



N P rB N P rG







>



N P rB N P rG



Skill mismatch and educational mismatch



Educational mismatch



for workers with high education



for workers with low education



wB < wG



wB ≥ wG



wEN < wEM



wEN ≥ wEM



wEN > wEM



wEN ≤ wEM



 M



P rB M P rG



≤



 M



P rB M P rG



Table 1: Relationship between mismatch and wage expectation of search methods. 9 Note



that high education workers employed in low education jobs receive high return of schooling only for the years required for the job and a lower return for the extra years. They are thus better o when employed in a job which requires higher education. Low education workers employed in jobs which require high education get high return for the required years of education which is then discounted by the years of their underschooling. However, this discount is only half of the high return of required education. Thus, they earn higher wages when mismatched.
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The empirical literature on the relationship between wages and obtaining a job through social contacts nds mixed evidence: some papers suggest a wage discount for networkers (see e.g. Bentolila et al. (2010), Pellizzari (2010)) while others nd a wage premium (see e.g. Dustmann et al. (2010), Kugler (2003)).10 Based on dierent values of homophily level, the model's predictions are consistent with both a wage discount and premium for job search via social contacts. Mouw (2003) estimates the relationship between the number of friends in same occupation as the individual and wages obtained via contacts. In consistence with the model predictions, he nds that having more similar friends increases the wages obtainable through social contacts. Antoninis (2006) dierentiates between family members and friends versus professional contacts and nds that obtaining a job via professional contacts is associated with a wage premium while relatives and friends either have no impact on wages or imply a wage discount. This nding is consistent with the model since professional contacts are more similar to the individual regarding the type of education than relatives and friends (see Obukhova (2012)). Higher homophily level implies a wage premium for social contacts when mismatch is dened on the basis of education eld. Large sociological literature on social contacts and job search analyzes how the properties of jobs obtained depend on the socio-economic characteristics of job information sender and the individual's social capital in general (see Marsden and Gorman (2001) for a summary). They nd that when the job information sender has higher wages and education, the individual is able to obtain a job paying higher wages via social contacts. This nding also supports the model's predictions: when mismatch is dened on the basis of quantity of education, workers with both high and low education receive higher wages through the network when they are connected to individuals having higher education.



4.1 Numerical example This section presents a calibrated numerical example. For calibration, the European Community Household Panel dataset is used which was collected between 1994 and 2001 in 15 countries: Austria, Belgium, Denmark, Finland, France, Germany, Greece, the Netherlands, Luxembourg, Ireland, Italy, Portugal, Spain, Sweden and the United Kingdom. In my analysis I use the data only from 14 countries since in Sweden the question about job search methods was not asked. In the other countries the survey asked the following question about job nding: "By what means were you rst informed about your present job?", with the following possible answers: 1. by applying to 10 Most



of these papers use survey data, such as the European Community Household Panel and National Longitudinal Survey of Youth, that contain information on the search method that rstly informed the worker about the job that she nally accepted. These datasets provide no information on the characteristics of the workers' social connections and, henceforth, are not helpful in carrying out a direct test of the model because the homophily level is not observable.
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the employer directly, 2. by inserting or answering adverts in newspapers, TV, radio, 3. through employment or vocational guidance agency, 4. through family, friends or other contacts, 5. started own business or joined family business, 6. other. I construct a dummy variable representing network search, it takes the value 1 if the individuals answered 4 to the previous question and 0 otherwise. I study skill mismatch dened on the basis of subjective evaluation: individuals were asked "Have you had formal training or education that has given you skills needed for your present type of work?". Individuals who answered "No" are classied as mismatched and those who answered "Yes" are classied as being employed in a good match. The mismatch rate dened as the fraction of workers mismatched divided by the fraction of workers in a good match amounts to 76.05%. This corresponds to 43% of mismatched workers as the percentage of total population. Since it is observed how workers found their job, it is possible to compute the mismatch rate among those workers who used networks and formal market, respectively. The mismatch created by the market (P rBM /P rGM ) is 61.6% while the mismatch created by networks (P rBN /P rGN ) is 129.6%. The parameters of the model are determined from the data in the following way (see Table 2 for a summary of parameters). Job separation rate is determined based on job tenure. The median job tenure is 15 months for mismatched workers while it is 17 months for workers in a good match. The separation rate is dened as the reciprocal of median job tenure. The resulting separation rate is 0.059 for good matches and 0.067 for bad matches, α is the ratio of these two numbers: 1.13. The arrival rate of oers (ω ) is calculated as the reciprocal of the median unemployment duration. The median is 6 months which gives ω = 0.166. The eciency parameter of market arrival (θ) is set as the reciprocal of the mismatch created by the formal market (P rBM /P rGM = 0.616): θ = 1.62. Using these parameter values I solve the model for the homophily threshold for which formal market and networks create the same amount of mismatch (being equal to 0.6158), this gives γ¯ = 0.903. Note that this value is independent of the number of neighbors (see Proposition 5). I also compute the homophily level and number neighbors for which the mismatch created by networks and the total mismatch level in the economy correspond to the observed values in the data (see Table 2). This calculation gives γ = 0.0217 and k = 2.36. Note that in data the mismatch rate created by networks is very high (well above 1): many workers who obtained their job via social contacts report that they don't have any formal training or education for their actual job. This explains why the homophily level needs to be very low to capture the created mismatch level. Moreover, the number of neighbors has to be low as well such that the overall mismatch level could come down to 0.76. The intuition is that the arrival rate of oers through networks needs to be low enough such that the mismatch level is mostly driven by the mismatch created by the market. The dierence in mismatch creation between networks and the formal market helps to explain the observed dierence in average wages for the two search methods. Table 2 reports the average wages of jobs obtained through dierent methods and the average wages in mismatch and in a good match. The formal market pays a 1.23 dollars wage premium above networks. The average wage
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Variables



Mismatched Good match



Observations Mismatch rate Used formal market Mismatch rate market



96419



126771 0.7606



61454



99792 0.6158 1.62



θ



Used networks Mismatch rate network Median job tenure



34965



26979 1.296
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λ α



Median unemployment duration ω



Total avg. wages Total avg. wages market Total avg. wages networks



17 0.059 1.13 6 0.1667 6.61 (4.99) 6.95 (5.1) 5.72 (4.55)



Table 2: Data and calibrated parameter values for skill mismatch case. Standard deviations are in parenthesis. Job tenure and unemployment duration are measured in months. Wages are hourly wages stated in US dollars.
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in a good match is 8.8 while in a bad match it is 4.83. I use the denitions of expected wages from the previous section and the average wages in a bad and good match to compute the average wages of search methods implied by mismatch level. This calculation gives that the average wage for formal market is equal to 7.29 and the average wage for networks is 6.56.11 According to mismatch creation, there thus is a 0.73 dollars wage premium for the market. That is, out of the 1.23 dollars of observed wage premium, the mismatch creation explains 0.73 dollars, about 60% of the dierence.
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Discussion



In this section, I discuss some of the limitations of the analysis presented and point out possible extensions which are left for future work. In the model it is assumed that workers are homogeneous regarding the number of neighbors while workers in reality dier in connectedness. Ioannides and Soetevent (2006) presents a search and matching model with social networks and arbitrary degree distribution. They numerically show that heterogeneity in degree leads to heterogeneity in unemployment duration and wages. Following their work, the here presented model could also be extended in this direction: degree heterogeneity may lead to heterogeneity in the rate of being mismatched. However, the main conclusions about the role of homophily would carry through to this model extension as they do not depend on the number of neighbors per se but on the type of neighbors. Other limitation of the model is that the social structure is assumed to be exogenous. Galeotti and Merlino (2011) and Calvo-Armengol (2004) models network formation in the context of labor markets with homogeneous workers and jobs. The choice of number of neighbors and individual homophily level could be incorporated in the present model. In this extension, workers would maximize the value of unemployment by choosing their network conguration. The benet of linking to more individuals is the shorter unemployment spell and maintaining more links also involves some costs. Similarly to the literature on endogenous choice of search intensity (Pissarides (2000)), such a model with ex-ante homogeneous workers could be analyzed in the symmetric equilibrium where all workers choose the same number of neighbors, resulting in a conguration analyzed here. As for the choice of homophily level, workers with high education benet from being connected to each other as they facilitate the nding of high wage jobs for each other. To connect to dissimilar workers is also more costly than to connect to individuals of one's own group. These considerations lead to the conclusion that workers with high education level have incentives to link to each other and not to less educated workers. Workers with low education level would also 11 For N P rB N P rG



example, the expected wages of search via contacts is given by



= 1.296, wB = 4.83, wG = 8.8.
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N wE



=



N P rB wB +wG P rN G P rN B +1 P rN G



= 6.56 where



benet from links to workers with high education as for them similar contacts lead to jobs with lower wages. If linking needs mutual consent and is mutually costly, less educated workers would be refused by workers with high education and forced to connect to each other leading to segregation. This certainly relevant extension of the model is left for future work. In the model presented here, workers and rms use the two search methods simultaneously and to the same extent. Another version of the model could be built assuming that both workers and rms choose the intensity of search through the two channels. The very few articles on endogenous choice of search methods include Kugler (2003), Cahuc and Fontaine (2009) and Bentolila et al. (2010). The choice of search methods is based on the costs and benets their use implies. Search on the formal market is usually thought to be more costly than search via social contacts. For workers, benets of dierent search methods depend on the arrival rate of job oers and the wages of jobs provided. The use of contacts may lead to a job faster if the number of neighbors is larger and may provide better jobs if the homophily level is higher. For the rm, the arrival rate of employable workers depends on the connections of their employees and the quality of the match on the type of those connections. The above model could be extended in this direction which is also planned in my future work. The present model focuses on the role of social networks in mitigating search frictions in the labor market: unemployed workers and vacancies coexist because of search frictions, connections between workers can facilitate the encounters of trading partners in the labor market. Another role of social networks and referrals is in providing signals about unobserved characteristics of workers for the employers. Improved signals about productivity during hiring also lead to matches of better quality and a wage premium for workers using social contacts (see Galenianos (2012) and Dustmann et al. (2010) among others). My work assumes a labor market characterized by search frictions and focuses on information transmission about the existence of vacancies to workers of appropriate observable characteristics, such as the type and quantity of education.
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Conclusions



I investigate the impact of social networks on the matching of workers to occupations. I compare the eciency of the formal market to that of social networks in creating good matches. I assume that the social network consists of favoring relationships: workers recommend each other to jobs irrespective of productivity on the job. I show that if links more often connect agents of similar type (the homophily index increases), the level of mismatch in society decreases. Regarding the relative performance of market and networks, I identify parameter settings where the market is more eective in creating good matches than the social network for any homophily level lower than complete. I also nd other parameter values where for high homophily levels the network is more eective than the market. This happens,
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for example, when bad matches are separated at higher rates than good ones. In this case, the mismatch is lower in an economy with social networks in the matching process than in a pure market economy. Social networks can thus reduce mismatch despite favoritism. The relationship between mismatch and wages attained by workers depends on the denition of mismatch. When mismatch is dened as disagreement between the type of education of the worker and her occupation, it leads to lower wages for the worker. In this case, having more similar contacts in the social network leads to higher wages. When mismatch is dened as possessing higher or lower level of education than required by the job, it implies higher wages for workers with low education and lower wages for workers with high education. In this case, being connected to similar individuals raises the wages attained through social ties for high education workers and decreases it for low education workers. These predictions on wages are consistent with the empirical literature.
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Appendix



7.1 Robustness 7.1.1 Endogenous vacancy rate The model in the main text assumes that the arrival of new job openings is exogenous. In this section, I suppose that the arrival of oers depends on an endogenously determined vacancy rate and analyze whether the above presented results change. I assume that there are search frictions on the labor market and thus workers do not immediately become aware of the posted vacancies. The arrival rate of oers positively depends on the number of vacancies according to the following function: ωi = Aviη



(15)



where vi is the vacancy rate of the corresponding sector i, A and η are technology parameters with the restriction 0 < η < 1. The assumption on the value of η implies decreasing return for matches with respect to the vacancy rate: as there are more vacancies posted, the probability that a given vacancy is known by someone decreases (ωi /vi = Aviη−1 ).
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The vacancy rate is endogenously determined by a free-entry condition of rms. The freeentry condition implies that the value of vacancy posting is driven down to zero. I write down the value function of a vacant job of sector i in the steady state: F F δVi = −c + qB,i (JB,i − Vi ) + qG,i (JG,i − Vi )



(16)



F and q F are the job lling rates of a sector i vacancy for bad where c is the cost of vacancy, qB,i G,i and good matches, respectively. A vacancy is either lled by a bad or a good match, JB,i and JG,i are the value functions for these two cases, respectively. Future benets of the rm are discounted by a rate δ . The job lling rates can be expressed using the job nding rates (11) and (12). When a worker is matched to some vacancy of sector i, it is supposed that the vacancy is uniform randomly chosen from the vi vacancies of sector i. The job lling rates thus are given by the following expressions: F qB,i =



uj qB,j vi



(17)



F qG,i =



ui qG,i vi



(18)



The type of the worker is observed by the rm since type here means the eld or level of education obtained by the worker. In a labor market characterized by search friction it is rational for the rm to accept bad matches as long as their productivity is not too low. The productivity loss is compensated by the saved costs of vacancy maintaining. When a sector i vacancy is lled by a type j 6= i worker, the rm earns the output net of wages in a bad match which is denoted by p. At a rate αλ, the rm is separated from the worker and the job becomes vacant. The value of a bad match in the steady state is given by the following expression: δJB,i = p + αλ(Vi − JB,i )



(19)



Note that rms accept to hire low productivity workers as long as the value of having a bad match is higher than the value of maintaining a vacancy: δVi < δJB,i . The value of a good match can be written down in a similar way, the only dierence is that the rm here receives higher net output (p¯ > p) and the separation rate is lower (λ ≤ αλ) : δJG,i = p¯ + λ(Vi − JG,i )



(20)



I assume that rms can freely enter to the market when they nd it benecial to do so. Free-entry implies that the value of the vacancy reduces to zero: Vi = 0, i ∈ {X, Y }. Applying this
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equality, we can express JB,i = the job creation equation:



p δ+αλ



and JG,i =



F c = qB,i



p¯ δ+λ .



Substituting these into equation (16), we get



p p¯ F + qG,i δ + αλ δ+λ



(21)



In the symmetric case the two types of workers have the same probability to be unemployed, matched to a bad or a good match. I also assume that a bad (good) match produces p (p¯) for a rm, independently of the rm's sector. Vacancy posting costs and the discount rate are also similar in the two sectors. These assumptions imply that in equilibrium there will be the same number of vacancies posted in the two sectors. The equilibrium is given by the triple {e∗B , e∗G , v ∗ } satisfying conditions (13), (14) and (21) where ω is substituted for Av η in the equations (11) and (12). I numerically compute the equilibrium and illustrate that the results presented in Proposition 3 to 5 hold for endogenous vacancy rates as well. Table 3 presents the parameter values used in the calculations. The discount rate δ is set to 0.988 which corresponds to a quarterly interest rate of r = 0.012 used by Shimer (2005). As for the quarterly separation rate λ, I use the value of 0.1 as it was estimated by Shimer (2005). The productivity in a good match p¯ is normalized to 1. I assume that the productivity in a bad match is 15% less than the productivity in a good match, I set p = 0.85. The elasticity parameter of the matching technology (15) with respect to the vacancy rate (η ) is set to be 0.4. This parameter ranges from 0.3 to 0.5 in most of the estimations (see Petrongolo and Pissarides (2001)) so I take the middle of this interval. The value of the other technology parameter A and the vacancy posting costs c are calculated to match the long-term unemployment rate u = 0.0567 and vacancy rate v = 0.0359 in Shimer (2005).12 This gives the values A = 0.897 and c = 2.666. The remaining parameters are moved in the intervals indicated in the Table. The results are shown on Figure 1 and 2 in the Appendix. Figure 1 shows the homophily threshold identied by Proposition 4 as the function of separation rate dierence parameter α for dierent values of the market eciency θ. First, we can see that when α = 1, the homophily threshold is equal to 1 for any value of θ. Second, as we increase the value of α, the threshold becomes lower. The same results were demonstrated in Proposition 4. In addition to that, the gure suggests that as the market eciency θ becomes higher, the homophily threshold increases. When the market is more ecient, by denition, the direct arrival creates more good matches. This has a positive impact on the arrival rate of good oers through the social network since the mismatch decreases in the society (see Lemma 2). However, the indirect impact on the eectiveness of social networks is smaller than the direct eect on market eciency. Higher homophily level is required to make the eectiveness of the two information sources to be equal. Figure 2 shows the impact of network connectivity, i.e. the number of neighbors, on the 12 To



this calibration exercise I used the values α = 1, θ = 3, k = 5, γ = 0.5.
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Name of the parameter



Homophily level Discount rate Productivity in good match Productivity in bad match Vacancy costs Separation rate for good match Ratio of separation rates bad/good match Number of neighbors Arrival rate technology parameter Arrival rate technology elasticity Market eciency



Notation Value γ δ p¯ p c λ α k A η θ



[0.5,1] 0.988 1 0.85 2.666 0.1 [1,5] [1,15] 0.887 0.4 [2,8]



Table 3: Parameter values. mismatch level and the vacancy rate. This graph is calculated assuming θ = 4 and α = 2. In this case the homophily threshold is equal to 0.8857. On the left panel we can see that in the case when homophily level is higher than this threshold, the mismatch level decreases as the number of neighbors becomes higher. On the contrary, when the homophily level is below the threshold, the mismatch increases with the number of neighbors. By the threshold homophily the mismatch level is independent of network connectivity. These ndings were analytically shown in Proposition 5 for xed vacancy rates. The reason that the results obtained for xed vacancy rates hold in the case of endogenous vacancy rates as well is that the mismatch level depends on the probability ratio P rB /P rG for the two information sources. In the symmetric case, this probability ratio is independent of the vacancy rates: the relative quality of arriving oers do not depend on the number of available oers. The right panel of Figure 2 shows the impact of the network parameters (k, γ ) on vacancy rates. As the number of neighbors rises, there are more vacancies posted. Adding more links to the network increases the number of matchings between workers and vacancies since workers have more potential information sources (contacts). This would imply that rms should post more vacancies. However, for the same reason, the unemployment rate decreases so much that it makes more dicult for rms to nd unemployed workers. Hence, this indirect impact of the connectivity causes that rms post less vacancies. Another result shown on the graph is that the vacancy rate decreases with homophily level. Homophily aects vacancy posting in two ways. First, as homophily rises, good matches occur more frequently while bad matches less frequently. This increases the value of a vacancy since good
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matches produce larger output. Firms have incentives to post more vacancies. Second, as bad matches occur less frequently, the unemployment rate decreases because bad matches are separated at a higher rate than good matches. This means that rms have harder time to nd an unemployed worker and they have less incentives to post vacancies. When α is set to 2, this second eect dominates the rst one and vacancy rates decrease with homophily level.



7.1.2 Simulations on xed networks The model presented in the main text assumes that the network is randomly re-drawn at each instant of time and, consequently, the expected state of the individuals' neighbors in the network can be calculated using the population frequency of states. In this section I simulate the model on xed network to check whether the ndings of the main text hold in this context. On xed network, the model denes a Markov process where every individual moves between three states: unemployment, employment in a bad match, employment in a good match. The transition rates from unemployment to employment can be derived similarly to the job nding rates (5) and (10) while the transition rate from employment to unemployment is equal to the job separation rate. This Markov process is ergodic since every state belongs to the same communication class: an employed worker can lose her job at any instant of time and an unemployed worker may nd any kind of job at any instant of time. Since the process is ergodic a unique limit distribution exists and it is independent of the initial state. Hence, if the simulation is run for suciently long time, the initial state does not determine the long-run simulation results. Statistics derived from the limiting distribution can be estimated taking averages over the simulation if the simulation is run for approximately innite time. I determine the sucient simulation length by running the model from two dierent initial states and checking whether the same values13 are obtained for the statistics of interest from these two simulations. This type of convergence is guaranteed after T = 4.5 ∗ 106 periods. The baseline simulation parameters are the following: α = 2, θ = 3, ω = 0.3, λ = 0.1, N = 1000, πX = 0 − 5, K = 6. The homophily level is changed between 0.5 and 1. The results are shown on Figure 3. The results of the analytical model are conrmed in the simulations. The left panel shows the mismatch created by the market minus the mismatch created by social networks (P rBM /P rGM − N /P r N ). For low homophily values the network creates more mismatch than the market. HowP rB G ever, as the homophily level rises, the network becomes more ecient than the market. For α = 1, γ = 1, the two methods are equally eective. The right panel depicts the mismatch level for dierent values of network connectivity and homophily level. As the network becomes more connected, the mismatch decreases for high homophily values and increases for low homophily levels. These results 13 The



dierence between the two values is smaller than 0.01.
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are in accordance with Proposition 4 and 5 of the theoretical model.



7.2 Figures Robustness I: Endogenous vacancy rate 1 theta=2 theta=4 theta=6 theta=8 0.95
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Figure 1: Numerical solution for the modication with endogenous vacancy rates. Threshold values of homophily for dierent values of market eciency (θ) and separation rate dierence (α).
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Figure 2: Numerical solution for the modication with endogenous vacancy rates. Left panel: mismatch level, right panel: vacancy rate, as the function of number of neighbors k for dierent values of homophily γ . These values are calculated for θ = 4, α = 2
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Robustness II: simulations on xed networks 0.3
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Figure 3: Simulation results on xed networks. Left panel: P rBM /P rGM −P rBN /P rGN for dierent values of homophily level, right panel: mismatch level for dierent number of neighbors. Baseline parameter values: α = 2, θ = 3, ω = 0.3, λ = 0.1, N = 1000, πX = 0.5, k = 6.



7.3 Proofs 7.3.1 Proposition 1 Proof The equilibrium of the model is characterized by the following two equations g(eB , eG ) ≡ (θ(1 − eB − eG ) + 1)λeG − (1 − eB − eG )qG (eB , eG ) =



(22)



(θ(1 − eB − eG ) + 1)λeG − ω(θ(1 − eB − eG ) + (γeG + (1 − γ)eB )(1 − (eB + eG )k )) = 0



(23)



f (eB , eG ) ≡ (θ(1 − eB − eG ) + 1)αλeB − (1 − eB − eG )qB (eB , eG ) =



(24)



(θ(1 − eB − eG ) + 1)αλeB − ω(1 − eB − eG + (γeB + (1 − γ)eG )(1 − (eB + eG )k )) = 0



(25)



where 0 ≤ eG ≤ 1 and 0 ≤ eB ≤ 1 such that eB + eG ≤ 1. Note that the rst equation is equivalent to equation (13) and the second equation is equivalent to equation (14). In several steps I show that a unique equilibrium of the model exists using the properties of the two implicit functions e1B (eG ) dened by g(eG , eB ) = 0 and e2B (eG ) dened by f (eG , eB ) = 0. I state sucient conditions for the existence of a unique equilibrium. First, I analyze e2B (eG ) and show that it is a decreasing function under some conditions. I dene the following implicit derivative:
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∂f (eB ,eG )



de2B (eG ) ∂e = − ∂f (e G,e ) B G deG



(26)



∂eB



I compute the partial derivatives of this equation and show that under some conditions both of them have positive sign. First, ∂f (eB , eG ) = αλ(1+(1−2eB −eG )θ)+ω(1−γ)+(eB +eG )−1+k (eB γ(1+k)+eG (γ +k −γk))ω (27) ∂eB



Here the second and third terms are positive and the rst term is negative for some values of eB and eG , while it's positive for others. The negative term is highest in absolute value when eB = 1, eG = 0. I give conditions on the parameters that guarantee that the partial derivative is positive for every value of eB and eG between 0 and 1 such that eB + eG ≤ 1. First, I compute the second-order derivative of f (eB , eG ) with respect to eB : ∂f (eB , eG ) = −2αλθ + (eB + eG )−2+k k(eB γ(1 + k) + eG (−1 + 3γ + k − γk))ω ∂ 2 eB



This takes the lowest value when eB = eG = 0 where it is negative. If we increase either eB or eG , the second-order derivative rises. It rises more if we increase eB since γ(1+k)−(−1+3γ +k −γk) = (k − 1)(2γ − 1) ≥ 0. Thus, it takes the highest value by eB = 1 and eG = 0 (recall that eB + eG ≤ 1): ∂f (eB , eG ) ∂ 2 eB 



= −2αλθ + kωγ(1 + k)



eB =1,eG =0



We have two cases according to whether this expression is positive or negative. ∂f (eB ,eG ) 1. ≤ 0: the highest value of the second-order derivative is negative, ∂ 2 eB eB =1,eG =0



hence, the derivative is negative for every value of eB and eG . Thus, the rst-order derivative ∂f (eB ,eG ) is decreasing in eB and takes the smallest value by eB = 1, eG = 0. We require the e ∂B rst-order derivative to be positive even by this smallest value. A sucient condition is obtained by substituting eB = 1, eG = 0 to the equation of ∂f (e∂eBB,eG ) : ω(1 + γk) > αλ(θ − 1) ∂f (eB ,eG ) 2. ∂ 2 eB 



> 0: for some high values of eB , the rst-order derivative eB =1,eG =0



∂f (eB ,eG ) ∂eB



is



increasing in eB . Thus the rst-order derivative has an interior minimum dened by ∂f (eB , eG ) = −2αλθ + (eB + eG )−2+k k(eB γ(1 + k) + eG (−1 + 3γ + k − γk))ω = 0 ∂eB



There are many eB and eG values satisfying this equation. Since we are looking for the minimum value of ∂f (e∂eBB,eG ) and that function is increasing in eG , we can choose the solution where eG = 0: ∂f (eB , eG ) ∂eB



= −2αλθ + e−2+k keB γ(1 + k)ω = 0 B



eG =0
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Solving this equation for eB gives: 



e∗B



=



2αλθ kγ(1 + k)ω







1 k−2



Thus, ∂f (e∂eBB,eG ) is minimal by eG = 0 and eB = e∗B . We require this partial derivative to be positive at this value: ∂f (eB , eG ) = ∂eB eB =e∗ ,eG =0 B



2e∗B )θ)



αλ(1 + (1 −



+ w(1 − γ) + e∗k B γ(1 + k)w > 0



Second, I analyze the other partial derivative in equation (26): ∂f (e∂eBG,eG ) . I give some condition which imply that it is positive. I compute the partial derivative and the second-order derivative of f (eB , eG ) with respect to eG : ∂f (eB , eG ) = −αeB λθ + ωγ + ω(eB + eG )−1+k (eB (1 + γ(−1 + k)) + eG (1 − γ)(1 + k)) ∂eG



(28)



∂f (eB , eG ) = (eB + eG )−2+k k(eB (2 + γ(−3 + k)) + eG (1 − γ)(1 + k))ω ≥ 0 ∂ 2 eG



The second-order derivative is positive and the rst-order derivative is thus increasing in eG . I would like to give conditions that the rst-order derivative is positive for every value of eG and eB . It takes the smallest value by eG = 0:   ∂f (eB , eG ) k = −αe λθ + ω γ + e (1 + γ(−1 + k)) B B ∂eG eG =0



Here the rst term is negative while the second is positive. When eB = 0, this expression takes a positive value ωγ . When eB becomes higher, it starts to decrease: it's derivative with respect to eB is ∂ ∂f (e∂eBG,eG ) 



= −αλθ + ek−1 (29) B kω(1 + γ(k − 1)) ∂eB which takes a negative value by eB = 0. There are two possibilities: ∂f (eB ,eG ) 1. ∂eG decreases in eB for all the range 0 ≤ eB ≤ 1 and hence takes the minimum eG =0 ∂f (eB ,eG ) value by eB = 1. This happens when the derivative of ∂eG with respect to eB is negative eG =0



eG =0



for eB = 1:



−αλθ + kω(1 + γ(k − 1)) ≤ 0
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Hence,







∂f (eB ,eG ) ∂eG eG =0



takes the minimum value by eB = 1 and this minimum value should be



positive. The condition for this: ∂f (eB , eG ) = −αλθ + ω(1 + γk) > 0 ∂eG eG =0,eB =1



Since in this case the partial derivative ∂f (e∂eBG,eG ) takes a positive value by it's minimum, it is positive for the whole range of eB and eG . 2. For high values of eB , ∂f (e∂eBG,eG ) increases in eB and thus there is an interior minimum eG =0



of it 0 



e∗∗ B



< 1. This happens whenever the derivative of



positive for eB = 1:







∂f (eB ,eG ) ∂eG eG =0



with respect to eB is



−αλθ + kω(1 + γ(k − 1)) > 0



The interior minimum is characterized by the derivative in (29) to be equal to zero: −αλθ + ek−1 B kω(1 + γ(k − 1)) = 0



Solving for e∗∗ B: e∗∗ B ∂f (eB ,eG ) ∂eG



 =



αλθ kω(1 + γ(k − 1))







1 k−1



is thus positive whenever it is positive by eG = 0, eB = e∗∗ B:



  ∂f (eB , eG ) ∗∗ ∗∗k = −αe λθ + ω γ + e (1 + γ(−1 + k)) >0 B B ∂eG eG =0,eB =e∗∗ B



de2B (eG ) deG



Summarizing, < 0 whenever ∂f (e∂eBG,eG ) > 0 and ∂f (e∂eBB,eG ) > 0. The sucient conditions for this are, as shown above, the following: 1. αλ(1 + (1 − 2e∗B )θ) + ω(1 − γ) + (eB )∗k γ(1 + k)ω > 0 where e∗B is given by:   1 ∗ eB =   



if − 2αλθ + kωγ(1 + k) ≤ 0 2αλθ kγ(1+k)ω







1 k−2



if − 2αλθ + kωγ(1 + k) > 0 1



1 B At the second place, I analyze the properties of the implicit derivative de deG where eB (eG ) is dened by g(eG , eB ) = 0. I show that the conditions just detailed in the previous paragraph are 1 B sucient to guarantee that de deG is negative. This implicit derivative can be expressed as: ∂g(eB ,eG )



de1B (eG ) ∂e = − ∂g(e G,e ) B G deG ∂eB
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(30)



I write down the partial derivative in the denominator rst: ∂g(eB , eG ) = λ(1 + (1 − eB − 2eG )θ) + ω(θ − γ) + ω(eB + eG )k−1 (eG γ(1 + k) + eB (γ + k(1 − γ))) ∂eG



Here the rst term is negative for some values of eB and eG while the second and third terms are positive. Comparing this equation to the expression of ∂f (e∂eBB,eG ) in (27), we can observe that they are almost the same with three dierences: 1. Here the possibly negative rst term is smaller in absolute value than in the equation of ∂f (eB ,eG ) since α ≥ 1. ∂eB 2. The second term, which is positive, is higher here than in the equation of θ ≥ 1.



∂f (eB ,eG ) ∂eB



since



3. Apart from the previous two dierences, the two expressions are the same if we exchange the roles of eB and eG . Previously I showed that under some conditions ∂f (e∂eBB,eG ) is positive for any 0 ≤ eB ≤ 1 and 0 ≤ eG ≤ 1 such that eB + eG ≤ 1. Clearly, the same steps could be carried out here to show that ∂g(eB ,eG ) is positive for the same values, we only need to change the roles of the variables eB and ∂eG eG . Thus, the same conditions that implied that ∂f (e∂eBB,eG ) is positive are sucient for ∂g(e∂eBG,eG ) to be positive since in here the negative term is smaller in absolute value while the positive term is higher, everything else being equal. Next, consider the other partial derivative in (30), it can be expressed as: ∂g(eB , eG ) = −αλeG + ω(γ + θ − 1) + ω(eB + eG )k−1 (eB (k + 1)(1 − γ) + eG (1 + γ(k − 1)) ∂eB



We can compare this expression to the equation of the dierences that



∂f (eB ,eG ) ∂eG



in (28). They are almost the same with



1. the rst negative term is smaller here in absolute value since θ ≥ 1. 2. the second term, which is positive, is higher here again since θ ≥ 1 3. the roles of eB and eG are exchanged. Above I showed that ∂f (e∂eBG,eG ) is positive for any 0 ≤ eB ≤ 1 and 0 ≤ eG ≤ 1 such that eB + eG ≤ 1. Here the same steps could be carried out to show that ∂g(e∂eBB,eG ) is positive only changing the roles of the variables eB and eG in the analysis. The conditions obtained there imply that ∂g(e∂eBB,eG ) is positive since here the positive term is higher and the negative term is lower in absolute value.
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Since both ∂g(e∂eBG,eG ) and ∂g(e∂eBB,eG ) are positive under the conditions detailed above, the 1 implicit derivative deBde(eGG ) is negative. I have shown that f (eB , eG ) and g(eB , eG ) dene two monotone decreasing functions eB (eG ) in the (eB , eG ) space. Now, I demonstrate that they indeed cross. First, I show that e1B (eG ) intersects with the y-axis by a higher point than e2B (eG ). e1B (eG ) is  dened by g(eB , eG ) = 0 and g(eB , 0) = −ω θ(1 − eB ) + (1 − γ)eB (1 − ekB ) . Clearly, g(eB , 0) = 0 by eB = 1: e1B (0) = 1. e2B (0) is dened by f (eB , 0) = (θ(1−eB )+1)αλeB −ω(1−eB +γeB (1−ekB )) = 0. We have that f (0, 0) = −ω < 0 and f (1, 0) = αλ > 0. Since f (eB , eG ) is monotone increasing in eB , we know that 0 < e2B (0) < 1. Thus e2B (0) < e1B (0). Second, I consider the intersections with the x-axis and show that here the order is reversed: 1 −1 [eB ] (0) < [e2B ]−1 (0). [e1B ]−1 (0) is dened by g(0, eG ) = (θ(1 − eG ) + 1)λeG − ω((1 − eG )θ + γeG (1 − ekG )) = 0. We have that g(0, 0) = −ωθ and g(0, 1) = λ. Since g(eB , eG ) is increasing in eG , we have that 0 < [e1B ]−1 (0) < 1. [e2B ]−1 (0) is dened by f (0, eG ) = −ω(1 − eG + (1 − γ)eG (1 − ekG ) = 0. This equation holds for eG = 1, thus [e2B ]−1 (0) = 1 > [e1B ]−1 (0). Consequently, e1B (eG ) crosses the y-axis by a higher point than e2B (eG ) but intersects with the x-axis by a lower point. This implies that the two lines have to cross by some intermediate value. Since the two functions are strictly monotone decreasing, there can only be one crossing point. This is illustrated on Figure 1.



7.3.2 Lemma 3 We dene Pij as the probability that method j ∈ {M, N } (standing for 'Market' and 'Networks') provides an oer of type i ∈ {B, G}. Here we show that the mismatch level of the society can be written as the linear combination of these ratios across the search methods. The mismatch level is given by the following expression:   PBM PBN eB qB 1 PBM + PBN 1 = = = + M = eG αqG α PGM + PGN α PGM + PGN PG + PGN     PGM PBN PGN PBN 1 PBM 1 PBM + N M = µ + N (1 − µ) α PGM PGM + PGN α PGM PG PG + PGN PG



where µ ∈ (0, 1). The rst equality uses the equilibrium relations (13) and (14), the second equality uses that the good and bad arrival rates are sums of good and bad arrival rates by search methods (market and networks), respectively. If the network provides higher expected wage upon arrival than the market, PBN /PGN < PBM /PGM , implying that the mismatch, as the linear combination of these two ratios, is lower than the higher of the two (PBM /PGM ).
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eB



1 g(eB , eG ) = 0



f (eB , eG ) = 0 eG 1



Figure 4: Equilibrium



7.3.3 Lemma 2 N γ + (1 − γ) eeB P rG γeG + (1 − γ)eB G = = N γeB + (1 − γ)eG γ eeB + 1 − γ P rB G



It's derivative with respect to the mismatch level (eB /eG ): 1 − 2γ 



γ eeB +1−γ G



2 < 0



This derivative is negative if γ > 0.5: as the mismatch decreases, the social contacts are more likely to provide good oers. The derivative of the probability ratio with respect to γ is 1− 







eB eG



2



γ eeB +1−γ G



2 ≥ 0



since eB ≤ eG . This derivative clearly increases if the mismatch level eB /eG decreases. Hence, the factors which decrease the mismatch (e.g. market eciency) increase the response of the network wage expectation to the homophily level.
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7.3.4 Proposition 2 Proof (i) We assume that θ = 1, α = 1. We substitute these parameter values into the equations



of the arrival rates (11) and (12). Then we divide the two equilibrium conditions (13) and (14) and we get the following equation: 1 + Qk(γeB + (1 − γ)eG ) qB eB = = qG 1 + Qk(γeG + (1 − γ)eB ) eG



where Q =



1−(1−u)k . uk



Rearranging this latter equality we obtain:



eB (1 + Qk(γeG + (1 − γ)eB )) = eG (1 + Qk(γeB + (1 − γ)eG )) eG − eB + (1 − γ)Qk(e2G − e2B ) = 0 (eG − eB )(1 + (1 − γ)Qk(eG + eB )) = 0



since the second term is always positive, the multiplication can be zero only if eG = eB . This is true for any γ and k. (ii) If we look at the good and bad arrival rates through social contacts in (2) and (7), we can see that if eG = eB , they are equal for any value of γ , u and k. Hence, the network provides good and bad jobs at the same rate.



7.3.5 Proposition 3 Proof First, assume that θ rises. Consider what happens to the two equilibrium equations f (eB , eG )



and g(eB , eG ) as dened in the proof of Proposition. f (eB , eG ) increases above zero. To get back to equilibrium eB or eG has to decrease since both ∂f (e∂eBB,eG ) and ∂f (e∂eBG,eG ) are positive under the conditions of Proposition 1. Hence, the solution of f (eB , eG ) = 0, e2B (eG ) moves downward. On the contrary, g(eB , eG ) becomes lower after an increase of θ when λ < ω . ∂ g(eBθ,eG ) = (1 − eB − eG )(eG λ − ω) which is negative when λ < ω . Thus, eB has to increase to reach a new equilibrium where g(eB , eG ) = 0 and e1B (eG ) moves to the right. Looking at Figure 1, both changes imply that in the new equilibrium eG is higher and eB is lower. Consequently, the mismatch decreases. Second, suppose that α becomes higher. g(eB , eG ) does not change. f (eB , eG ) becomes higher implying that eB has to decrease for the new equilibrium. The loci f (eB , eG ) moves downward. Looking at Figure 1, this causes that in the new equilibrium eB is lower and eG is higher. The mismatch decreases. Third, assume that either θ > 1 or α > 1. This implies that in equilibrium eB < eG since for θ = 1 and α = 1, eB = eG (Proposition 2) and when any of these parameters increases, the mismatch level decreases. Now consider a rise of γ . Since eB < eG , f (eB , eG ) increases because it's derivative with respect to γ is −ω(eB − eG )(1 − (eB + eG )k ) > 0. To get to the new equilibrium eB has to decrease. On the contrary, g(eB , eG ) decreases and eG has to increase to get to the new
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equilibrium. Hence, the loci f (eB , eG ) = 0 moves downward while the loci g(eB , eG ) = 0 moves to the right on Figure 1. These changes imply that eB is lower while eG is higher in the new equilibrium. The mismatch decreases.



7.3.6 Proposition 4 Proof To compare the expected wage of the market arrival and the social networks, we need to



compare the conditional probability that the given search method provides a high productivity job. As we argued in the text, this depends on the probability ratio PGj /PBj , where j stands for the search method (market or network). We can write: PGM =θ PBM γ + (1 − γ) eeB PGN γeG + (1 − γ)eB G = = eB γeB + (1 − γ)eG γ eG + 1 − γ PBN



This latter ratio increases if the mismatch decreases (we showed in the proof of the previous proposition that PBN /PGN was increasing in the mismatch level). First of all, we look at the case when α = 1 and γ = 1. Here the two search methods provides equal expected wages if: PGM PGN eG = ⇐⇒ θ = eB PBM PBN



Now, we see that this exactly is what the equilibrium conditions imply. Looking at the equilibrium condition (??) of the previous proof and substituting α = 1 and γ = 1, we obtain: 1 + QkeB eB = eG θ + QkeG



Equivalently, eB θ + QkeG eB = eG + QkeB eG



Solving this equation for θ, we get that in equilibrium θ = eG /eB . Hence, if α = 1 and γ = 1, the two methods give the same wage expectation and generate mismatch to the same extent. By Lemma 1, we also know that the mismatch in this economy with social network coincides with the mismatch of a pure market economy. When we decrease γ from 1, the performance of the network N decreases because 1. PPGN decreases as γ becomes smaller if eB < eG which is the case when θ > 1 B



N



and 2. as γ decreases the mismatch increases which implies a further decrease of PPGN . Hence, the B market gives higher expected wage and the presence of social networks increases the mismatch in the society when γ < 1. Now, if α increases from value 1, by the previous proposition we know that the mismatch level decreases. This leaves the market expectation unchanged, since it depends only on θ, and
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makes the network arrival more ecient. If the mismatch decreases, PGN /PBN increases. Hence at γ = 1 the network wage expectation is higher than that of the market. If γ decreases, PGN /PBN decreases for the reason explained in the previous paragraph. By γ = 0.5 the market is always more ecient than the network: PGM PGN 0.5eG + 0.5eB = = 1 < θ = 0.5eB + 0.5eG PBN PBM



Thus if γ = 1, the network expectation is higher, for γ = 0.5 the market expectation is higher. Hence, we have that if α > 1, there exists a threshold value of homophily γ where the wage expectations of the two search methods coincide. By the same reasoning we have that γ¯ decreases if α increases: the network expectation gets higher by the higher α since α decreases mismatch. So we nd equal network and market expectations by a lower γ . Lemma 1 implies that when the network gives a higher expected wage than the market, the mismatch level is lower in the economy with social networks than in a pure market economy.



7.3.7 Proposition 5 Proof First, we show that when k increases, both eB and eG rise, so u decreases. When k increases,



both g(eB , eG ) and f (eB , eG ) decrease (they are dened in the proof of Proposition 1). In both of these expressions k appears in the term of (1 − (eB + eG )k ) which is increasing in k, however, it is part of a negative term. Since both g(eB , eG ) and f (eB , eG ) decrease, eB and eG has to increase. Both lines g(eB , eG ) = 0 and f (eB , eG ) = 0 move upward in Figure 1. In the new equilibrium eB and eG are higher. Next, we show that γ¯ is independent of the network connectivity k. We again write the mismatch level as the linear combination of the probability ratios:   PBN eB 1 PBM = µ + N (1 − µ) eG α PGM PG M



N N G where µ = P NP+P M . We know that PG /PB does not depend on k directly, it changes only with the G G mismatch level (eB /eG ). If k increases, only PGN = kQ(γeG + (1 − γ)eB ) reacts: it increases. First, assume that γ = γ¯ and k rises. Fix eB and eG on the right side of the equation. As k rises, PGN becomes higher and µ becomes lower, i.e. the weight on the social network arrival rises. Since by γ = γ¯ , PGN /PBN = PGM /PBM by denition, the mismatch level eB /eG does not change on the left-hand side in the equation in spite of the change in µ. The same should be true on the right-hand side too: eB /eG remains unchanged and this means that PGN /PBN , depending on eB /eG , does not change either. We also know that as k increases, eB and eG rise in absolute value. This makes PGN higher what follows from the proof of Proposition 1. There I showed that ∂g(e∂eBB,eG ) ≥ 0 and
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∂g(eB ,eG ) ∂eG



≥ 0 and the derivative of g(eB , eG ) is equivalent to the derivative of PGN if we substitute



λ = 0 to g(eB , eG ). Since PGN rises, µ decreases again but, just as before, the mismatch level eB /eG



remains unchanged. Hence, the value of PGN /PBN does not change and it is equal to PGM /PBM for the same value of homophily: γ¯ does not change. Second, suppose that γ > γ¯ which implies that PGN /PBN > PGM /PBM . Assume that k rises. The direct eect of this rise is that PGN becomes higher and µ becomes lower. Hence, the weight on the network arrival rises and on the left-hand side eB /eG decreases. The indirect eect of the rise of k also decreases mismatch. First, the decrease of eB /eG makes PGN /PBN higher (see Lemma 2). Second, as k rises both eB and eG becomes higher, this makes PGN to be higher and µ to be lower. The weight on the network arrival increases again making the mismatch even lower. Thus, both the direct and indirect eects of an increase in k make the mismatch level lower when γ > γ¯ . As for the case of γ < γ¯ , a similar argument holds with an opposite sign. Here PGN /PBN < PGM /PBM and an increase in k again leads to a higher weight on the network arrival which this time causes an increase in the mismatch. An increase in the mismatch makes the network arrival even more ineective.
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