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ABSTRACT 
This paper examines the question of the existence of reciprocity in online learning networks. We analyzed 
the response relations between participants in 75 online learning networks at the Open University of 
Israel. Specifically, we asked whether the observed reciprocity of responses can be explained by random 
selection of partners to respond to, or whether a reciprocal selection process of partners is at work. The 
observed reciprocities were compared with a base line network model in which responses are random, 
subject only to the constraint that the total response capacities of actors are fixed. The expected values of 
reciprocities for the baseline model were computed by simulation. In all 75 online learning networks, the 
observed reciprocities significantly deviate from the expected values. The implication is that reciprocal 
selection processes are at work in online learning networks. The selection processes cannot be described 
in terms of the response capacities of actors; other factors are required to fully capture the nature of these 
processes. We discuss a possible theoretical explanation for reciprocity in online networks, based on its 
broadcast nature, and practical implications for online collaborative learning. 
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1. INTRODUCTION 
Online learning envisions the Internet as primarily a communication facilitator among all parties 
involved, and secondarily as a medium for distribution of educational materials [1]. Correspondingly, 
research on online learning relates to educational theory, computers and communication infrastructure, 
design of educational materials, delivery and quality control [2]. The underlying assumption is that 
learners are active agents who are purposefully seeking and constructing knowledge within a meaningful 
context [3-5]. In particular, Dede's theory of distributed learning [6] posits that online learners construct 
knowledge via reciprocal growth of cognitions of members of the learning group. This is a reemphasis of 
Vygotsky's socio-cultural theory [7], that holds that the results of social interactions are internalized in 
individuals’ cognition. Oshima, Bereiter and Scardamalia [8] confirmed the correlation between cognitive 
development and knowledge construction.  For a summarizing review, see [9]. A recent comprehensive 
compendium can be found in [2]. 
 
Individual members of a distributed learning team form an online learning network (or a virtual 
community) of joint intelligence which shares the work during the group’s learning process. What are the 
characteristics such networks? Is an online learning network a social network? Does it maintain various 
types of communication like a small village community or is it a single purpose network, like a trigger 
response gene network [10]? Does it have a distributed or centralized power of influence? Is it cohesive? 
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Some of these questions were studied by analyzing topological features of online learning networks: 
power of influence [11], correlation of power distributions [12], evolution of cohesion [13], the relations 
between cohesion and roles and knowledge construction [14], transitivity structures [14, 15] and time 
variation and media dependence of communication patterns [16]. 
 
Interactions, or resource exchanges, are the driving activities of online learning networks [17, 18]. 
Haythornthwaite et al. [16] noted that the exchanges need not be immediate or one of a kind, but 
participants do expect to be reciprocated in one way or another. Seabright [19] stated that reciprocity is 
one of the two distinguishing features of Homo Sapiens that enable cooperation (the other is the capacity 
for rational calculation). Similarly, Wellman and Gulia [20] defined reciprocity as one of the defining 
attributes of any community. Herring’s Discourse Analysis [21] includes reciprocity as a behavioral 
indicator for the emergence of a community. Schwier [22] "unpacked" the metaphor of community into a 
set of ten elements, one of which is mutuality. Similarly, Chickering and Ehrman [23] incorporated 
reciprocity as one of the "seven principles for good practice in undergraduate education" and emphasized 
its importance in the context of problem-based and constructivist paradigms of learning. Common 
learning environments, e.g., WebCT [24], increasingly incorporate support for reciprocity. But do we 
really have reciprocity in online learning networks? Is it theoretically feasible? We examine these 
questions briefly in the following paragraphs. A more detailed discussion will be presented in section 5. 
 
Reciprocity is common in “real life” social networks of people and animals [25], and of organizations 
[26]. The situation in online networks is less clear. All the reports of which we are aware refer to 
reciprocity indirectly, with conflicting conclusions. For example, Edwards [27] observed that very little 
mutual gain of knowledge was achieved in online discussions due to their low perceived value by the 
participants. Other authors [28] reported that collaborative student learning was unsuccessful, and 
attributed this to a complex, interacting set of factors, including software and perception issues, and that 
the online environment was used as a communication tool for organizing work more than a genuine 
collaborative knowledge-building tool [29].  Other studies [30, 31] reported reciprocal interaction through 
perspective-taking in online discussions. Swan et al. [17, 18] concluded that peer-to-peer interactions 
were perceived by students as one of the most influential features of online courses. Similarly, Wang [32] 
found that reciprocation is one of the major motivations driving individual's contributions in online 
communities. 
 
Network exchange theory [33-37] postulates that actors select their partners: they forge relations with 
someone who has already related to them or someone who is a promising resource and who will probably 
reciprocate. To develop reciprocity, learners have to go through a process of assessment of risks, rewards 
and likelihood of reciprocation. Simulation analysis of the Prisoner's Dilemma game [38] illustrates this 
idea: when two actors don’t trust that their peers will reciprocate, they initially adopt the less risky, lower 
benefit strategy of non-reciprocating; then they may reach a reciprocation state via a series of rounds in 
which they learn the strategies of their partners [38].  Psychology suggests that during the learning period, 
each of the actors develops three entities [39]: ego, other, and the reflective-self, which is awareness of 
ego as the object of one’s own investigation as well as the object of investigations by others [40]. 
  
It is feasible to establish such a learning period in social networks by using pre-existing, rich "wide-
bandwidth" social links. But relations between actors in online learning communities are not rich.  In 
many cases, students rarely meet, and the existence of the network is limited in scope and in time. The 
social links have a narrow bandwidth and this, it seems, reduces the likelihood of reciprocation and makes 
it very difficult to implement a learning period in online networks. 
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Thus, our starting point in this research is to hypothesize that in contradistinction to social networks, no 
reciprocity develops in online learning networks (beyond what develops through random interaction). We 
will test this hypothesis directly on a large set of online networks. The precise formulation of the 
hypothesis is described in the next section. In section 3 we describe the database used in this study. The 
results are presented in section 4, and their meaning is discussed in section 5.  

2. HYPOTHESIS FOR RECIPROCITY IN ONLINE LEARNING 
NETWORKS 

We consider an asynchronous learning network to be one that employs text-based communication. It is a 
broadcast network: any posted message is readable by all members (“actors” in this study). The major 
expectation of actors in such networks is that their messages will be responded to [41, 42], but this does 
not always happen. Thus, response links might or might not develop: A response link is realized from 
actor A to actor B if the number of messages posted by B and responded to by A is above threshold, 
defined in this study as 1.  
 
Reciprocity arises when pairs of actors have a bidirectional response link; that is, they respond to each 
other. In this case, the members of the dyad (A, B) elected to respond to each other (at least once). This 
could occur through random responses to the posters. But it could also be due to some genuine selection 
process, inherent in the responsiveness relation. Our hypothesis is that actors respond at random; the 
observed reciprocity is the result of this random process; there is no reciprocal selection process. 
 
To test this hypothesis we need a baseline model for random response. We note that the ability and 
willingness of an actor to respond are not unlimited. Hence we characterize each actor through two 
integer-variables, counting the total number of actors with whom that actor could create response links, 
and the number of actors who could create response links with the focus actor. These two variables are 
the Response Capacities of the actor. The two series of response capacities of all actors in a network are 
the Response Capacity Sequences of that network. Our baseline model is then defined as follows:  
 
Baseline Model M: Actors randomly select posters to respond to, subject to the constraint that the 
Response Capacity Sequences of the actors are fixed at some values  
 
Formally, we will test the following hypothesis: 
H0: the observed reciprocity of the response relation in online learning network can be explained by the 
baseline model, where the response capacity sequences are fixed at the observed values. 

3. METHOD 
The Open University of Israel is a mixed mode distance learning institute: It combines face-to-face 
tutorials with intensive use of its learning technologies environment, called Opus. Each course utilizes at 
least one online discussion forum, usually over one semester. The objectives of the forums vary – from 
collaborative knowledge construction [14], to social, pedagogical or technical support. There are no 
participation requirements in any of the forums. Accordingly, size, response links and participation 
patterns vary from course to course and from semester to semester.  
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Figure 1: Characteristics of online learning networks analyzed in this study 

 
In this study, we selected 75 online discussion forums at random for analysis. The only criterion for 
selection was that the number of participants (those who post at least one message during the semester) is 
above an arbitrarily-selected threshold of 10. Each of these forums is an observed network: as stated 
above, a response link is defined to exist from actor A to actor B if the number of messages posted by 
actor B and responded to by actor A was above the threshold defined in this study as 1. Each actor is thus 
characterized by his or her total response capacity, which is the total number of response links from that 
actor. Each network is then characterized by its total response capacity, which is the sum of the response 
capacities of its actors. The distribution of the sizes (number of actors) and the total response capacities of 
the networks is shown in Fig. 1. In the figure, each point represents one network. 
 
We see that the size of the networks ranges from 10 to 160, and the total response capacity ranges from 
40 to 350. There is no clear relation between these two variables, except that the total response capacity 
links increase with network size. 
 
We tested hypothesis H0 for each of the 75 observed networks as follows. For each observed network we 
created, by simulation [43], an ensemble of 1000 networks that obey the baseline model. For each 
network in the ensemble we calculated the number of reciprocal dyads. The average of these numbers is 
the expected number of reciprocal dyads according to the baseline model. We then calculated the fraction 
of the ensemble networks with reciprocal dyads above and below the observed value. If either of these 
fractions is smaller than the significance level of 0.01, the hypothesis is rejected for the particular 
observed network. Otherwise the hypothesis is accepted. 

4. RESULTS 
Fig. 2 presents the numbers of observed reciprocal dyads and the expected values of such dyads according 
to the baseline model. It is clear that the observed values are substantially above the expected values. In 
all the observed networks the H0 hypothesis is rejected, at p < 0.01. The observed reciprocities cannot be 
explained by the baseline model. Fig. 2 also shows “95% upper bounds” for the number of reciprocal 
dyads created by the baseline model. Any value above this “bound’ has a likelihood of only 5% or less of 
appearing in the ensemble of the baseline model. From Fig. 2 we see that that all the observed values are 
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above this upper bound. 
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Figure 2: Online Learning Networks: Observed reciprocal dyads and expected M3 model values 

 

One may wonder if the observed reciprocities are “real effects”; that is, whether they are larger or smaller 
than values observed in similar-sized social networks.  We have calculated a Reciprocity Index [44] for 
all our online learning networks and for a set of social networks analyzed previously by other scholars 
[45-48]. The Reciprocity Index for a network is the ratio of the reciprocal response capacity to the total 
response capacity; that is, the ratio of the number of reciprocated response links to the total number of 
response links. Other definitions exist [49, 50].  The distribution of the reciprocity indices for both sets of 
networks are presented in Fig. 3 
 

          
Figure 3: Reciprocity Indices for Online Learning Networks (left) and Social Networks (right) 

 

We see that reciprocity indices in the online learning networks are the same size as in social networks, 
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although they seem to be somewhat lower and more homogeneous. In any case, they are not substantially 
different. Thus, reciprocity is a real effect. The exact shapes of the distributions warrant closer 
investigation. These and other comparative analyses will be dealt with elsewhere. 
 

5. DISCUSSION 
Actors in a network obeying the baseline model have freedom to respond to any poster, subject to their 
fixed individual response capacities. In this model, the selection mechanism of an actor considers its own 
response capacity as well as the response capacities of the posters before selecting a poster at random to 
respond to. This mechanism not sufficient to explain the observed values. This could mean that some 
reciprocity mechanism is at work.  
 
Having established the possible existence of reciprocal exchange mechanism, we now turn to the question 
of its emergence in online networks. To establish a reciprocal dyad, its actors need to go through a 
learning period during which they develop the three psychological components of a reciprocal dyad. How 
can this happen in narrow-band online learning networks? These networks use a broadcast 
communication mechanism – posted messages are readable by all – so actors learn relatively quickly who 
is and who is not a potential reciprocator. The learning period is thus shortened.  Moreover, actors 
develop their ego via their postings: postings are their "public appearances"; they exhibit their own 
behavioral aspects, such as providers of support or technical advice [51-53], and they attract respect from 
others. In addition, actors realize that they have to contribute, and possibly to reciprocate, in order to gain 
anything at all. This leads to the development of the reflective-self component and to the awareness of the 
other. Finally, interaction and reciprocation are facilitated by the current online communication 
environment. All these considerations led Wellman and Gulia [20] to conclude that reciprocity is indeed 
feasible in online communities. Their conclusion is supported by this research. 
 
Reciprocity does not come without a price. The personal view of an actor in a broadcast environment is 
that the most efficient way to gain social capital is to do nothing. Thus the basic tendency of actors is not 
to respond at all, let alone reciprocate. Certain design features must be in place to provide responsiveness. 
The usual procedure is to assign the role of a major responder to one of the actors, usually a Tutor. This 
leads to the most common type of online learning network – the Q&A forum. Reciprocity in this case 
implies that students prefer to respond to the Tutor than to their peers. Developing a true distributed 
learning mode is difficult. The remedy is to distribute the roles of responders among a set of actors. 
Moreover, developing reciprocal dyads comes at the expense of developing more complex structures, 
such as transitive triads or interconnected cliques, which facilitate constructing knowledge by consensus 
[54, 55]. If the goal of the online learning network is indeed knowledge construction, then suitable 
collaborative features – positive interdependence – [56, 57] should be designed into the network. This fact 
was demonstrated in a small-scale case study [58, 59], and will be expanded in forthcoming research. 
 
This research focused on reciprocity. Reciprocity is only one characteristic of complex networks. There 
are many others: transitivity, clustering, degree and power distribution, and cliquishness, to name a few. 
Some of these features affect the behavior of various types of networks. For example, transitivity was 
found in Social Networks and in gene networks [10, 60]. Certain degree distributions (the so called “scale 
free" distributions [61]) characterize a large number of extremely large networks [62, 63]. These network 
effects are all interdependent, and can be incorporated into a more general analysis using parametric 
models, such as p* [64, 65] or biased net models [66]. Such comparative global analyses are required in 
order to answer the fascinating question: What type of networks are online learning networks? 
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