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Abstract. Mentoring is an important part of professional development and 

longer-term learning. Designing, developing, and evaluating systems to support 

mentoring in such learning domains requires significant investment in time and 

financial resources. In this paper we suggest various important features to con-

sider when designing such systems and propose the use of simulation as a cost-

effective method for evaluating mentoring system design decisions including 

knowing what learner attributes to model, understanding the learning context, 

and what system characteristics to develop, among many other decisions. To il-

lustrate our arguments, we discuss how to simulate a real world longer-term 

mentoring setup, a doctoral program, and show how the simulation can shed 

light on the supervisor-student mentoring contextual relationship which in turn 

can inform mentoring system design decisions. 
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1 Introduction 

In this paper, we will explore two important aspects of developing technology to sup-

port mentoring, namely contextual understanding and system evaluation. As technol-

ogy becomes ubiquitous, it offers an opportunity for AIED researchers to explore 

ways of supporting lifelong learning and mentoring [1]. Designing, developing, and 

testing such complex systems that can participate in a longer-term mentoring process 

requires significant investment in time and financial resources. A major question to 

ask is how do system designers inform and evaluate the prototype system designs that 

are meant to support mentoring over the long term? We advocate for the use of simu-

lation for the purposes of exploring and testing system designs. Simulation can be 

used to accept or reject various hypotheses about the system in a cost and time effec-

tive manner. 

We will illustrate our discussion with a case study of how to use simulation to an-

swer various hypothetical questions about a formal, longer-term mentoring environ-

ment, a doctoral program. Doctoral supervision like most other supervision in formal 

and informal settings is widely viewed as a unidirectional endeavor where the super-

visor actively passes knowledge to a supervisee. However, the supervisory process 

actually provides an opportunity for the supervisor and supervisee to learn from each 
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other [2]. As such, supervision forms the basis for reciprocal learning. Just as in other 

professional development where training to acquire relevant skills takes years, doctor-

al supervision is an example of mentoring process in a formal setting that happens 

over a relatively long period of time. 

The rest of this paper is organized as follows: section 2 presents related work in the 

fields of mentorship and simulation; section 3 discusses mentoring issues in long term 

learning environments such as a doctoral program; section 4 discusses our case study 

of simulating a doctoral program; and section 5 concludes the paper. 

2 Related Work 

2.1 Mentorship and Mentoring Systems  

Mentorship is a deliberate process where more knowledgeable and often mature indi-

viduals in a specific field or profession encourage novice individuals to acquire rele-

vant knowledge and develop appropriate skills [3]. Mentoring exists in all walks of 

life. For example, the relationship between PhD students and their academic supervi-

sors [4], or the relationship between apprentices and master craftsmen, can be consid-

ered as instances of longer-term mentoring relationships. Short-term mentoring rela-

tionships include cases such as the peer review process where there exists a relation-

ship between authors of scholarly work and reviewers [5] or the relationship that exist 

amongst students who help each other out or collaborate (peer mentorship) [6], [7].  

 Minor [8] argues that group peer mentoring is the most cost effective approach 

because it takes advantage of perceived trust among peers and willingness to receive 

feedback from individuals considered to be on the same level of knowledge. Howev-

er, for an effective peer mentoring process, there is need for a more knowledgeable 

and experienced individual in the mix and formal structures can be useful [6]. For 

example, in a learning institution, the participation of both faculty and students is 

paramount for the success of group peer mentoring. Other factors that affect the quali-

ty of the mentoring relationship and hence the effectiveness of mentoring include 

differences in expectation, miscommunication, lack of appreciation of each party’s 

circumstances, and trust [9]. These are not dissimilar to factors affecting doctoral 

supervision especially where trust and communication (through feedback on written 

drafts and other issues) between doctoral students and their supervisors is important 

[10], [11]. 

 Mentoring can take different forms including one-to-one, one-to-many, many-to-

one, peer group, and many to many [12]. In addition, mentoring can either be classi-

fied as informal or formal [13]. Friendships and professional acquaintances form the 

basis of informal mentoring where a more knowledgeable (expert) individual agrees 

with no formal arrangement to mentor a novice; hence, there is self-selection of men-

tors and mentees [14]. This spontaneous kind of arrangement is long-term and is 

based on an extension of an existing relationship between two individuals. Further, 

goals and outcomes of the mentoring process are not time-bound. On the other hand, 

formal mentoring relationships are established in the context of an organization in a 

matchup between a mentor (expert) and a novice [13], [14]. In addition, most formal 
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mentoring relationships are short-term, often lasting less than a year (although some 

formal mentoring relationships can last many years, as in doctoral supervision). As 

such, objectives and outcomes are specified and are time-bound. Another difference 

between formal and informal mentoring has to do with effectiveness. According to 

[13], [14], informal mentoring is much more effective than formal mentoring because 

novices receive greater benefits and overall satisfaction in an informal relationship. 

Some of the reasons for this phenomenon include lack of self-motivation and the 

short-term nature of formal mentoring relationship [14]. Therefore, it is important for 

professional organizations to incorporate aspects of informal mentoring into their 

formal mentoring processes. 

Several systems have been developed that support mentoring including [15]–[17]. 

While [15] introduces a mentorship framework for serving short-term mentorship that 

exist between peer reviewers (mentors) and scholarly authors (mentees), myPAL [16] 

is a virtual mentor serving in a longer-term mentorship scenario – a 5 year medical 

undergraduate course. The structure of the program is based more on professional 

values found in clinical settings and less on course-based curriculum. Therefore, in 

such contexts, it is important to focus on aspects geared towards fostering learners to 

achieve and complete major milestones as opposed to fine-grained course-work level 

curriculum details. This is also true for our work on the supervisor-student mentoring 

relationship in a doctoral program. AutoMentor [17] is a web-based ecological men-

toring game that support students learn about urban planning and how to handle vari-

ous stakeholders interested in and competing for land use. The goal of AutoMentor is 

to mentor students to respond to inquiries in a professional manner.  

2.2 Using Simulation to Understand and Evaluate Systems  

There are two types of system evaluation: formative and summative. A system de-

signer would perform a formative evaluation early on during the system design and 

development. It is performed to identify and correct design and development issues 

including misconceptions about the potential impact of the designed system. By con-

trast, summative evaluation is performed when the system development has been 

completed. It is aimed at providing evidence that formally supports the behavior and 

effect of using the implemented system. Recently, Greer and Mark [18] have revisited 

the idea of evaluation techniques for ITS systems. They discuss new evaluation ap-

proaches that have come to light, even though the approaches they described in their 

first paper [19] are still in use. In their view, the evaluation techniques that hold the 

greatest promise now include: use of crowdsourcing, comparing kappa scores and 

human experts, using simulated learners, washing out bias, examining learning 

curves, and using educational data mining and learning analytics. 

Designing and developing systems to support longer-term mentoring is tasking and 

it takes a long time to evaluate them. The designers not only need to know what sys-

tem features to develop, but also must understand the learning context in which the 

system will be used. The question then is how can mentoring system designers ex-

plore and test the impact of various system components in an effective and timely 

manner? We propose the use of simulation: a complete simulated environment with 
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both mentors and mentees. Such simulation will allow system designers to evaluate 

many features and their impact in a reasonable time frame without subjecting human 

mentors and mentees to unfavorable conditions. 

 Pioneering research work on the use of simulation in the context of learning [20] 

identified three uses of simulation and simulated learners: (i) formative evaluation of 

instructional systems, (ii) the use of simulated learners to act as peer learners, and (iii) 

the use of simulated learners as test-bed for teachers to explore the impact of their 

new teaching techniques before using them on human students. Following up on (ii), 

this paper paved the way for subsequent research on the use of pedagogical agents 

that are aimed at improving human learning outcomes through fostering motivation 

and engagement [21]. Recently, there has been some work following up on (i).  

Simulation model fidelity is an issue that arises when using simulation to study re-

al-world phenomena; it refers to the measure of similarity a model has to the natural 

phenomenon it represents [22]. There are three model fidelity levels: high fidelity that 

refers to use of high number of fine-grained observed data points to inform a simulat-

ed agent behaviour; medium fidelity where a simulated agent model is informed by a 

coarse-grained level of data; and low-fidelity where data to inform agent behaviour is 

determined arbitrarily. SimStudent [23] is a high fidelity simulation of an algebra 

student that has been used to test and validate aspects of the algebra cognitive tutor. 

SimStudent has been used to explore the differences between learning by tutoring and 

learning by teaching in addition to developing accurate theory of learning [24]. In 

another study, Epp and Makos [25] have proposed the use of simulated learners and 

simulated learning environments as a suitable technique for validating and evaluating 

ITS designs for special education learners. Erickson et al. [26] similarly used simulat-

ed learners and a simulated environment to explore the ecological approach learning 

system architecture [27]. In addition, simulated learners have been used to generate a 

simulated dataset (synthetic data) which can then be used to evaluate various ITS 

designs [28] and student modeling techniques [29]. Still other researchers have ex-

plored the use of simulated learners to optimize and moderate peer group assessment 

[30].  

3 Longer-Term Mentoring System Design Issues 

In our view, doctoral supervision is an excellent example of a longer-term formal 

mentorship that has the potential to incorporate a wide range of informal mentorship 

features. Doctoral programs are complex social environments made up of many het-

erogeneous stakeholders among them students and their supervisors. Attrition rates, 

completion rates, and time-to-completion are important factors that impact students’ 

learning experiences and satisfaction [31]. High attrition rates and lengthy time-to-

degree are costly to the learning institutions and students respectively. Studies show 

that among that factors that affect time-to-degree and attrition rates are a sense of 

learning and supervisory style [4], features analogous to peer mentoring and expert-

novice mentoring respectively. Developing a mentoring system to support learning in 

a doctoral program requires an understanding of its functionalities and its stakeholder 
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behaviours. So, in our explorations of the doctoral program we will be concerned 

especially with the effects of various policies on time-to-degree and attrition rates. 

In designing mentoring systems, it is important for a designer to model the roles of 

system stakeholders clearly. The concept of a role is fundamental in understanding 

and modeling the activities taking place in a given learning environment or profes-

sional organization. A role is defined as a conceptual representation of a stakeholder’s 

collection of established behaviour and functions that have observable features [32], 

[33]. In the doctoral program, it is most critical to model two types of roles: played by 

students and supervisors. 

 Personalization of learning support has been one of AIED’s most central research 

objectives. Studies attest that personalization improves learners’ attainment of learn-

ing goals. As such, personalization [34], [35] is important in promoting effective and 

efficient learning in these longer-term learning domains. The key is the one-to-one 

relationships between learners (mentees) and the source of their support (mentors); 

more specifically how the support styles are in accordance with learners’ learning 

styles and preferred support styles [36]. This suggests that an interesting question to 

explore in a doctoral program is the effects of matching various kinds of supervisors 

to the various kinds of students. 

A study by Heath [37] shows that the most important factor in the success of doc-

toral mentorship is not the format (one-to-one or many-to-one) but rather the quality 

of the supervisor-student (mentor-mentee) relationship, with the supervisor having a 

far more crucial role to play in fostering, encouraging, and supporting the student 

through regular supervisor-student meetings [37], [38]. However, one major challenge 

is maintaining a regular or even a frequent enough meeting schedule [37], [39]. Thus, 

it will be interesting to explore the impact of various meeting frequencies between 

supervisors and students. 

 Learners take on learning endeavors for a myriad of motivational reasons. Related-

ness, a sense of belonging to a community, affects such motivations and individual’s 

performances [40]. These studies [41], [42] show that in different learning environ-

ments learners that feel supported and respected by their teachers and their family are 

more likely to demonstrate natural inquisitive tendencies and desire to learn new 

skills. In a doctoral program the number of other students supervised by the same 

supervisor could indirectly affect a given student’s relatedness because of demand for 

shared supervisor’s time. So, investigating supervisor workloads is an important issue 

to explore. 

Central to the success of personalization is the modeling of all key elements in a 

learning environment [43]. Personalization requires attentive modeling of learning 

stakeholders (learner, mentors), learning resources (learning objects), and the learning 

environment. Correspondingly it will be important in a doctoral program to explore 

issues involving the learning environment, not just the stakeholders. 
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4 Simulating a Doctoral Program 

In this section we will briefly introduce our simulation model of a doctoral pro-

gram, complete with simulated students, simulated supervisors, and a simulated doc-

toral environment based on the University of Saskatchewan doctoral program. Our 

goal is to provide a case study that illustrates how simulation can be used to explore 

questions such as those discussed in section 3. The simulated doctoral program is 

called SimDoc and its conceptual model is illustrated in Figure 1, below.  

 
Figure 1. SimDoc’s Conceptual Framework. Its Three Element Types, and their Interaction 

Patterns 

 

We used the notion of normative model to capture and model important features 

about the doctoral program that would directly impact hypotheses we care about. 

There are agent models of the two stakeholders we are modeling: supervisors and 

learners. The milestone element models important goals a doctoral learner must ac-

complish to complete their doctoral program. The event element triggers expected and 

arbitrary events that occur in doctoral studies. 

We built a medium-level fidelity simulation model primarily based on data from a 

real-world doctoral program, (at the University of Saskatchewan – UofS) and data 

drawn from studies in the literature for those attributes whose information is not 

available from the UofS dataset. The diverse nature of these studies allows for the 

capturing of a broad spectrum of doctoral students’ behavior. The details of the simu-

lation model and how it was informed and calibrated are available our AIED 2018 

paper [44] 

After building SimDoc, to validate it we calibrated its output to match that of UofS 

doctoral program. This process consisted of 500 simulation runs; the best run gave us 

a 93% similarity confidence level. We then ran proof-of-concept experiments examin-

ing two notions: first, we explored whether the way supervisors are assigned learners 

made a difference in completion rates and time-to-degree; second, we focused on the 
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impact of different supervisory workloads on learners’ time-to-completion and attri-

tion rates. The results showed that, in fact, the way learners are assigned to supervi-

sors and supervisors’ workload affect students’ time-to-degree and attrition rates. 

However, based on an independent-sample t-test, p = 0.72, the differences among the 

different conditions were not significant. These results are preliminary, but we believe 

fulfill the first objective of the research: to demonstrate an approach to designing, 

building, validating, calibrating, and experimenting with a simulation model repre-

senting a longer-term learning environment.  

5 Conclusion 

In this paper, we recognize challenges system designers would face in designing, 

developing, and testing systems for supporting longer-term mentoring. Further, we 

have identified important features that virtual mentor system designers should consid-

er. These include (i) focusing on major milestones or processes that affect mentees 

and not fine-grained curriculum content; (ii) modeling and differentiating the concept 

of roles for a mentor and mentee; (iii) providing the ability for a virtual mentor to 

build rapport with mentees and establish learners’ motivation in engaging in a learn-

ing endeavor; (iv) providing the ability to track, react to, and participate in off topic 

conversation in order to gain more information and establish trust and greater under-

standing of the learners.  

Using a doctoral program as an example case study, we have briefly shown how a 

designer can be guided by these features to design a simulation for the purposes of 

exploring various pedagogical hypothesis (see [44] for detailed description). Note, the 

desired level of simulation model fidelity, issues to be explored, and availability of 

data to inform and calibrate determines the level of modeling required. In the case 

study, we ran an experiment exploring the effect of supervisor workload. The results 

showed that workload in fact had an impact on learners’ time-to-completion and attri-

tion rates; however, the difference was not significant. This first experiment had at 

least one shortcoming, that is, we didn’t consider the differences in supervisory style 

and learners’ desired supervisory style. In the future we plan to explore the effect of 

supervisors’ type vs. student type on graduation and drop rates. The objective is to 

study how effective various supervisory styles would be in the learning outcomes of 

different types of students. 

Our most important overall contribution was that we demonstrated why simulation 

is a useful tool in the toolkit used by a system designer especially when designing 

systems to support longer-term learning endeavors. As more and more researchers 

focus on supporting long term professional development and lifelong learning men-

toring [45], the use of simulation for evaluation and exploration studies will be criti-

cal. 
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