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parison of a rule-based heuristic and a linear programming model for assign
tees and mentors in a women in technology mentoring programme

h E. Marshall, Mahsa Mohaghegh

Defines a rule-based heuristic that provides a simple and easily understandable way to m
mentees and mentors

Demonstrates that the proposed rule-based heuristic performs almost as well and faster t
the linear programming model

Demonstrates that when applied to data from a real-life women in technology mento
programme, the proposed approaches outperform the original manual approaches to matc
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tract

en remain significantly underrepresented in the fields of science, technology, engineering
ematics (STEM), but positive mentoring relationships can help mitigate the challenges t
when studying and working in these areas. To support female university students in ST
uckland University of Technology (AUT) established the Women in Tech mentorship
me in 2019. Initially, the matching of mentees and mentors was achieved manually, bu
rogramme’s popularity grew, this process became increasingly time consuming. This st
esses the challenges associated with assigning mentees to mentors by automating the matc
ess based on mentee and mentor attributes. A rule-based heuristic is proposed and compa
a linear programming (LP) approach. Numerical experiments were conducted to eval
erformance of these algorithms across various scenarios. The rule-based heuristic provid
le and easily understandable way to allocate mentees and mentors that performs nearly as
optimal matching provided by the LP approach. Applying these algorithms to real data f
UT Women in Tech mentorship programme, it was found that they outperformed ma
hing in several performance metrics.

ords: Mentoring, Linear Programming, Heuristics, Women in Technology

ntroduction

niversities and other academic institutions have begun developing projects and seminar
urage more female undergraduate students to pursue science, technology, engineering,
ematics (STEM) careers. Despite these efforts, there continues to be a shortage of qual
ers in the STEM sector (O’Rourke, 2021). The secret to innovation and economic advancem
ersity (Bokova, 2017), with over 85% of respondents in a Forbes survey of 321 executives f
corporations agreeing that diversity in the workforce is crucial for creativity (Weathers, 20
tionally, it has been found that teams with an equal mix of men and women typically gene
more income (Weathers, 2011). Therefore, encouraging young women to work in STEM fi
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neficial to society as a whole. Finding the factors that motivate young women to pursue ST
rs is the first step to ensuring that they enter these fields. Further, recognising the challen
young women face in STEM education and careers allows a better understanding of w
are limitations in STEM programmes and systems and how to inspire young girls and wo
rsue careers in STEM.
n the contemporary world of business, the establishment of strong mentoring relations
nsidered indispensable because they provide and lead to valuable personal and professi
th (Bjursell and Florin Sädbom, 2018). Acknowledging the inherent worth of mentorship
mentors and mentees holds great significance in a dynamic work environment. Fosterin
oring culture enables organisations to actively encourage collaboration, knowledge sharing
nuous learning among workers and teams. Further, mentoring programmes play a crucial
e development and success of high school students, university students and individuals in
place. While mentoring programmes for each of these different groups differ in focus, they
the purpose of guiding and supporting mentees towards their goals.

t is with these factors in mind that the Auckland University of Technology (AUT) Wome
mentorship programme was established in 2019. This programme aims to support stud
UT who identify as women to study STEM subjects. At the beginning of each semes
ective mentees and mentors are asked to complete an online expression of interest form.
ees, this includes providing information such as their year, programme and subject of st
rred gender of mentor and their reasons for wanting to participate in the programme.
ors, this includes providing information such as their gender, programmes and subjects
ligned with their expertise, whether they are working in academia or industry, a brief biogra
their reasons for wanting to participate in the programme. After this initial expressio
est, each mentee is matched with a mentor. Ideally, all mentees are assigned a mentor,
mentor is assigned a maximum of one mentee. Currently, the process of assigning mentors
ees is performed manually based on three principles (listed in order of priority): 1) students
ned a mentor of their preferred gender; 2) first-year students are assigned academic men
second-year students and above are assigned industry mentors; and 3) students are assign
or who is aligned with their programme and subject of study. Other information is consid
case-by-case basis. When the programme began in 2019, there were 15 mentees and

emic mentors. In semester 2, 2021 this had increased to 31 mentees and 32 mentors
academia and 16 from industry). While still relatively small, the programme is projecte
ase over the coming years. The current matching process is undertaken by an administra
member using a series of spreadsheets and is very time consuming, frustrating and pron
an error.
his study aims to improve the efficiency and effectiveness of the mentee/mentor assignm
esses by automating the matching of mentors and mentees. Two approaches are presen
atching mentees and mentors: a rule-based heuristic, and a linear programming (LP) mo
rule-based heuristic attempts to replicate the current manual process and provide an ea
rstandable method for allocating matches. The LP approach, which provides an opt
ion, is primarily used in this study to assess the performance of our proposed rule-ba
istic. The motivation for introducing a rule-based heuristic, rather than relying on an opt
ion from the LP model was the need to provide an easily interpretable and implement
ion.
oth approaches were designed with the AUT Women in Tech mentorship programme in m
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essing features particular to this program, such as the treatment of gender preferences. H
to maintain the relevance of this work to other mentoring scenarios, the models are presen
is paper in general terms initially, with problem-specific details added when the models
ed to the AUT Women in Tech mentorship programme.
he remainder of this article is structured as follows. Section 2 discusses the relevant literat
on 3 states the problem that the LP model and rule-based heuristic will address, and introd
otation used in subsequent sections. Section 4 discusses the LP model, and Section 5 discu
ule-based heuristic. Section refsec:example presents an example to illustrate the rule-ba
istic and LP approaches, and then Section 7 compares the two approaches using a serie
erical experiments. Section 8 applies the two approaches to real data from the AUT Wo
ch mentorship programme and Section 9 concludes the paper.

iterature Review

Women in STEM

f all bachelor’s degrees in STEM subjects in the United States in 1980, 37.2% were awarde
en (Sassler et al., 2017). By 2010, this increased to 50.3% (Sassler et al., 2017), indicatin
asing trend in women studying STEM subjects. However, the same trend has not been obser
e workforce, with women still being underrepresented in most STEM fields, particularl
uter science and engineering (Sassler et al., 2017). Figure 1 (taken from an article wri
he United States Census Bureau by Martinez and Christnacht (2021)) presents the percen
omen in the workforce in various STEM fields from 1970 to 2019. In addition to the
ntages of women in computing and engineering (Figure 1), it is also concerning that there
declining participation of women in the computing workforce since the 1990s.
revious studies have attempted to identify the reasons for this gender disparity, with so
cultural expectations (Patterson et al., 2021) and a lack of role models, particularly in se
ions (Onuma et al., 2022; Patterson et al., 2021), being identified as contributing fact
n the importance of diversity in the workforce (see Section 1), increasing the representatio
en in STEM is crucial for the benefit of society in general.

Mentoring

entoring programmes provide an opportunity to promote the engagement and retentio
en in STEM. Research consistently highlights the multifaceted benefits of mentoring relat
, particularly for women in STEM (Amelink, 2009); for example, it improves career deve
(Cross et al., 2019), increases a sense of belonging and self-efficacy (McClain et al., 2021),
ases drop-out rates of university students in STEM subjects (Kricorian et al., 2020; Za
., 2022).
entoring programmes are integral to the growth and success of individuals at different st
ucation and career development. At high school level, mentorship initiatives play a cru
in aiding students with their post-secondary planning, offering support for decisions rel
rther education or vocational training and personal development (Ahmed et al., 2021).
rsity students, mentorship schemes focus on academic and career progression, assisting w
se and major selection, and securing internships, thereby facilitating informed decision-mak
orking, and skills development (Avecilla et al., 2023; Rehman et al., 2022 Jul-Aug). Workp
oring programmes are designed to bolster career development in the professional realm

3
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Figure 1: Percentage of women in STEM jobs from 1970 to 2019 (Martinez and Christnacht, 2021)

ing guidance on role-specific skills, industry knowledge, and advancement strategies (Bar
., 2017). Despite these differences in focus, all types of mentoring programmes share
on goal of guiding and supporting mentees towards achieving their unique goals.
he success of mentoring programmes hinges on effective pairing between mentors and ment
ment in areas such as shared interests, professional goals, personality traits, and te
earning styles is crucial for fostering productive mentoring relationships (Bielczyk et al., 20
importance of compatibility in the mentoring relationship highlights the need for a structu
deliberate matching process.
eng et al. (2022) conducted a qualitative study that identified effective strategies for pra
rs to enhance the efficacy of formal mentoring programmes. The study provides three prac
mendations for matching mentors and mentees: 1) prioritise deep-level similarities; 2)
the developmental needs of the mentee; and 3) seek input from both mentors and ment
et al. (2020) developed a framework for matching mentors and mentees based on criteria
-level similarity. Poulsen (2013) highlights the potential learning opportunities from mento
rammes for mentors, organisations and society. The article emphasises the importance o
shing clear expectations, setting goals and establishing rules of engagement for collaborat
ett et al. (2017) identify the following three key attributes for positive mentoring relat
: 1) active engagement from both mentor and mentee; 2) effective communication betw
entor and mentee; and shared interests between the mentor and mentee. Using regres
sis and considering factors such as academic field, prior research productivity and acade
rience, Hoenen and Kolympiris (2020) explored the effect of informal mentoring relations
e research productivity of early-career scientists at the National Science Foundation. T
ngs suggest that early-career scientists who have connections to academic insiders (academ
two-year secondment with the National Science Foundation) are more likely to secure rese
ing and achieve higher publication output.
agler and Rhodes (2018) studied the benefits to young people of a natural mentoring con

4
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that is, a relationship with a caring, non-parental figure who provides support and guida
loying counterfactual analysis, a quasi-experimental design and controlling for potential
ding variables, Hagler and Rhodes (2018) estimated the causal effect of natural mento
ections, highlighting the importance and lasting influence of such a connection. Their an
emonstrates that individuals who had a natural mentor during their adolescence or emer
hood reported higher educational attainment, increased engagement in volunteer work,
ger number of close friendships compared with their peers who did not have mentors. Co
ctual analysis, a quasi-experimental design, is employed to estimate the causal effect of
oring intervention while controlling for potential confounding variables.

Assigning matches

he well-known and well-studied issue of allocating tasks or people in one group to individ
other group is known as the assignment problem (Burkard et al., 2009). The assignm
lem can be formulated as a weighted maximum matching problem for bipartite graphs and
lved using the Hungarian method in strongly polynomial time (Kuhn, 1955). Open-so
ementations of the Hungarian method are available via the LEMON Graph Library (2018
he assignment problem is also a well-known special case of the transportation problem,
be formulated as a linear programme (Burkard et al., 2009). In this approach, there
rd (cost) associated with allocating each pair of individuals, and the objective is to select
hes that maximise (minimise) the total reward (cost) obtained. Typical constraints involve
mum number of tasks assigned to each individual. The assignment problem and the broa
of matching problems have been well-studied in the literature (for further details see Lo
Plummer (1986); Burkard et al. (2009); Moghaddam (2016)).
he concept of stability, introduced by Gale and Shapley (1962), is an important considera
tching problems and is widely discussed in the literature. The stable marriage problem invo
ng matching between two sets of individuals, in which there is no pair in which both pr
bers of another pair (Gale and Shapley, 1962). Recent work in this area has explored impro
ion time (Pettersson et al., 2021); quotas (Gale and Shapley, 2013; Ágoston et al., 2022);
ston et al., 2022; Pettersson et al., 2021) and applications of the stable marriage problem
disciplines (Fenoaltea et al., 2021). The issue of stability is not relevant in our applica

use in our motivating case, matches are assigned rather than chosen, and furthermore, men
mentors do not have the visibility of all available mentees/mentors. Thus two particip
d have no way of knowing whether there is someone else they would prefer. The short-t
e of the mentoring programme (several months) also reduces the potential practical implicat
unstable match.
everal previous studies have used similar LP models to assign mentees and mentors.
ple, Biró and Gyetvai (2022) used a mixed integer linear programming (ILP) model to as
ee/mentor pairs and study-groups to support students studying online during the early st
VID-19. Similar to our study, Haas and Hall (2019) examined a university-based mento

ramme that aimed to support women seeking to enter the computing industry. The prob
signing mentors to mentees is closely related to other matching problems, such as assig
iage partners (Cao et al., 2010); referees to conference papers (Garg et al., 2010); hosp
residents (Pettersson et al., 2021); and colleges to students (Gale and Shapley, 1962; Ágo
., 2022; Bobbio et al., 2023).
ther approaches have been considered for assigning matches in a mentoring context.

5



Journal Pre-proof

exam ld a
recom rs).

3. P

3.1.

T are
stud hing
of m that
does

E the
matc M
has a hey
can t ues.
The ast,
ment eer,
and by
a sin te a
repre e vas
= ‘n

L on
attri

•

•

•

T s all

attri ctor
of we

A w out
affec

(1)

wher
Jo
ur

na
l P

re
-p

ro
of

ple, Dutta et al. (2022) study an online question platform and use a neural network to bui
mender system to assign students’ (mentees’) questions to relevant professionals (mento

reliminaries

Problem description

here is a set of mentees, S and a set of mentors M . In our motivating example, the mentees
ents, hence the use of the ‘S’ to denote mentees. The aim is to achieve a one-to-one matc
entees and mentors. It is assumed that it is better to provide a mentee with a mentor
not meet their preferences, than to provide no mentor at all.
ach mentee and mentor has certain attributes. A set of attributes, A, on which to base
hing is selected. For attribute a ∈ A, mentee s ∈ S has a value of vas ∈ V a

S and mentor m ∈
value of vam ∈ V a

M . Mentors are assumed to have a broad set of skills and experience, and t
hus be classified using multiple values for some attributes. Therefore, vam is a set of val
most important value of each attribute is denoted this by va

′
m, where va

′
m ∈ vam. In contr

ees on the other hand, are assumed to be at an earlier stage in their education and car
thus have a narrower set of skills and experience. For this reason, mentees can be classified
gle value for each attribute, that is, vas is a single value not a set of values. For an attribu
senting a preference of mentee s, then mentees may indicate ‘no preference’, in which cas
o preference’.
et vas,m = f(vas , v

a
m) denote the score related to a matching of mentee s and mentor m

bute a. Three types of binary scoring functions are used in the present study:

one-to-one match: vas,m =

{
1 if vas = vam
0 otherwise

flexible one-to-one match: vas,m =





1 if vas = vam, or

vas = no preference

0 otherwise

one-to-many match: vas,m =

{
1 if vas ∈ vam
0 otherwise

he total score or reward, rs,m, associated with matching mentee s and mentor m acros

butes is a function of the vector of attribute scores vs,m = (v1s,m, v2s,m, . . . , v
|A|
s,m) and a ve

ights representing the importance of each attribute w = (w1, w2, . . . , w|A|):

rws,m = f(vs,m,w).

eighted sum is used in the present study, however this could easily be generalised with
ting the methods described in the following sections. Thus the total score is defined as:

rws,m = f(vs,m,w) =
∑

a∈A
wav

a
s,m,

e 0 ≤ wa ≤ 1 for a ∈ A, and
∑

a∈Awa = 1.

6
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et xs,m = 1, if mentee s is matched with mentor m, and 0 otherwise. Then, across all men
mentors in a cohort the total score of a matching is defined as

Rw =
∑

s∈S

∑

m∈M
xs,mrws,m

a cohort’s mean score per mentee is

R̄w =
Rw

|S| .

minimum cohort score of the matching, that is, the score of the ‘worst’ match in a cohort

Rw
min = min

s∈S;m∈M :xs,m=1

{
rws,m

}
.

ach attribute a ∈ A, the mean score across all mentees and mentors in a cohort is

Pa =
∑

s∈S

∑

m∈M

xs,mvas,m
|S| .

e score for each attribute (vas,m) is binary and mentees receive at most one mentor, then
represents the proportion of mentees receiving a mentor who matches with them on attrib

Application to AUT Women in Tech mentorship programme

n this section the problem described in Section 3.1 will be applied to the motivating exam
UT Women in Tech mentorship programme. The model could easily be customised for o
rammes of a similar nature. In this study, the set of attributes is A = {gender, program
ct, type}. The values associated with each attribute are provided in Table 1. Note that
ubject attribute, the values provided in Table 1 are for illustrative purposes only and do
sent a full list of subjects available to the students.
n this mentoring programme, all mentees identify as female, so the attribute gender refer
entor’s gender. For the mentor, gender attribute is the mentor’s self-reported gender, and
the values male, female or other. For the mentee, gender represents the gender of mentor
entee prefers, either female, male, other, or no preference. This could be extended to inc
values for gender, but it has been restricted to the options provided to the students in
cohort of the AUT Women in Tech mentorship programme. Given that gender represen
rence, it is scored with the flexible one-to-one matching function.
or the mentee, programme and subject represent the programme and subject of study co
ding to the mentee’s current enrolment. For the mentor, these attributes represent all
mes or subjects, respectively, in which a mentor has expertise. These two attributes are sco
the one-to-many matching function.
or mentees, type categorises whether the mentee is a first-year undergraduate (and thus sh
atched with an academic mentor) or a second-year or higher student (and thus should
hed with an industry mentor). While alternative allocations could be beneficial in cer
rios – such as matching a student interested in graduate studies with an academic ment
urrent structure was prioritised to reflect the programme’s objectives for the semester 2, 2

7
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rt. This approach is aligned with the programme organisers’ understanding of typical p
y goals, where earlier-stage students benefit from academic guidance while advanced stud
insights relevant to entering the workforce. For mentors, type denotes whether they
ted with academia or industry. Type is scored using a one-to-one matching function.
ll information is provided in advance via an ‘expression of interest’ form. Complete informa
ailable for mentees. However, some information may be missing for mentors. If informa
t attribute a ∈ A for mentor m ∈ M is not available, then a score of 0 is used, that is, vas,m
ll s ∈ S.

Table 1: Attributes and scoring functions

ribute Mentee values V a
S Mentor values V a

M Scoring function vas,m

der
Male, female, other,
no preference

Male, female, other
vas,m =





1 if vas = vam, or

vas = no preferenc

0 otherwise

gramme Science,
engineering,
computer and
information sciences

Science,
engineering,
computer and
information sciences

vas,m =

{
1 if vas ∈ vam
0 otherwise

ject For example,
analytics,
computer science,
electrical engineering

For example,
analytics,
computer science,
electrical engineering

vas,m =

{
1 if vas ∈ vam
0 otherwise

e 1 (first year),
0 (not first year)

1 (academic),
0 (industry)

vas,m =

{
1 if vas = vam
0 otherwise

P formulation

he assignment of mentors to mentees is an example of the well-known (linear sum) assignm
lem (Kuhn, 1955). The assignment problem is also a well-known special case of the tr
tion problem, and can be formulated as an LP problem (Burkard et al., 2009). A stand
ulation is presented below.
et the decision variable xi,j be defined as follows:

xi,j =

{
1 if mentee i is assigned to mentor j

0 otherwise,

let ri,j denote the reward provided by assigning mentee i to mentor j. If there are e

8
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ers of mentees and mentors, then the LP problem can be specified as follows:

max Z =

|S|∑

i=1

|M |∑

j=1

ri,jxi,j

subject to:

|M |∑

j=1

xi,j = 1 i = 1, 2, . . . |S|

|S|∑

i=1

xi,j = 1 j = 1, 2, . . . |M |

xi,j ≥ 0 for all i and j

n this formulation, it is assumed that there are equal numbers of mentees and mentors
one mentee at the most can be assigned to each mentor, and vice-versa. This formulation
sily modified to represent alternative scenarios by altering the right hand side values, and
igns of equations (4) and (5), as appropriate. Several variations are detailed below:

more mentees than mentors: equation (4) becomes
∑|M |

j=1 xi,j ≤ 1, i = 1, 2, . . . |S|

more mentors than mentees: equation (5) becomes
∑|S|

i=1 xi,j ≤ 1, j = 1, 2, . . . |M |

mentors can be assigned up to n mentees: equation (5) becomes
∑|S|

i=1 xi,j ≤ n,
1, 2, . . . |M |

f ri,j in the objective function (equation (3)) is calculated the same way as equation (1),
same weights are used, then, the objective function will equal the total score in equation
is, Z = Rw. However, there may be cases in which the one set of weights is used within
ormulation and another set of weights is used to compute the total score; for example, w
aring the performance of different approaches.
he LP can be solved using one of many commercial or open-source packages that are curre
able for solving LPs, transportation problems or assignment problems.

ule-based Heuristic

Overview

his section describes a rule-based heuristic for assigning mentees and mentors. The heur
ple enough that it could be implemented manually using a spreadsheet; however, it w
ore efficient if the heuristic were automated using a programming language. The heurist
ibed here using the specific characteristics of the motivating example; however, it could ea
neralised to include characteristics relevant to other mentoring programmes.
he basic idea is that in each iteration a set of matching criteria are chosen, and all unmatc
ees are assigned an unmatched mentor who matches them on all the selected criteria.
hing criteria are chosen from the mentee/mentor attributes. In subsequent iterations,
hing criteria are less restrictive enabling less desirable matches to occur. In this sense,
istic can be described as ‘greedy’, with the ‘best’ matches occurring first. Furthermore, g
the mentees have the choice of indicating ‘no preference’ for the preferred gender of the me
r current application, a filtering option is provided that enables only mentees who selected
rence’ to be matched in a particular iteration.

9



Journal Pre-proof

5.2.

L tees
(men ic is
prov

0.

1. and

2.

3.

4. add

5.

6.

7. urn

I on
the a ere
selec ote,
that ions
of th ple
of so
Jo
ur

na
l P

re
-p

ro
of

Detailed description

etD0
S (D0

M ) denote a dataset of mentees (mentors), in which the rows represent unique men
tors) and the columns represent their attributes. A general description of the heurist
ided below:

Initialise: set DS = D0
S and DM = D0

M and initialise D = ∅
Filter: apply current filtering criteria (if applicable) to remove rows from DS (DM )
update DS (DM ) with resulting dataset

Sort, select, number mentees:
sort DS (unmatched, filtered mentees) by the current matching criteria
add a group variable representing each unique combination of the matching criteria
add an index variable numbering the mentees within each group
update DS to include the group and index variables

Sort, select, number mentors:
sort DM (unmatched, filtered mentors) by the current matching criteria
add a group variable representing each unique combination of the matching criteria
add an index variable numbering the mentors within each group
update DM to include the group and index variables

Identify new matches: inner join DS and DM by the group and index variables and
to D

Identify unmatched mentees: DS = all mentees in D0
S that do not appear in D

Identify unmatched mentors: DM = all mentees in D0
M that do not appear in D

Return or stop: if DS = ∅ or DM = ∅ then, stop as matching is complete; otherwise ret
to step 1.

n our application, the heuristic assigns mentees and mentors using matching criteria based
ttributes presented in Table 1. For the mentor, if multiple programmes and subjects w
ted, then only the one assigned as most relevant, that is, va

′
m is used in the heuristic. N

this contrasts with the LP model, which retains all values of each attribute. Multiple vers
is heuristic can be obtained by selecting different matching and filtering criteria. An exam
me selection criteria are presented in Table 2.

Table 2: Example of selection criteria for a rule-based heuristic with six iterations

Iteration Matching criteria Filtering criteria

1 Gender, Type, Programme
2 Type, Programme vas =‘No preference’
3 Gender, Type
4 Type vas =‘No preference’
5 Gender
6 No criteria

10
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Additional explanation

he heuristic will now be described in more detail, referring to the example criteria in Tab
ng the first iteration, mentees and mentors are matched based on gender, type and program
o this, the mentees dataset DS and mentors dataset DM are sorted based on gender, t
programme. Using the problem description in Section 3.2, there are four gender catego
two type categories. Assume that V programme

s = V programme
m and thus that |V programme

s
gramme| = np. This creates at most 4 (gender) × 2 (type) × np (programme) = 8np gro
entees, and at most 3 (gender) × 2 (type) × np (programme) = 6np groups of mentors. S
ps may not have any mentees or mentors. Groups are numbered so that mentee grou
sents the same attribute values as mentor group k. Within each group, the mentors
ees can be sorted arbitrarily. A new index variable is added to both the mentees and men
sets, and this index variable numbers the people in each group of these groups. This is ad
ovide a unique identifier of members within each group and to provide a joining variabl
sed in the next step. An inner join is performed between the mentees dataset DS and men
set DM , using the newly created group and index variables. All matched mentees and men
dded to a master matches dataset D. The mentees dataset DS and mentors dataset
pdated to contain only unmatched mentees and mentors, respectively, and then the heur
s to the next iteration.
uring the second iteration, filtering is performed so that only unmatched mentees with
rence for mentor gender are selected. These mentees are matched with the unmatched men
d on type and programme. The remaining steps are the same as in the first iteration. Du
hird iteration, unmatched mentees and unmatched mentors are matched based on gender
. In the fourth iteration, unmatched mentees with no preference for mentor gender are sele
matched with unmatched mentors based on type. In the fifth iteration, mentees are matc
mentors of their preferred gender. The final iteration assigns all remaining unmatched men
unmatched mentors.

imple example

o demonstrate the algorithms described in Sections 4 and 5, a simple example with six men
seven mentors will be used. The attribute values for mentees and mentors are presente
e 3. In this example, there are two programmes (science (Sc) and engineering (Eng)) and
ent subjects (denoted as a, b, c, d and e). Recall that type refers to whether a mentee
year student (1) or not (0), and whether a mentor is based in academia (1) or industry
plicate a scenario observed in the AUT Women in Tech mentorship programme, occasion
ors do not select any relevant programmes or subjects in the expression of interest form.
e that mentees complete all fields.

n this example, we compare the two approaches described above (the rule-based heuristic
P model). Two variations of each approach are considered, giving a total of four algorith
ecall that the total score corresponding to assigning mentee s with mentor m, denoted by
equation (1)) is a weighted sum. A value rws,m = 1 indicates that mentee s matches with me
all included attributes. To enable a fair comparison between the algorithms, a consistent
ights is used to compute the total score. In particular, the weights are 0.5 for gender,
pe, 0.15 for programme and 0.1 for subject. These weights are used in computing the ove
s, and may differ from the weights used in the LP model objective function.

11
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Table 3: Simple example: attributes of mentees and mentors

Mentee, s Mentor, m

ame Gender pref. Prog. Type Subj. Name Gender All prog. Prog. Type Subj.

EE1 Male Eng 0 e MOR1 Male Eng;Sc Eng 1 c
EE2 Female Eng 1 c MOR2 Male Eng;Sc Sc 1
EE3 Female Sc 0 b MOR3 Male Eng;Sc Eng 1 c
EE4 No pref Eng 1 c MOR4 Male Eng;Sc Sc 0 b;c
EE5 No pref Sc 1 c MOR5 Female Eng Eng 0 c
EE6 Female Eng 0 d MOR6 Female 1

MOR7 Female Eng;Sc Sc 0 a;c

ref. = preference; Prog. = Programme; All prog. = All programmes; Subj. = Subjects

Application of the LP model to the simple example

wo variations of the LP were computed, each with a different set of objective function weig
esented in Table 4. The first variation, denoted LP1, places a priority on gender, with
asis on the remaining attributes. The assignment of mentees and mentors for the first va
along with the score for each match and the cohort total score, are presented in Table 5
rst variation of the LP model, mentee MEE1 was matched with mentor MOR4. The s
his match was 0.9 because the pair matched on gender, type and programme. Recall,
e LP model, all programmes selected by a mentor are used to determine the score of a p
or MOR2 was not matched with a mentee. The second variation, denoted LP2, places e
ity on gender and type, and no weight on programme or subject. The assignment of men
mentors for the second variation, along with the score for each match and the cohort t
, are presented in Table 6. Additional summary statistics and matching percentages for b
tions are presented in Table 10.

Table 4: Simple example: weights used in LP objective function

Algorithm Gender preference Type Programme Subject Description

LP1 0.50 0.25 0.15 0.10 Gender priority
LP2 0.50 0.50 0.00 0.00 Gender and type only

12
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Table 5: Simple example: mentee/mentor matches obtained using algorithm LP1

Mentee, s Mentor, m

e Gender pref. Prog. Type Subj. Name Gender All prog. Prog. Type Subj. Sc

E1 Male Eng 0 e MOR4 Male Eng;Sc Sc 0 b;c
E2 Female Eng 1 c MOR6 Female 1
E3 Female Sc 0 b MOR7 Female Eng;Sc Sc 0 a;c
E4 No pref Eng 1 c MOR1 Male Eng;Sc Eng 1 c
E5 No pref Sc 1 c MOR3 Male Eng;Sc Eng 1 c
E6 Female Eng 0 d MOR5 Female Eng Eng 0 c

MOR2 Male Eng;Sc Sc 1

ort total score Rw

= preference; Prog. = Programme; All prog. = All programmes; Subj. = Subjects

Table 6: Simple example: mentee/mentor matches obtained using algorithm LP2

Mentee, s Mentor, m

e Gender pref. Prog. Type Subj. Name Gender All prog. Prog. Type Subj. Sc

E1 Male Eng 0 e MOR4 Male Eng;Sc Sc 0 b;c
E2 Female Eng 1 c MOR6 Female 1
E3 Female Sc 0 b MOR5 Female Eng Eng 0 c
E4 No pref Eng 1 c MOR1 Male Eng;Sc Eng 1 c
E5 No pref Sc 1 c MOR2 Male Eng;Sc Sc 1
E6 Female Eng 0 d MOR7 Female Eng;Sc Sc 0 a;c

MOR3 Male Eng;Sc Eng 1 c

ort total score Rw

= preference; Prog. = Programme; All prog. = All programmes; Subj. = Subjects

Application of the rule-based heuristic to the simple example

wo variations of the rule-based heuristic are used in this simple example, a version with
tions presented in Table 2 (we refer to this algorithm as RBi) and a simpler version with
tions presented in Table 7 (we refer to this algorithm as RBii).

Table 7: Example of selection criteria for rule-based heuristic with two iterations (RBii)

Iteration Matching criteria Filtering criteria

1 Gender, Type, Programme
2 No criteria

able 8 presents the assignment of mentees and mentors, along with the score for each m
the cohort total score, under the six-iteration variation rule-based heuristic, RBi. The colu
tion’ indicates the iteration of the algorithm in which the match was made. For exam
ee MEE1 was matched with mentor MOR4 in iteration 3. Recall that the rule-based heur
only the most relevant programme, so this pair was not matched in iteration 1. However,
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is calculated based on all programmes so the match for this pair is 0.9 compared with
EE2 and MOR6 who also matched in iteration 3. Mentor MOR3 was not matched with
ees.

Table 8: Simple example: mentee/mentor matches obtained using algorithm RBi (six-iterations)

Mentee, s Mentor, m

e Gender pref. Prog. Type Subj. Name Gender All prog. Prog. Type Subj. It

E1 Male Eng 0 e MOR4 Male Eng;Sc Sc 0 b;c 3
E2 Female Eng 1 c MOR6 Female 1 3
E3 Female Sc 0 b MOR7 Female Eng;Sc Sc 0 a;c 1
E4 No pref Eng 1 c MOR1 Male Eng;Sc Eng 1 c 2
E5 No pref Sc 1 c MOR2 Male Eng;Sc Sc 1 2
E6 Female Eng 0 d MOR5 Female Eng Eng 0 c 1

MOR3 Male Eng;Sc Eng 1 c

ort total score Rw

= preference; Prog. = Programme; All prog. = All programmes; Subj. = Subjects; It. = Iteration

able 9 presents assignment of mentees and mentors, along with the score for each match
ohort total score, under the two-iteration rule-based heuristic, RBii. In this version of
based heuristic mentee MEE1 was matched with mentor MOR1 in iteration 2. Mentor MO
not matched with any mentees.

Table 9: Simple example: mentee/mentor matches obtained using algorithm RBii (two-iterations)

Mentee, s Mentor, m

e Gender pref. Prog. Type Subj. Name Gender All prog. Prog. Type Subj. It

E1 Male Eng 0 e MOR1 Male Eng;Sc Eng 1 c 2
E2 Female Eng 1 c MOR2 Male Eng;Sc Sc 1 2
E3 Female Sc 0 b MOR7 Female Eng;Sc Sc 0 a;c 1
E4 No pref Eng 1 c MOR3 Male Eng;Sc Eng 1 c 2
E5 No pref Sc 1 c MOR4 Male Eng;Sc Sc 0 b;c 2
E6 Female Eng 0 d MOR5 Female Eng Eng 0 c 1

MOR6 Female 1

ort total score Rw

= preference; Prog. = Programme; All prog. = All programmes; Subj. = Subjects; It. = Iteration

Comparison of algorithm performance on the simple example

able 10 provides a summary of the performance of the two rule-based heuristic and the
odels. The table provides the total cohort score of the matching Rw, the mean cohort scor
atching R̄w, and the minimum cohort score of the matching Rw

min. These represent the s
and minimum, respectively, of the score column in Tables 5, 6, 8 and 9. If all mentees rece

ntor that matched based on gender, programme, type and subject, then the mean match s
ould be 1 and the total match score Rw would be equal to the number of mentees, whic

14
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example is six. Notice that the total score is the same as the objective function value for L
P approach with the same weights used in scoring, but differs for LP2. The objective func
t available for the rule-based heuristic approaches. The final four columns of Table 10 pro
ercentage of mentees who were assigned a mentor that matched them on each attribute.
ple, all mentees were assigned a mentor of their preferred gender under LP1, LP2 and R
nly 83.3% (5/6) under RBii.
or this simple example, LP1 performs at least as well as the other methods on all sco
ria, and on three out of four of the percentage matching criteria. This is closely followed
which has the second highest total score and mean score, and performs as well as LP1
of the four percentage matching criteria.

Table 10: Simple example: summary results for all algorithms

% of mentees with matching ment

orithm Total score Obj val Mean score Min score Gender pref. Type Prog. Subj.
Rw Z R̄w Rw

min

1 5.45 5.45 0.91 0.75 100.0 100.0 83.3 33.3
2 5.20 6.00 0.87 0.75 100.0 100.0 66.7 16.7
i 5.35 0.89 0.75 100.0 100.0 83.3 16.7
ii 4.60 0.77 0.40 83.3 66.7 100.0 33.3

umerical experiments

Scenarios

umerical experiments were conducted to investigate the effectiveness of the LP models
ule-based heuristics. In these experiments, a range of scenarios were considered, in w
ature of the groups of mentees and mentors was varied in relation to gender and type.
ple, in some scenarios there are, on average, equal numbers of mentors and mentees, an
there are not. In some scenarios there are approximately equal proportions of male and fem
ors and in other scenarios there are not. These scenarios were chosen to mirror a variet
rios that might be encountered when running a Women in Tech mentorship programme.
or each scenario, a set of mentees and a set of mentors are randomly generated using
erties in Table 11. To capture the variability associated with this approach, 1000 replicat
ch scenario were performed, each with a randomly generated set of mentees and mentors.
s presented in Table 11, three types of programmes were considered: computer and informa
ce (CIS), science (Sc) and engineering (Eng). Subjects are labelled by letters of the alpha
are chosen to allow some overlap between programmes (e.g. suppose the f represents softw
eering and that this programme may be studied under either an engineering or a computer
mation sciences programme). The numbers in the columns labelled ‘Scenario 1’ – ‘Scenar
sent the average proportion of mentees/mentors with each of the values listed in the colu
es’. For example, under mentee scenario 1, when the mentees are randomly generate
ee prefers a female mentor with probability 0.5, a male mentor with probability 0.4 and ha
rence with probability 0.1. Thus, across all replications, on average 50% of mentees will pr
ale mentor in this scenario. On average, programme and subjects are evenly represen
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s the replications of each scenario. However, the proportions of each programme and sub
vary in individual replications. Overall, three scenarios for mentees and three for mentors w
, giving a total of nine scenario combinations.

Table 11: Numerical experiments: parameter values and combinations for creating scenarios

tee

ibute Values Scenario 1 Scenario 2 Scenario 3

der pref. Female,male,other,no pref 0.5,0.4,0,0.1 0.8,0.1,0.01,0.09 0.8,0.1,0.01
e 1,0 0.5,0.5 0.5,0.5 0.7,0.3
g. CIS,Sc,Eng 0.333,0.333,0.333 0.333,0.333,0.333 0.333,0.333
ject: CIS d,e,f 0.333,0.333,0.333 0.333,0.333,0.333 0.333,0.333
ject: Eng f,g,h 0.333,0.333,0.333 0.333,0.333,0.333 0.333,0.333
ject: Sc a,b,c,d 0.25,0.25,0.25,0.25 0.25,0.25,0.25,0.25 0.25,0.25,0.

tor

ibute Values Scenario 1 Scenario 2 Scenario 3

der Female,male,other 0.5,0.5,0 0.7,0.29,0.01 0.7,0.29,0.0
e 1,0 0.5,0.5 0.5,0.5 0.7,0.3
g. CIS,Sc,Eng 0.333,0.333,0.333 0.333,0.333,0.333 0.333,0.333
ject: CIS d,e,f 0.333,0.333,0.333 0.333,0.333,0.333 0.333,0.333
ject: Eng f,g,h 0.333,0.333,0.333 0.333,0.333,0.333 0.333,0.333
ject: Sc a,b,c,d 0.25,0.25,0.25,0.25 0.25,0.25,0.25,0.25 0.25,0.25,0.

hree different mentoring programme sizes are considered: small, |S|=20; medium, |S|=
large, |S|=250. For each size, three variations are considered: the number of mentors is
as the number of mentees, |S|=|M |; the number of mentors is 10% more than the numbe
ees, |M | = 1.1 |S|; and the number of mentors is 10% less than the number of mentees |M
S|. This gives a nine size combinations. Thus, in total there are 9× 9 = 81 scenario and
inations.

Algorithms

ix variations of the LP model and the rule-based heuristic were applied to the rando
rated datasets, giving a total of 12 algorithms. The variations of the LP approach were defi
a different set of weights in the objective function, as presented in Table 12. The variat

e rule-based heuristic were defined using a different set of matching and filtering criteria
nted in Table 13. Both the LP and rule-based approaches were implemented in R (ver
)(R Core Team, 2023). The LP implementation used the lp.transport function from
lve package (version 5.5) (Berkelaar et al., 2023).

Performance metrics

o enable consistent scoring across all algorithms, and to reflect the overall intentions of
oring programme, rws,m, the score for matching mentee s with mentor m, was computed u
hts corresponding to the ‘gender priority’ scenario (row 1 of Table 12, i.e. 0.5 for gender, 0.25
, 0.15 for programme and 0.1 for subject). For each cohort and algorithm, the total Rw, m
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Table 12: Numerical experiments: weights used in LP objective function

Algorithm Gender preference Type Programme Subject Description

LP1 0.50 0.25 0.15 0.10 Gender priority
LP2 0.25 0.25 0.25 0.25 Equal
LP3 0.50 0.50 0.00 0.00 Type gender
LP4 1.00 0.00 0.00 0.00 Gender only
LP5 0.00 1.00 0.00 0.00 Type only
LP6 0.00 0.00 1.00 0.00 Programme only

nd minimum Rw
min match scores were computed, as in Table 10. The percentage of mentees

rt matching with each mentor attribute are computed based on the total number of matc
ees. Thus, even when there are fewer mentors than mentees, the maximum percentage poss
0, even though there will be some mentees who are not assigned a mentor.

Results

or each of the 81 scenarios, the algorithms were applied to 1000 randomly-generated coh
entees and mentors. The performance metrics were computed for each replication of e
rio. Summary statistics were computed for each cohort to give an overall indication of
rmance of an algorithm for a particular cohort. The cohort scores are discussed in Sec
and the attribute match percentages are discussed in Section 7.4.2.

. Analysis of cohort scores

he distribution of mean cohort total score R̄w across 1000 replications is presented in Fig
mentee scenario 1 and mentor scenario 1, for small-, medium- and large-sized mento

rammes with equal numbers of mentees and mentors. As presented in Figure 2, for all t
ramme sizes, LP1 performed the best, followed by LP2, RB1 and RB2. The LP methods
in Table 12 (and thus numbered) in the order in which they were expected to perform
ge. This was confirmed by the numerical experiments, as presented in Figure 2. Similarly
ule-based heuristic, the order in which the variations are presented in Table 13 also refle
xpected and actual performance.
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Table 13: Numerical experiments: criteria used in rule-based heuristics

Algorithm Iteration Matching Criteria Filtering Criteria

RB1 1 Gender, type, programme, subject
2 Type, programme, subject Gender preference = ‘no preference’
3 Gender, type, programme
4 Type, programme Gender preference = ‘no preference’
5 Gender, type
6 Type Gender preference = ‘no preference’
7 Gender
8 Type, programme
9 Type
10 Programme
11

RB2 1 Gender, type, programme
2 Type, programme Gender preference = ‘no preference’
3 Gender, type
4 Type Gender preference = ‘no preference’
5 Gender
6 Type, programme
7 Type
8 Programme
9

RB3 1 Gender, type, programme
2 Type, programme Gender preference = ‘no preference’
3 Gender, type
4 Type Gender preference = ‘no preference’
5 Gender
6

RB4 1 Gender, type, programme
2 Type, programme Gender preference = ‘no preference’
3 Gender, type
4

RB5 1 Gender, type, programme
2 Gender
3

RB6 1 Gender, type
2

able 14 presents the summary statistics for the mean match score across 1000 replicat
entee scenario 1 and mentor scenario 1 with equal numbers of mentees and mentors.
ers in this table support results in Figure 2. It can be observed that the mean of the m
h scores increases with the size of the programme, suggesting that the average quality of
hes improves with larger programme sizes. This is expected because within a larger poo
ees and mentors, there is a greater chance of finding a good match. For the same rea
tion in the mean score was much lower in the large programme of 250 mentees and ment
ared with the small programme with 20 mentees and mentors, as demonstrated by the stand
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Mean match score

Algorithm Type: LP Rule−based

Mentee scenario:1, Mentor scenario:1

Distribution of mean match score per cohort

e 2: Numerical experiments: distribution of mean match scores R̄w for all algorithms across 1000 cohor
es (randomly-generated from mentee scenario 1) and mentors (randomly-generated from mentor scenari
equal numbers of mentees and mentors

tions in Table 14 and the interquartile range in Figure 2.
imilar plots were created and examined for the remainder of the 81 scenarios and similar tre
found. As presented in Table 15, in all 81 scenarios, LP1, LP2, RB1 were the first, sec
place, respectively. RB2 was fourth and RB3 was fifth in all but one scenario.
hile the best two LP approaches (LP1 and LP2) perform better than the rule-based heuris
is not much difference between these two LP approaches and the best four rule-based heuris
– RB4). As presented in Table 14, the maximum difference between LP1 and RB4 is 0

esting the average ‘quality’ of the matches provided is comparable. However, it is importan
consider the quality of the worst matches in a cohort. For example, it is important to cons
her some approaches provide good matches, on average, but provide some mentees with po
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14: Numerical experiments: summary statistics of mean match scores R̄w for all algorithms for 1000 co
ntees (randomly generated from mentee scenario 1) and mentors (randomly generated from mentor scenar

|S| = |M | = 20 |S| = |M | = 100 |S| = |M | = 250

Alg. n mean median s.d. mean median s.d. mean median s.d.

LP1 1000 0.808 0.818 0.052 0.877 0.881 0.024 0.893 0.896 0.016
LP2 1000 0.798 0.802 0.050 0.874 0.878 0.024 0.893 0.895 0.016
LP3 1000 0.750 0.760 0.055 0.801 0.805 0.024 0.815 0.818 0.016
LP4 1000 0.664 0.675 0.061 0.694 0.698 0.026 0.701 0.704 0.016
LP5 1000 0.573 0.573 0.063 0.594 0.593 0.028 0.601 0.601 0.018
LP6 1000 0.524 0.527 0.065 0.525 0.526 0.030 0.526 0.525 0.019
RB1 1000 0.780 0.787 0.054 0.859 0.863 0.025 0.882 0.885 0.017
RB2 1000 0.775 0.782 0.053 0.842 0.845 0.024 0.860 0.863 0.016
RB3 1000 0.772 0.782 0.057 0.840 0.845 0.026 0.859 0.863 0.017
RB4 1000 0.763 0.767 0.059 0.834 0.838 0.027 0.853 0.856 0.017
RB5 1000 0.743 0.755 0.060 0.814 0.818 0.028 0.832 0.836 0.018
RB6 1000 0.735 0.740 0.059 0.789 0.793 0.027 0.803 0.806 0.018

hed mentors. To investigate such as possibility, the distribution of the worst match (i.e.
of the mentee/mentor pair with the minimum match score Rw

min) in each cohort was exami
resented in Figure 3 and Table 16, under the best LP approaches, the worst matches are
ge, not as bad as the worst matches under the rule-based heuristics. This is not surpri
use the rule-based heuristics have a greedy approach, assigning the best matches first,
assigning whoever is left at the end. In contrast, the LP models take a more holistic view
they have the match scores from all pairs included in the objective function.

15: Numerical experiments: placing of algorithms for all scenarios for all programme sizes across 1000 rep
based on mean match score per cohort R̄w.

Place

Algorithm 1 2 3 4 5 6 7 8 9 10 11 12

LP1 81 0 0 0 0 0 0 0 0 0 0 0
LP2 0 81 0 0 0 0 0 0 0 0 0 0
LP3 0 0 0 0 0 4 32 45 0 0 0 0
LP4 0 0 0 0 0 0 0 0 0 68 13 0
LP5 0 0 0 0 0 0 0 0 0 13 68 0
LP6 0 0 0 0 0 0 0 0 0 0 0 81
RB1 0 0 81 0 0 0 0 0 0 0 0 0
RB2 0 0 0 80 1 0 0 0 0 0 0 0
RB3 0 0 0 1 80 0 0 0 0 0 0 0
RB4 0 0 0 0 0 72 9 0 0 0 0 0
RB5 0 0 0 0 0 5 40 36 0 0 0 0
RB6 0 0 0 0 0 0 0 0 81 0 0 0
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e 3: Distribution of minimum match scores Rw
min for algorithms across 1000 cohorts of mentees (rand

ated from mentee scenario 1) and mentors (randomly-generated from mentor scenario 1) and in which ther
numbers of mentees and mentors
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16: Numerical experiments: summary statistics of minimum match scores Rw
min for all algorithms for

ts of mentees (randomly generated from mentee scenario 1) and mentors (randomly generated from me
rio 1)

|S| = |M | = 20 |S| = |M | = 100 |S| = |M | = 250

Alg. n mean median s.d. mean median s.d. mean median s.d.

LP1 1000 0.414 0.400 0.167 0.440 0.500 0.165 0.433 0.500 0.159
LP2 1000 0.377 0.400 0.149 0.404 0.450 0.146 0.417 0.500 0.152
LP3 1000 0.326 0.250 0.170 0.323 0.250 0.168 0.339 0.250 0.171
LP4 1000 0.248 0.250 0.214 0.257 0.250 0.229 0.282 0.500 0.236
LP5 1000 0.124 0.150 0.114 0.071 0.000 0.101 0.054 0.000 0.092
LP6 1000 0.046 0.000 0.072 0.000 0.000 0.005 0.000 0.000 0.000
RB1 1000 0.207 0.150 0.204 0.155 0.000 0.199 0.172 0.000 0.216
RB2 1000 0.212 0.150 0.208 0.164 0.000 0.201 0.183 0.000 0.219
RB3 1000 0.206 0.150 0.211 0.159 0.000 0.201 0.182 0.000 0.219
RB4 1000 0.166 0.150 0.187 0.098 0.000 0.155 0.099 0.000 0.173
RB5 1000 0.248 0.250 0.217 0.252 0.250 0.233 0.278 0.500 0.240
RB6 1000 0.184 0.150 0.194 0.132 0.000 0.176 0.130 0.000 0.191

. Attribute match percentages

igure 4 presents the attribute match percentages, that is, the percentage of mentees alloc
ntor who matched based on gender, subject, programme and type. The figure shows the res
000 cohorts of mentees (randomly generated from mentee scenario 1) and mentors (rando
rated from mentor scenario 1) for small-, medium- and large-sized mentoring program
equal numbers of mentees and mentors. As expected, the results are directly related to
ria used in each algorithm. For example, LP5 and LP6 do not include gender as a criter
fore, on average only 60% of mentees received a mentor of their preferred gender under
ithm. Under LP6, which uses programme as the only criterion, there was a high percen
roximately 75%) of mentees that were assigned a mentor with a relevant programme. Ove
s all algorithms, apart from LP5 and LP6, approximately 80 – 90% of mentees receive
or of their preferred gender, and apart from LP4, LP6 and RB4, approximately 80 – 90%
ees received a mentor of the required type. We also found that the percentage of men
ving a mentor with a matching programme and subject is highly dependent on the algorit
cross the three programme sizes, similar patterns are observed. However, as was the
considering the distribution of the mean match score, the percentages of mentees receivi
or with the required attributes (such as those shown in Figure 4) have less variability as
of the mentoring programme increases.
he trends observed in Figure 4 for mentee scenario 1 and mentor scenario 1 are simila
for other scenarios, with one notable exception when mentor scenario 1 is paired with me
rio 2 and scenario 3. In these cases, the proportion of male and female mentors is on ave
l (50%), but the proportion of mentees requesting a female mentor is high (80%). In t
rios, the proportion of mentees receiving a mentor of their preferred gender is approxima
70%. This highlights an important point; the performance of the algorithm will alway
ted by the characteristics of the mentees and mentors in a particular cohort of a mento
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Distribution of percentage of mentees per cohort with a match on each attribute

e 4: Distribution of percentage of mentees per cohort with a match on each attribute for 1000 cohorts of me
omly generated from mentee scenario 1) and mentors (randomly generated from mentor scenario 1).

Computation time benchmarking

o investigate the computational efficiency associated with the algorithms, the computa
was recorded for each algorithm for the small-, medium- and large-sized mentoring
mes. In addition to providing a way to compare the LP models and the rule-based heuristic
provides a useful comparison with the time required for the current manual matching proc
entee scenario 1 and mentor scenario 1 were used to randomly generate 1000 cohorts w
l numbers of mentees and mentors. The computation time required to run the algorithms
ar (nectar.org.au) virtual machine with 16 GB RAM and 8 VCPUs is presented in Figur
that the computation time is presented using a log scale. For a small mentoring program
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20 mentees and mentors, the computation time of the LP and rule-based heuristics are sim
than 1 second), with the rule-based heuristics with more iterations having a slightly lon
utation time (i.e. time for RB1 > RB6). As the size of the mentoring programme increa
omputation time for the rule-based heuristics does not change much, with most replicat
leted in under 1 second. However, the LP models take significantly longer as the size of
oring programme increases, with cohorts from a medium-sized mentoring programme ta
oximately 2–5 seconds and cohorts from a large-mentoring programme taking approxima
20 seconds. This is not surprising, given that the LP methods involve scoring every me
every mentor, and the numbers of LP variables and constraints increase with the numbe
ees/mentors, whereas the rule-based heuristics involve grouping and sorting.
n reality, if a mentorship programme were to run for multiple weeks or months, waitin
tes to obtain an optimal solution seems acceptable. However, if the algorithm were to be
frequently, the computation time may need to be considered. Computation time is al

ideration if the methods are to be applied to larger programmes. It is expected that the t
ired for the LP methods will continue to increase significantly with an increase in the siz
rogramme. With the programme sizes tested here, both the approaches offer significant t
gs over the current manual matching process.
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e 5: Distribution of computation time to run algorithms for 1000 cohorts of mentees (randomly generated
e scenario 1) and mentors (randomly generated from mentor scenario 1). Times in seconds are presented
ale.
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ase study: AUT Women in Tech mentorship programme

he algorithms described above were applied to data from the AUT Women in Tech mentor
ramme from semester 2, 2021. In this mentoring programme there were 31 mentees and
ors. To demonstrate the composition of the participants of the mentoring programme,
ortions of mentees and mentors with each attribute are presented in Figure 6. As noted ab
erformance of the algorithms will be affected by the composition of the cohort. In this r
xample, slightly over 50% of the mentees prefer a female mentor, with the remainder ha
reference. Approximately 75% of the mentors are female. Approximately one quarter of
ees are first-year students and approximately half of the mentors are academics. Most men
mentors are in the field of computer and information sciences, followed by engineering.
ees and mentors are spread across the 13 subject areas, with some not specifying a sub
e individuals are presented as NA in Figure 6).
able 17 presents the results from the LP models and rule-based heuristics demonstra
six of the approaches (LP1, LP2, RB1, RB2, RB3 and RB4) outperformed the original ma
hing, in the mean score. Five of the approaches (LP1, LP2, RB2, RB3 and RB4) outperfor
riginal manual matching on all metrics. Approaches LP1 and LP2 outperformed the orig
al matching on all the performances measures, and RB1 and RB2 outperformed or equa
riginal manual matching on all except one of the performance measure. Even RB4, w
ded only four iterations (compared with the 11 iterations of RB1), outperformed or equa
riginal manual matching on all performance measures. This suggests that the quality of
ee/mentor matching could be improved by using the algorithms introduced in this paper
t is important to note that in addition to the attributes used in the algorithms descr
is paper, there may be other factors that the organisers of the mentoring team consid
assigning matches between mentees and mentors. For example, some mentors may have g

tations or important relationships with the university and are therefore given priority, if t
ore mentors than mentees. Other information such as the similarities of subjects in which
ee and mentor may engage may have been considered; for example, although a mentor did
rt having expertise in the mentee’s subject, the organisers may deem that the mentor’s sub
is sufficiently close for a match.
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e 6: Proportions of each attribute value for mentees and mentors for the semester 2, 2021, AUT Women in
rship programme.
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Table 17: Summary results for the semester 2, 2021 AUT Women in Tech mentorship programme.

% of mentees with matching ment

orithm Total score Obj val Mean score Min score Gender pref. Type Prog. Sub
Rw Z R̄w Rw

min

** 27.45 * 27.45 0.89 * 0.65 * 100.00 * 80.65 * 96.77 * 38.7
** 27.45 * 24.50 0.89 * 0.65 * 100.00 * 80.65 * 96.77 * 38.7

25.40 28.00 0.82 0.50 * 100.00 * 80.65 * 74.19 6.45
22.25 31.00 0.72 0.50 * 100.00 * 41.94 70.97 6.45
23.40 25.00 0.75 0.00 87.10 80.65 * 74.19 6.45
22.15 30.00 0.71 0.15 83.87 54.84 96.77 * 12.9
26.75 * - 0.86 * 0.50 * 100.00 * 80.65 * 90.32 25.8

** 26.70 * - 0.86 * 0.65 * 100.00 * 80.65 * 93.55 * 19.3
** 26.70 * - 0.86 * 0.65 * 100.00 * 80.65 * 93.55 * 19.3
** 26.70 * - 0.86 * 0.65 * 100.00 * 80.65 * 93.55 * 19.3

24.20 - 0.78 0.50 * 100.00 * 54.84 87.10 12.9
25.10 - 0.81 0.50 * 100.00 * 74.19 * 74.19 12.9

inal 25.50 - 0.82 0.50 100.00 67.74 93.55 12.9

icates algorithm outperformed or equalled the original manual matching on the given performance measure.

dicates algorithm outperformed or equalled the original manual matching on all performance measures.

val = Objective function value; Gender pref. = Gender preference; Prog. = Programme; Subj. = Subject
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onclusion

his paper has presented two approaches (an LP model and a rule-based heuristic) that
sed for matching mentees with the most appropriate mentors. The approaches have b
ibed with reference to a mentoring programme for female students studying STEM subj
iversity level; however, the approaches could easily be extended or altered to suit a diffe
cation.
umerical experiments were used to investigate multiple versions of each approach. The
performing LP approaches (LP1 and LP2) outperformed all other approaches in the numer
riments and the application to real data. The two best-performing rule-based heuristics (R
RB2) performed only slightly worse than the best LP approaches. RB4, which is a sim
iteration version of the rule-based heuristic, still performed well in the numerical experim
in the case study. However, the LP methods had a clear advantage in minimising the lev
ess of the worst matches. As discussed, this is not surprising because the rule-based heuris
a greedy approach, assigning the best matches first, and then assigning whoever is left at
In contrast, the LP models take a more holistic view, in that they include the match sc
all pairs in the objective function.
he computation time required to perform the rule-based heuristics was quite consistent as
ramme sizes increased; however, the computation time increased dramatically when using
pproach. While the computation time was under 2 minutes even for the largest problem
using the LP approach (which is reasonable if the programme for which matching is require
ing for multiple weeks or months), if the programme size and thus computation time increa
uld be a consideration against using the LP approach. In such circumstances, special
ithms, such as the Hungarian method (Kuhn, 1955), could be considered. Anecdotal evid
organisers of the AUT Women in Tech mentorship programme was that the matchin
ees and mentors took several days to perform manually, so vast time savings could be achie
plying the methods proposed in this paper
he key contribution of this paper is the development of a rule-based heuristic to match men
mentors. The rule-based heuristic provides a simple and easily understandable method
ning mentees to mentors. As demonstrated through the numerical experiments, the rule-ba
istics can perform nearly as well as the LP models, and for larger programme sizes, require
utation time.
limitation of the approaches tested in this study is that they included a limited num

tributes: gender preference/gender; type of mentee/mentor; programme and subject. W
opriate data collected in the expression of interest form, this could easily be extended to o
butes provided they can be ‘coded’ to fit the scoring functions described above. Incorpora
rs that do not fit the current scoring functions (e.g. prioritising mentors with impor
ionships with the university) is an area for future work. Currently, mentees and mentors
to write several sentences about their reasons for participating in the programme. Fu
could extract relevant information from these text fields and incorporate this within
ithms.
nother avenue for future work is to examine the factors that do lead to a good match. In
y, the attributes were chosen in consultation with the organisers of the AUT Women in T
orship programme; however, it would be valuable for future research to determine whe
attributes do indeed lead to the best matches. For example, factors such as the mentees’
ors’ personality types could potentially be included.
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otivated by current practices in the AUT Women in Tech mentorship programme, this st
itised gender preference as the main criterion for matching mentors and mentees. Howe
possible that some mentees may value a mentor’s professional background or specific are
rtise more than their gender. Future work could explore how important various attributes
mentoring relationship, both in general and to individual mentees. The expression of inte
could be expanded to provide a more comprehensive preference elicitation process, allow
or matching to better reflect each mentee’s unique career goals and personal aspirations, ra
focusing primarily on gender or year of study.
nother limitation of this study is that the scoring focused on the benefits to mentees. T
lso well-documented benefits to mentors of participating in a mentoring scheme. Future w
modify the scoring method to incorporate the benefit to mentors as well.
his study has demonstrated the effectiveness of a rule-based heuristic and provides a us
line for future work in the area.
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sell, C., Florin Sädbom, R., 2018. Mentorship programs in the manufacturing industry. E
an Journal of Training and Development 42, 455–469. doi:10.1108/EJTD-05-2018-0044.

io, F., Carvalho, M., Lodi, A., Rios, I., Torrico, A., 2023. Capacity Planning in St
atching: An Application to School Choice, in: Proceedings of the 24th ACM Conference
onomics and Computation, Association for Computing Machinery, New York, NY, USA
5. doi:10.1145/3580507.3597771.

va, I., 2017. Cracking the code: Girls’ and women’s education in scie
hnology, engineering and mathematics (STEM) - UNESCO Digital Libr
tps://unesdoc.unesco.org/ark:/48223/pf0000253479.

ard, R.E., Dell’Amico, M., Martello, S., 2009. Assignment Problems. Society for Indus
d Applied Mathematics (SIAM, 3600 Market Street, Floor 6, Philadelphia, PA 19104).

N.V., Fragnière, E., Gauthier, J.A., Sapin, M., Widmer, E.D., 2010. Optimizing the m
ge market: An application of the linear assignment model. European Journal of Operati
search 202, 547–553. doi:10.1016/j.ejor.2009.06.009.

s, M., Lee, S., Bridgman, H., Thapa, D.K., Cleary, M., Kornhaber, R., 2019. Benefits, barr
d enablers of mentoring female health academics: An integrative review. PloS one 14, e0215

, C., Gulseren, D.B., Turner, N., 2022. How to match mentors and protégés for successful m
ship programs: A review of the evidence and recommendations for practitioners. Leader
Organization Development Journal 43, 386–403. doi:10.1108/LODJ-01-2021-0032.

a, I., Shah, A., Safa, M.M., Jayavel, K., 2022. Building a recommendation system for ca
vice for students from professionals, in: 2022 International Conference on Computer Com
ation and Informatics (ICCCI), IEEE. pp. 1–10.

altea, E.M., Baybusinov, I.B., Zhao, J., Zhou, L., Zhang, Y.C., 2021. The Stable Marr
oblem: An interdisciplinary review from the physicist’s perspective. Physics Reports 917, 1
i:10.1016/j.physrep.2021.03.001.

, D., Shapley, L.S., 1962. College Admissions and the Stability of Marriage. The Amer
athematical Monthly 69, 9–15. doi:10.2307/2312726, arXiv:2312726.

31



Journal Pre-proof

Gale ican
M

Garg ees.
Al

Haas and
ma

Hagl ips:
A :10.
10

Hee, The
De atic
Re g &
Tu

Hoen s of
NS 866.
do

Kric tion
of onal
Jo

Kuhn tics
Qu

LEM ON.
ht
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rsson, W., Delorme, M., Garćıa, S., Gondzio, J., Kalcsics, J., Manlove, D., 2021. Impro
lution times for stable matching problems through preprocessing. Computers & Operat
search 128, 105128. doi:10.1016/j.cor.2020.105128.

sen, K.M., 2013. Mentoring programmes: Learning opportunities for mentees, for mentors
ganisations and for society. Industrial and Commercial Training 45, 255–263. doi:10.11
T-03-2013-0016.

re Team, 2023. R: A Language and Environment for Statistical Computing. R Founda
Statistical Computing.

an, R., Khan, F., Kayani, N., Ali, T.S., 2022 Jul-Aug. Reflection of mentors and men
initiation of Faculty Mentorship Program at Aga Khan University: A perspective. Paki
urnal of Medical Sciences 38, 1691. doi:10.12669/pjms.38.6.5454.

er, S., Glass, J., Levitte, Y., Michelmore, K.M., 2017. The missing women in STEM? Asses
nder differentials in the factors associated with transition to first jobs. Social Science Rese
, 192–208. doi:10.1016/j.ssresearch.2016.09.014.

hers, D., 2011. Forbes Insights Study Identifies Strong Link between Diverse Talent and In
tion | Business Wire. https://www.businesswire.com/news/home/20110713006204/en/For
sights-Study-Identifies-Strong-Link-Diverse.

la, A., Esquivel, A., Gutierrez, M.J., Plascencia, G.L., Garćıa, O., Garćıa-Arellano, G., 2
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