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Abstract

Although student advising is known to improve student success, its application is often inadequate in
institutions that are resource constrained. Given recent advances in large language models (LLMs) such as
Chat Generative Pre-trained Transformer (ChatGPT), automated approaches such as the AutoScholar Advisor
system affords viable alternatives to conventional modes of advising at scale. This article focuses on the
AutoScholar Advisor system, a system that continuously analyzes data using modern methods from the fields
of artificial intelligence (Al), data science, and statistics. The system connects to institutional records, evaluates
a student’s progression, and generates advice accordingly. In addition to serving large numbers of students,
the term “advising at scale” refers to the various role players: the executives (whole-institution level), academic
program managers (faculty and discipline levels), student advisors (faculty level), lecturers (class level), and,

of course, the students (student level). The form of advising may also evolve to include gamification elements
such as points, badges, and leaderboards to promote student activity levels. Case studies for the integration
with academic study content in the form of learning pathways are presented. We therefore conclude with the
proposition that the optimal approach to advising is a hybrid between human intervention and automation,
where the automation augments human judgment.
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INTRODUCTION

Traditional academic advising in a one-advisor-to-
one student approach is resource intensive and
difficult to sustain, prompting institution officials to
develop alternative student advising models (Thiry
& Laursen, 2011). This approach uses analytics to
sort students by their likelihood to drop out or stop
out, which allows advisors to prioritize their time in
favor of students that face rising risk. Networks of
advisors, faculty, and other student support leaders
form teams that can effectively address the complex
needs of students. This approach allows for efficient
use of resources and a focus on individualized
academic advising (EAB, 2023).

Although institution officials continue to offer ongoing
support programs such as orientations, tutoring,

and learning centers (Bornschlegl et al., 2020), such
resources typically require students to actively seek
out those programs (Fong, 2021). Many universities
struggle to develop and maintain effective advising
services that promote student satisfaction and
increase student retention (Anderson et al., 2014). In
response, there has been an ascendancy of automated
advising approaches to mediate the challenges of
diminishing resources and the perceived lack of value
in the conventional approaches for advising (Atalla et
al., 2023; Rawatlal, 2022).
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In the South African context, academic advising
provides structured support by an institutional
advisor to a student. The resources necessary

to provide such a facility, however, may limit the
number of students who can receive such advice.
Kuhn (2008, chap. 1) describes various models
of academic advising. The nature of the advising
could be to inform, suggest, counsel, discipline,
coach, mentor and even teach. The practice
helps students align their various goals through a
continuous developmental process to promote their
own success. The act of academic advising lies on
an advising-teaching and an advising-counseling
spectrum.

Evidence of the positive role by student advisors

in student success has been mounting, warranting
institutions to formalize and professionalize
academic advising. In South Africa, advising is being
professionalized through the coordinated efforts
of ELETSA, which translates to the word “advising”
in Sesotho, which is one of South Africa’s 11 official
languages. ELETSA is a South African nonprofit
organization that seeks to provide leadership in
cultivating collaborations across institutions in the
area of academic advising. The association holds
allied membership status through the Global
Community for Academic Advising (NACADA), which
is based in Kansas.
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ADVISING AT SCALE

Although wide-scale student advising is thought

to significantly improve the graduation rates,
traditional forms of advising are relatively resource
intensive. While automation and web-based systems
are obvious candidates to scale the advising,

such systems must offer a high enough level of
customization to be effective in the context of a
diverse student body. In particular, the operation
of such systems should acknowledge a constantly
iterative development approach as the needs
change in response to the effectiveness or lack

thereof of the approaches of the previous iteration.

Advising as a High-Impact Practice

As the practice of academic advising intensifies
across institutions, it is being portrayed as a

social justice imperative for higher education,

and potentially as a high-impact practice (Keup &
Young, 2021). However, advising large numbers

of students requires substantial investment that
challenges under-resourced institutions (Assiri et al.,
2020). One-on-one advising approaches alone are
therefore neither feasible nor effective, and motivate
the inception of automated systems that might
minimize incorrect advice and the load on academic
advisors (Assiri et al., 2020).

Evidence is now also emerging on the nonacademic
or quasi-academic benefits of advising (Haley,

2016). Using expectancy violations theory as a lens,
Anderson et al. (2014) argue that student satisfaction
with advising is linked to alignment between student
expectations of the advising process and perceived
advisor behaviors. In some instances, student queries
are merely information seeking, such as when they ask
for schedules and timetables, financial aid sources,
and other pragmatic needs. This is evidenced in the
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application of chatbots to automate this brokering
and to ensure more-effective use of a human

advisor's time.

Automated Advising

Recent developments in Al have resulted in the
emergence of chatbots in higher education to
automate specific student queries for information
brokering, thus freeing human advisors to focus on
more-complex tasks (Meotti, 2023). AdmitHub, an

Al developer, has partnered with more than 100
universities to improve student access and retention
by using chatbots (Page & Gehlbach, 2017). Bots of
this type use natural language processing to support
student success (Chen et al.,, 2023).

At Georgia State University (GSU), a chatbot helps
students with preenrollment processes such as
navigating financial aid (Nurshatayeva et al., 2021);
GSU's chatbot has led to significant increases in
retention and graduation rates. The chatbot’s
effectiveness continues after enrollment: research
indicates that students who used GSU's chatbot
were 3% more likely to re-enroll, while having higher
rates of FAFSA filing and registration (Nurshatayeva
etal, 2021).

Automated systems can aggregate and process large
amounts of data more efficiently than humans. This
can lead to more-informed advice, since the system
can consider various factors and possibilities (Shift,
2022). In recognition of the various roles that support
student success, the AutoScholar Advisor system uses
Al to generate advice to the various levels of seniority
in the higher education institution to fully support and
integrate the various interventions that can lead to
increased student success.
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Evolutions in Student Advising context to context or from person to person. When
When generating automated advice to students, we generating advice through the AutoScholar Advisor

acknowledge that human motivation is a complex system, it was therefore necessary to evaluate the

, . . . . advice rendered in a variety of contexts to serve as
field that requires high variance in responses.

The factors that prompt action may differ from large a group as possible.

A screenshot from an early instance of student advising is shown in Figure 1.

3. ClassView Connect

DUT 2023 Implementation

Course status w
£IMGAB401 - 2020
= 100 students in total & 12 high-performing students & 31 at risk students

TM_1 There are 0 students where TM_1 is at or below 50. Mean: §9.07, Std deviation: 5.38

TM_2 There are 0 students where TM_2 is at or below 50. Mean: 71.05, 5td deviation: 2.92

- P o partorming >
- Assessmont stats
Filter Send from
O Property statistics bhdr3@dut.ac.za
M1 ~ X a20f07c4b7 522d059%¢... St
(aaDBc04b9c)
{ 819ebbEe70@stu.dut.ac.2a
"N": 97, View all results
::max::: 82, Message subject
nmin": 55, ¥ 5c60e163ef 550b7c87... Improvement in MGABAOT
il g: o7, (3bac589189)
"skwness“: -8.514, View all results Mescoge body
“kurtosis": ©9.479 Hi EE73c89770,
¥ -
61;‘211%3;30 05€2c050.. | am pleased to note the strong progress you're
making! (High TM_2 (75).)
Vigw all results To maintain or further improve your position, |
would like to suggest that you try out the
Sk resources suggested in your profile in Student
0.18 * Data - Central,
*  NormaiDist mpors
{
“pos™s [ Kind regards
“High ™_2 (75)." pr 4
0.1 1,
> il "neg™: ]
; >
g ot Data
o - . {
g . " “studentNunber™: “B19ebbGeyd”, E Message script editor
0.08 ane % “firstNames”: “eb73c89770%, » Automated messaging
- : "@6e2cd5eel”,
b e
os® )
"pas": [
w0 £ L 1?n:qn ™2 (75)." i)
1:
™_1 | tnegs 1
'J"'I'H_t]"' : -8.199,
“TM_27": 1.35,
™_2 < “reportPos: 1,

s 1T EUUR)

View all resuits.

® 5cd4020101 8552b16d...
(22521259b9)
View all results

Note: Student numbers and names have been hashed.
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In this case, the system calculates the assessment
statistics in a class and determines which students
are significantly underperforming by computing the
number of standard deviations between the mean
and each student's result. Based on this value, an
apparently personalized message is generated to
the student; each message includes some specific
data about that student’s current and potential
future performance. In other words, from a single
advising script, which is itself prompted by the
student’s performance metrics, the system can
generate a message to each student that appears
to be customized to that student’s profile. A default
advising script is included that may be further
customized by a lecturer or student advisor. The
system advises both high-performing students

and average-performing students to continue
improving and suggests engagement with learning

Figure 2. Advising in the Form of Virtual Awards

student advice preview

AR Good assessment mean

Your assessment mean is relatively good. Pleas
keep doing what you're doing to keep it up!
31.08.2022 08:55:43

& Good assessment passes

You've passed a good number of assessments.
Be sure to keep it up!
31.08.2022 08:55:43

£ Good rate of attendance

Your attendance rate at the course events is
good. Keep on coming!
31.08.2022 08:55:43
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resources available elsewhere in AutoScholar. In
the case of underperforming or at-risk students,

it further suggests engaging with student support.
This form of advising is already a partial evolution;
in the first versions, it was possible for the system
to alert students of their being at risk of failure. In
the version shown in Figure 1, the advice is heavily
maoderated only to suggest engagement with
available services.

The advising concept may be further generalized to
include gamification elements. As shown in Figure 2,
the advising may take the form of virtual awards and
badges that can be attached to a student’s profile.
Although these virtual awards require no resources
from the institution, they are a powerful means of
driving student activity, since students value these
awards to a high degree in their applications for
scholarships and employment.

awarded to
Student name

Maintained a mark of least 70 for in all assessments

awarded to
Student name

Attended at least 90% of all class events each week

awarded to
Student name
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While the application of points, badges, and
leaderboards can drive students’ level of
engagement, one has to apply these methods
judiciously to avoid degradation of the educational
experience to one of jumping through a series of
hoops and thereby limiting the experience of a

cohesive curriculum. To develop the sense of an

Figure 3. Advising for Success ng: The Simulated Case Study

Students records

Student selector
& William Darryl Robinson

0TTETETE

= Ralph Cedl Clark

207838575

X April Dora Diaz

20000 EL

= Terrance Barry Lopez
0T5084E8

rtis Jacob Foster
= Melinda Velma Ross
snageTEe

® Adrienne Kathryn Turner

E0T870331

& Derrick Fernando Lopez

® Herbert Lee Sanchez
oiasties

X Joseph Jan Scott

Tyrone Gordon Gutierrez

01522967

¥ Jared Hugh Jones

& Esther Yolanda Brooks

= Marshall Cory Castillo
201555005

= Nancy Robin Scott
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X Terrance Barry Lopez 201809459

integrated whole, the third evolution of student
advising involves providing a large goal to students
based on an assumption of a graduation and an

Figure 3 illustrates this evolution.

Currently on track to graduate with a Lower Second degree (credit wt av = 69.87%).
To reach a degree dass of Upper Second, achieve an average of 70.36% in the remaining 132 credits.

@ NGCH421

Need to maintain an average of
77.78% in the remaining in the
remaining assessments.

quizl: quiz! (5% of final) 71%

practical: practical (10% of final) Not available
(not written?)

test2: testZ (10% of final) Not available (not
written?)

testl: test (10% of final) 7%

assignment assignment (10% of final) Not
available (not written?)

exam: exam (50% of final) Not available (not
written?)

quiz2: quiz2 (5% of final) Not available (not
written?)

@ NGCH523

Need to maintain an average of
74.19% in the remaining in the
remaining assessments.

testl: test1 (10% of final) 44%

@ NGCH422

Need to maintain an average of
73.95% in the remaining in the
remaining assessments.

quiz1: quizl (5% of final) 84%

exam: exam (70% of final) Mot available (not
written?)

quiz2: quiz2 (5% of final) Not available (not
written?)

test2: test2 (10% of final) Not available (not
written?)

test: test1 (10% of final) 33%

9 NGCH423

Need to maintain an average of
72.48% in the remaining in the
remaining assessments.

exam: exam (70% of final) Not available (not
written?)

quiz2: quiz2 (3% of final) Not available (not
written?)

quiz1: quiz1 (5% of final) 2T%

assumption that each student is striving not merely
to pass, but also to accomplish academic excellence.
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In this case, the system advises students (see top
right) of their current status, which, based on their
current records, indicates that they are on track

to graduate with a lower second class of degree.
(For institutions that do not implement such a
classification, this can be substituted with mark
ranges such as credited weight average in excess
of 70%.) The system also alerts students that they
can graduate with an upper second class of degree
instead by improving their performance by only a
few fractions of a percentage point. This provides

a student with an overall objective based on an
assumption of a final graduation rather than simply
the avoidance of failure.

Furthermore, below that top-right box the system
shows students which classes they are currently
registered for, together with their performance in
the various assessments. It notes to students what
their minimum performance level should be in the
remaining assessments in that class to accomplish
the overall goal with respect to the final degree. This
evolution of advising can encourage the student to
constantly strive higher and achieve a greater level

of academic accomplishment.

MULTIDIMENSIONAL
ADVISING: ROLE PLAYERS
IN HIGHER EDUCATION

To achieve significant improvements in the
progression and hence the graduation rates, it is
necessary for the various role players to receive
accurate advice. At the student scale, advice on
coursework registration as well as day-to-day study
habits are a direct influence. Advice to lecturers with
respect to students at risk and course management
practices can significantly improve the student

(and lecturer) experience. At the counselor scale,
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the ability to benchmark a student against the
student population is key. At the executive scale,
the allocation of resources to support teaching and
learning to specific programs should correlate with
the performance levels in the programs.

Role Players in Higher Education:
Another Dimension in Advising at Scale

Although advising at-risk students is emphasized

at most institutions, it is also necessary to advise
the other role players that influence student
success. Lecturers require advice on their course/
module management, student advisors require
insights into student performance to render advice
effectively, faculty management require insights into
which academic programs require more teaching
resources, and executives require insight to the
faculties that would benefit from additional financial
resources. Some case studies in advising these roles
players are shown in Figures 4 through 8.

In Figure 4 it is possible to understand which students
require advising as well as to identify the various
activities that can be undertaken to better organize
the learning content and to generally support better

student engagement with the course content.
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Figure 4. Screenshot from ClassView Connect Component of the AutoScholar Advisor System

Course status
=

99 students

5 students at risk {5.05%)

68.65% unweighted assessment mean
98% unweighted assessment passrate

Assessment statistics

TM_1 (99 students)
Famed 57

Meary 5768

Siddes 1B

Skgwnais -4 ES

Kuntoss 2679

TM_2 (99 students)

Student performance
High performing students

([zAlert: -0.189)
2View al resuts
Students at risk
: ) (zAlert: 6.62)
11 {mesn = 6768%
Unusually low mark (0% for The. 2 [mean = £3.62%)

»View 3l resuits

= - - -

(zAlert: 1.51)

Note: Advice rendered to lecturers to manage classes better.

Fall 2023 Volume

Course meta data

No advice rendered to students

Advising students in need of support is a key aspect of managing a class.
None of the students at risk have been advised on how to improve
performance.

None of the students who are performing well have been encouraged to
maintain / improve performance.

Please use the messenger or auto-messenger to advise students.

Concept scaffold not implemented
The course concepts and topics have not been scatfolded so that students
could pinpoint where they need to develop their understanding.
Creating a concept map of your course content is an interesting exercise
which has many applications.
Please use the concept scaffolder to define and connect your course
concepts.

Open concept scaffolder

Learning resources not attached

Learning resources have not been attached to this course content.
Attaching learning resources is a relatively simple process which may be
undertaken through the Coursework Curator.

Assessment schedule not defined

The assessments have not been scheduled; this makes it difficult for
students to plan their studies.

Define the assessment plan in the assessments section.

DOpen assessmants editor

Assessment meta data has not been defined
The assessment weights are essential for accurately advising students.
Kindly define the assesment weights in the assessment editor.

Open asseszman: editor



From the perspective of an academic program
manager, such as a head of department or
program convenor, it is also useful to identify which
coursework in a program should be prioritized to

resolve low pass rates. Figure 5 illustrates analysis intended.

Figure 5. Program Analyst Component of AutoScholar: Identification of Coursework Issues

Programme select
Programme current status

Programme priorities
Issues identified in programme courses

CACN101, semester 1, 222 students, passrate: 0.815
Low min result mean (63.06)
Several attempts required to pass this course (1.2)

IMIC101, semester 1, 226 students, passrate: 0.788
Low min result mean (65.84)
several attempts required to pass this course (1.21)

BCLN101, semester 2, 212 students, passrate: 0.91
Low min result mean (66.54)

BIFS101, semester 2, 203 students, passrate: 0.941
Low min result mean (63.17)

CLAS101, semester 2, 208 students, passrate: 0.875
Low min result mean (65.94)

FACB101, semester 2, 208 students, passrate: 0.87
Low min result mean (63.62)
Several attempts required to pass this course (1.11)

IMAC101, semester 2, 208 students, passrate: 0.856
Low min result mean (65.33)
several attempts required to pass this course (1.15)

CACA201, semester 3, 185 students, passrate: 0.941
Low min result mean (61.74)

CACB201, semester 4, 187 students, passrate; 0.898
Low min result mean (63.39)
Several attempts required to pass this course (1.11)

EQDV101, semester 4, 188 students, passrate: 0.766
Low min result mean (55.49)

Possible impacted course (students start course only in semester 4.97 instead of 4)
Several attempts required to pass this course (1.23)

Programme macro-completion
Population balance

Progression map
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of an academic program where low pass rates,
the influence of a high confluence of prerequisite
requirements, and the impact on senior courses;
students then take those courses later than
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To fully advise faculty staff on student progression, it involved in the various routes to graduation. Figure 6

is also necessary to evaluate the transfer of students illustrates that a program manage can determine at
from one semester to the next, and to maintain which point in the curriculum the largest number of
awareness of the various combinations of courses students exit or recycle.

Figure 6. Population Balance lllustrating Student Progression through an Academic Program

FUpLaLIU | Laial e -

Programme enrollment
DIACCT
Programme Population Balance

Dropoulfdiowu semester 3

students

= ,--"'.

-
Diropout/failout semester 4

019 2020 2021 2022 2023 Sepmester 5\_\,
\ hE
year :;)
—
mester 7 (grad)
Select cohort year
2023 2022 2021 2020

2019
Dvepouttalou semester 5

Year 1, semester 1

FACA101, 16 ¢cr Copy csv Excel PDF Search:
BFNM101, 16 cr

CACN101, 16 cr

CSTNAOT, 16 cr i* session progressing retry dropOutOrFail idx
IMIC101, 16 ¢cr Semester
Year 1, semester 2 0 ] 221 & 6
FACB101, 16 cr
BIFS101, 16 cr Semester
CLAS101, 16 cr L e L B
IMAC101, 16 cr
Semester
BCLN101, 16 cr 2 & g9 15 16

Other courses taken in this semester (core- 3
elective/free-electives):

CLDV101 (16 ¢r, 3 stu), LTLT101 (16 ¢r, 1 5tu) 3 Semester ., 4 5

Year 2, semester 1 4

E‘I‘\IE\AJ\E‘\?\I‘; 1‘6‘[;- A Sei‘ﬂester 17& 21 A
At the whole-institution scale, executives maintain a year, it is necessary to monitor what fraction of
bird's-eye view of the entry and graduation statistics. students complete in minimum time and what
In particular, given an entering cohort in a particular fraction exit without graduating (Figure 7).
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Figure 7. Executive Insight Component of AutoScholar Advisor System to Monitor
Institutional Progression

fil} Course information

7014 19% 52%

Students enolled Completed on time Have not graduated
in 2013 29% grad. in extra time to date

‘ Programme information

@ Time to grad

st 8403 21% 51%

SII' Jati

Students enolled Completed on time Have not graduated
in 2004 28% grad. in extra time o date

Settings
e Y M+0, M+1, M+2 vs. firstYear

a g
Frst year of registration

20132004
‘year of degres completion

Year of degree completion

facunyCose
facultyCode
colegeCode
collegeCode
firstyear
To take action by alerting relevant staff or allocating which programs exhibit the lowest pass rates and
resources, the next step would be to determine, lowest performance indices. Figure 8 illustrates that
among all academic programs at the institution, such programs can easily be identified.
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Figure 8. Executive Insight: Identifying Academic Programs in Need of Support

Academic programme performance

Sort by

Click on a pregramme code to view report
BENG-CHEM, grad in min: 45, not grad: 20, fails: 33

BENG-CIV. grad in min: 21, not grad: 45, fails: 31
BENG-MECH. grad in min: 40, not grad: 7. fails: 38
BENG-ELEC. grad in min: 87, not grad: 0. fails: 26
BENG-ETRN. grad in mir: 41. not grad: 17. fails: 53
BENG-COMP. grad in min: 47, not grad: 12, fails: 52
BSC-MATH. grad in min: 180. not grad: 3. fails: 20
BSC-STAT, grad in min: 111, not grad: 56, fails: 13
BSC-COMP, grad in min: 154, not grad: 59, fails: 15
BSC-PHYS. grad in min: 175, not grad: 6, fails: 23
BSC-BIO, grad in min: 164, not grad: 0, fails: 21
BSC-Z00. grad in min: 191, not grad: 0. fails: 25
BCOM-ACC, grad in min: 395, not grad: 0, fails: 31
BCOM-TAX. grad in min: 445. not grad: 0, fails: 26
BCOM-FIN, grad in min: 415, not grad: 0, fails: 34
BCOM-ECO, grad in min: 308, not grad: 89, fails: 20
BCOM-BUS, grad in min: 276, not grad: 88, fails: 25
BCOM-LED, grad in min: 334, not grad: 46. fails: 23
BMED-PHYSIO, grad in min: 78, not grad: 5, fails: 27

BMED-DENT, grad in min: 69, not grad: 16. fails: 11

It is therefore possible for all role players in higher
education to receive sufficient insight and hence to
apply suitable interventions or allocate resources
to ameliorate the limitations identified. Such data-
oriented advising may be directly applied in most
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Prog ramme comments

BENG-CHEM

Unusually low graduation rate (0.352) of minimum-time graduates (45/128).
Time-to-grad profile

0.35

0.3
0.25
=
5 02
B
& 0.15
0.1
0.05
0
Min + 0 Min + 1 Min + 2 Min + X
timeToGrad

£ Poor level of executive advising

BENG-CHEM could benefit from more advice from the executives,
30.08.2022 06:47:55

# Good grad rate

Students are graduating without taking much extra time in BENG-CHEM. Well
done to the programme managers!
30.08.2022 06:47:55

*  Programme suto-messenger
®  Alternative message aditor

cases. At the student level, however, it could be
more necessary to moderate the advice rendered by
interpreting the results and suggesting interventions
based on the student temperament and degree of
reception to critical feedback.
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Hybrid Advising

In academic advising, human advisors often do

not have all the requisite information at hand,

with inherent limitations in what they can do with
such information. For example, an advisor cannot
make decisions for an advisee, but can provide
various alternatives for the student to consider.
Similarly, an advisor cannot increase the native
ability of the advisee, but can encourage maximum
use of that ability. Advisors also cannot reduce an
underperforming student’s academic load, but can
recommend appropriate interventions. Confidential
matters also present challenges, since advisors
must balance the need for information exchange
with the need to respect student confidentiality.
Furthermore, when complex problems arise

related to financial aid, mental or physical health, or
personal or social counseling, advisors often have to

refer students to other professionals.

Given the inherent diversity in student attributes,
moderating advice to students is essential as
students navigate the complexities of their
institutions. Personalized connections can

help bridge the gap between expectations and
experiences, especially for international students
and those who require support to prevent departure
before graduation (Moore, 2022).

This points to the value of hybrid advising, which
combines in-person and online elements, and

can help to mitigate some of these challenges

by using chatbots to handle routine transactions
while leveraging human interactions to address
specific and unique situations. The Covid-19
pandemic accelerated the blending of in-person
and online learning in many schools, a shift that,
despite its challenges, can potentially enhance the

academic experience in the long run. This hybrid
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model can help break down barriers to access,
allowing universities to reach a broader and more
diverse population of students. It can also better
meet the changing workforce's needs and provide
working adults with lifelong learning and career
opportunities (Selingo & Clark, 2021).

Implications for Institutional Research

The approaches outlined here emphasize
awareness of a need for intervention at a specific
point of application. It is also possible to apply
this approach to evaluate the effectiveness of

any specific interventions that might be applied.
Such an approach is typical of Improvement
Science frameworks (Perry et al., 2020), where the
continuation of an intervention must be evaluated
according to the observed improvement or lack
thereof. In fact, it is a well-established practice in
Improvement Science to reevaluate not only the
suitability of any applied interventions, but also the
metrics used in the evaluation itself.

It is also worth noting that, although metrics are
cited for the performance of students at the whole-
institution scale, the system also generates the
same statistics at the college, faculty, and academic
program levels. This is significant since the context
of the student and nature of studies undertaken will
influence the performance metrics. It then becomes
possible to customize the applied interventions
rather than assuming that a blanket strategy applies
to all disciplines.

The ease of access to data analysis may also afford
new insights to the student support staff. Student
advisors often complain that their role devolves to
simple information brokering rather than affording
students insight to performance improvement.
This is at least in part due to nonacademic advising
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emphasizing the student impression of the severity
of the challenges faced. If an advisor is also able to
correlate this with actual changes in performance as
reflected by data showing a student’s progression,

it might be possible to review perceived challenges
more objectively and hence to raise the value of the
advice rendered.

It is still necessary to actively challenge the
interpretation of data, however. Various forms

of bias easily enter even careful analysis, to say
nothing of the tendency to adopt an auto-generated
message as the gospel truth. There are as many as
six main categories of bias (confirmation, selection,
historical, survivorship, availability, and outlier).
Without suitable training, it is all too easy for a
viewer to take action that yields unexpected results.

On the other hand, it is known that the students
most in need of support are often the least likely to
ask for it. Automation may play a role in provoking
at least a conversation if not an active engagement
between a student and a human advisor that
might not otherwise have occurred. There are rich
possibilities for the hybridization of automated and
human advising.

There are other implications for the AutoScholar
Advisor system for institutional research (IR) and
institutional effectiveness (IE) professionals. It

is possible that IR or IE officials can engage in
collaborative work with academic advising staff on
how data are collected, managed, and prepared
for the feedback loops. In addition, the IR analysts
might want to design a study to examine student
success based on use of the AutoScholar Advisor
system (e.g., perhaps a pre-post type of research
design). This could yield great benefits for students
and provide return-on-investment rationale for use

of the system. Other research studies may also
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be considered, such as the evaluation of different
maodels of advising on student experience and
satisfaction: automated, human, and hybrid advising.

IR and IE officials might also want to ensure that
other colleagues are considering potential bias that
can occur in data (majority vs. minority students,

or other known facets of differences). Indeed, we
believe that this system can help underserved
student populations and that IR officials can help
articulate those benefits to campus colleagues.

CONCLUSION

In this article we have attempted to demonstrate
that, while academic advising has consistently been
rated a top predictor of students’ success and
satisfaction during their undergraduate careers
(Anderson et al.,, 2014), the traditional human-
centered academic advising is a resource-intensive
process that is difficult to sustain, prompting
institutions to develop alternative advising models.
Based on our experiences of advising development
at a South African university, we contend that
automated systems that use Al techniques (such
as the AutoScholar Advisor system) can “minimize
incorrect advice, minimize the load on academic
advisors, solve the issue of the limited number of
advisors, and free up more of their time” (Assiri et al.,
2020, p. 1).

However, automated systems alone can have
unintended consequences, such as engendering
demotivation among students. We therefore
conclude with the proposition that the optimal
approach to advising is a hybrid between human
intervention and automation, where the automation
augments human judgment. In this modality, the
automated advice function provides the initial
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prompt to alert students of their at-risk status or
of their potential to attain higher grades. These
students are then ushered to appropriately
qualified advisors who provide the human touch to
ameliorate the limitations of automated systems.
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