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INTRODUC TION

Histology, also known as microscopic anatomy, is a corner-
stone of healthcare professionals' preclinical learning (McBride & 
Drake, 2018). Located at the crossroads of anatomy, biochemistry, 
and physiology, histology studies the morphology of cells, tissues, 
and organs, and relates these structural elements to their biological 

functions. This is particularly important for future healthcare pro-
fessionals, because several human disorders are cellular in nature. 
A detailed understanding of cellular structure, differentiation, and 
function is fundamental to biomedical sciences, diagnosis, and 
treatment. This branch of knowledge is primarily acquired through 
reasoning, based on the observation of microscopic structures. 
Traditionally, histology was comprehended through theoretical 

Received: 8 June 2023  | Revised: 13 September 2023  | Accepted: 20 September 2023

DOI: 10.1002/ase.2346  

R E S E A R C H  R E P O R T

Validating instructional design and predicting student 
performance in histology education: Using machine learning via 
virtual microscopy

Allyson Fries1 |   Marie Pirotte1 |   Laurent Vanhee2 |   Pierre Bonnet1 |   
Pascale Quatresooz1 |   Christophe Debruyne2  |   Raphaël Marée2 |   Valérie Defaweux1

1Department of Biomedical and Preclinical 
Sciences, Faculty of Medicine, University 
of Liege, Liège, Belgium
2Montefiore Institute of Electrical 
Engineering and Computer Science, 
University of Liège, Liège, Belgium

Correspondence
Valérie Defaweux, Department of 
Biomedical and Preclinical Sciences, 
Faculty of Medicine, University of Liege, 
Quartier Hôpital, B23 Anatomie, Avenue 
Hippocrate 15, Liège 4000, Belgium.
Email: valerie.defaweux@uliege.be

Abstract
As a part of modern technological environments, virtual microscopy enriches histo-
logical learning, with support from large institutional investments. However, existing 
literature does not supply empirical evidence of its role in improving pedagogy. Virtual 
microscopy provides fresh opportunities for investigating user behavior during the 
histology learning process, through digitized histological slides. This study establishes 
how students' perceptions and user behavior data can be processed and analyzed 
using machine learning algorithms. These also provide predictive data called learn-
ing analytics that enable predicting students' performance and behavior favorable 
for academic success. This information can be interpreted and used for validating 
instructional designs. Data on the perceptions, performances, and user behavior of 
552 students enrolled in a histology course were collected from the virtual micro-
scope, Cytomine®. These data were analyzed using an ensemble of machine learning 
algorithms, the extra-tree regression method, and predictive statistics. The predic-
tive algorithms identified the most pertinent histological slides and descriptive tags, 
alongside 10 types of student behavior conducive to academic success. We used these 
data to validate our instructional design, and align the educational purpose, learning 
outcomes, and evaluation methods of digitized histological slides on Cytomine®. This 
model also predicts students' examination scores, with an error margin of <0.5 out of 
20 points. The results empirically demonstrate the value of a digital learning environ-
ment for both students and teachers of histology.
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courses that were supplemented with practical training in the lab-
oratory, wherein students used an optical microscope to observe, 
identify, and interpret histological slides (Hussein et al., 2015; Wu 
& Chiang, 2022). The use of virtual microscopy in teaching has been 
a major turning point in modern histological education (Husmann 
et al., 2009; Mione et al., 2013; Maity et al., 2023). Thus, digitized 
histological slides are shared by, and for, universities worldwide (Lee 
et al., 2018; Hortsch et al., 2023).

Virtual microscopy and Cytomine®

Virtual microscopy is a technique of storing and sharing micro-
scopic images (Gatumu et al.,  2013; Hortsch,  2023). As a more 
economical alternative to optical microscopy, it allows all students 
to view the same slide with optimal quality. Moreover, pedagogi-
cal teams can select the most representative slides for teaching a 
subject, and give students access to rare slides, without any risk 
of damage. Students can view all available histological slides any-
time and anywhere, simply by connecting to a computer with an 
internet connection.

Recent publications have shown that virtual microscopy learning 
activities qualitatively promote higher order thinking skills, have a 
positive effect on the perception of students and teachers, improve 
the learning outcomes and enhance learner collaborations and group 
learning (Herodotou et al., 2020, 2022; Chimmalgi & Hortsch, 2022). 
However, the literature does not supply empirical evidence of its 
role in improving pedagogy.

Since 2012, the virtual microscope Cytomine®, developed by 
Marée et al. (2016, 2019), is available to students on a local learning 
management system (LMS), enabling teachers to design, centralize, 
structure, and create learning content and activities. Cytomine® is 
an open-source software (Cytomine, 2023) that stores, manipulates, 
and allows viewing high-dimension images up to a certain number of 
giga-pixels. This study used Cytomine for visualizing digitized histo-
logical slides, as it allows detailed exploration, such as by magnify-
ing the region of interest (zooming in/out). The teacher can create 
marked-out paths that pin-point different structures of interest, 
accompanied by questions and illustrated answers. Moreover, stu-
dents too have a layer at their disposal, for adding their own anno-
tations to the slides (Marée et al.,  2016). These functions present 
new opportunities in pedagogical engineering (Multon et al., 2015, 
2018) for addressing difficulties in learning histology, as reported by 
García et al. (2019).

Learning analytics and machine learning

Virtual microscopy is a digital learning platform that generates 
a substantial amount of user-related data. Big data are vast sets 
of heterogeneous data that can be analyzed, synthesized, and 
understood through specific statistical and algorithmic tools of 

machine learning (Shmueli,  2010). The analysis of such big data 
is called “data analysis.” However, in the case of educational data, 
it has been adopted as “learning analytics” (Brown, 2000), which 
involves collecting, analyzing, modeling, synthesizing, and com-
municating data on learners and their environments, for better 
understanding and improved learning (Pecaric et al., 2017; Viberg 
et al.,  2018). Learning analytics can produce and transmit infor-
mation about students' progress as learners, enabling the teacher 
to regulate and improve existing pedagogical practices (Lim 
et al.,  2021). Therefore, these data have a potentially profound 
impact on developing efficient teaching strategies, and identifying 
at-risk student populations and difficult subject areas. The use of 
learning analytics can also shed light on the factors that hinder, or 
aid, students' success.

Research questions

This study processed data on students' behavior with digitized 
slides, perceptions, and performances, using different predictive al-
gorithms (Cytomine®), to acquire learning analytics for the purpose 
of answering the following questions:

•	 Is it possible to identify the types of students' behavior in the con-
text of the virtual microscope, favorable for academic success?

•	 Is it possible to predict students' performance in Histology 
examinations?

•	 Are learning analytics relevant tools for regulating an instruc-
tional design suitable for excellent histology teaching?

MATERIAL S AND METHODS

Study population

Cytomine® users' data on students' behavior with digitized slides, 
perceptions, and performances were saved. Data were collected 
from 552 students enrolled in a histology course at the Faculty of 
Medicine, University of Liège. These students were divided into four 
groups: cohort 1 (320 first-year students of medicine, and 48 first-
year students of dental sciences), enrolled in the second semester of 
the academic year 2016–2017; cohort 2 (34 second-year students of 
biomedical sciences), enrolled in the first semester of the academic 
year 2016–2017; cohort 3 (94 first-year students of medicine, and 
six first-year students of dental sciences), enrolled in the second se-
mester of the academic year 2017–2018; and cohort 4 (50 second-
year students of biomedical sciences), enrolled in the first semester 
of the academic year 2017–2018. Each cohort was studied indepen-
dently to consider potential differences that might exist between 
groups, to validate the prediction model and to analyze the predic-
tor variables separately in order to correlate them specifically with 
their own examination.
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Instructional design

To characterize instructional design, the Biggs constructive 
model (Biggs,  1996; Biggs & Tang,  2014), which aligns learn-
ing outcomes, teaching methods, and assessment tasks, was 
employed. Histology theory was taught through ex cathedra 
courses, consisting of presentation slides with didactic images 
from existing literature. Practical work was divided into five 
sections, reflective of the five major histological tissue families. 
Specific learning outcomes were listed for each biological tissue 
type. These outcomes can be further separated into four distinct 
levels, from the least to the most complex, according to Bloom's 
taxonomy (Zaidi et al., 2017):

•	 Identification of cells, tissues, and histological specificities.
•	 Application of a diagnostic approach.
•	 Building a three-dimensional representation of histological 

structures
•	 Working out relationships between morphological structures, 

and their specific functions.

These learning outcomes were taught through a hybrid teaching 
method, with initial online sessions followed by face-to-face ones. 
Online sessions were broadcasted within the Massive Open On-
line Course (MOOC), “Introduction to Histology: Exploration of the 
human body tissues,” available in French and English on the France 
Université Numérique platform (https://www.fun-mooc.fr/en/) (De-
faweux et al.,  2019). It includes the use of the Cytomine® virtual 
microscope.

Each digitized histological slide, including route, identification, 
and introductory slides, fulfilled educational purposes. Route slides 
(Figure 1A) are teacher-annotated slides that enable students to fol-
low marked-out routes, indicating the structures or cells of interest. 
A histological question was asked at each point on the route, and de-
tailed feedback (text and pictures) was accessible. The identification 
slides (Figure 1B) are exercise slides that require students to associ-
ate a term with each tag, to identify the structures to which the an-
notations point. Finally, the introductory slide provides a tutorial on 
the use of a virtual microscope. A pedagogical alignment connecting 
teaching methods, pedagogical objectives, and evaluation methods 
was conceived (Figure 1C), to highlight reflection and coherence in 
instructional design.

Collection and analysis of perception data

The students in the different cohorts participated in the same 
online survey at the end of the course. The survey included four 
sections: identification, students' perceptions of practical work, 
students' perceptions of the use of Cytomine®, and students' per-
ceptions of achievement of educational outcomes. Perception data 
and the questionnaire used for data collection are part of an article 

published by our team (Pesesse et al., 2023) dedicated to the MOOC 
and its implementation.

User data collection

The Cytomine platform includes a large amount of data on user lists, 
image lists, and projects, with annotations and descriptions added 
by teachers. It also includes extensive data on user behavior, such 
as the number of connections to the platform on a specific image, 
students' exploration paths on an image, and the consultation of an-
notations. These data are saved on a secure main server, and can 
be retrieved locally. The data collected on the Cytomine® platform, 
relating to students' behavior useful for this study, mostly included 
visualizations of reference annotations (tags added by the teachers), 
users' positions in an image, and magnification. Users' positions on 
an image were recorded every 5 s, when the user altered the magni-
fication level, or stopped moving on the image. A list of the images 
of interest included in the instructional design was produced in CSV 
format for import. Each histological image was matched to its edu-
cational purpose, that is, as a route, identification, or introductory 
slide.

Performance data collection

Data on students' performances in both theoretical and practical 
examinations were collected. The practical written examination was 
composed of an open question, 10 identification questions, and 10 
multiple-choice questions (MCQs). The theoretical written examina-
tion was composed of an open question and 30 MCQs. The results 
were then encoded in a Microsoft® Excel® 2016 table and con-
verted into CSV format.

Machine learning

Data imported from Cytomine® servers to a local server can be 
processed by machine learning algorithms that predict on the 
basis of previous observations. In our setting, an observation 
was a student, and each observation was described by input vari-
ables corresponding to the aforementioned collected data. The 
machine learning model used in this study was based on an en-
semble of regression tree models, wherein observations are re-
cursively split into sub-sets, according to tests performed on input 
variables. This regression tree structure was preferred because it 
facilitates a better understanding of how the variables influence 
results. The current model was precisely based on the extra-tree 
regressor method (Geurts et al.,  2006), wherein the decisional 
node at each tree randomly tests all the available variations for 
selecting combinations, thereby avoiding over-adjustments and 
under-adjustments. This machine learning approach is also based 

https://www.fun-mooc.fr/en/
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F I G U R E  1  (A) Educational purpose of digitized histological slides on Cytomine®, the route slide. Routing the slide interface on a 
Cytomine® virtual microscope: Sign-posted learning paths are shown directly on the histological slides. These paths include numbered tags 
associated with the questions. The recommended magnification levels are described in this section. The standardized feedback includes 
text, images, and drawings associated with each question. (B) Educational purpose of digitized histological slides on Cytomine®, the 
identification slide. Identification of the slide interface using a Cytomine® virtual microscope: Exercise slides train students to apply the 
diagnostic criteria. The student must associate a term with each tag, for identifying the structures indicated by the tags. (C) Instructional 
design diagram presenting the alignment between the purposes of digitized histological slides, learning outcomes, and evaluation methods. 
The route slide trains in identifying histological structures, diagnostic approaches, 3D representations, and relationships between 
morphological structures and their specific functions. The identification slide identifies the histological structures and diagnostic objectives. 
These objectives were specifically evaluated through a practical histological examination.
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on an ensemble method that combines several trees for more pre-
cise predictions on small datasets. Thus, the extra-tree regressor 
method makes the most accurate predictions, by averaging all the 
tree predictions. An ensemble of 10,000 trees was used for the 
experiments.

Three publicly available scripts (Vanhee & Hoyoux, 2022) were 
required to sequentially import, process, and analyze the data for 
exploitable learning analytics. The “download_data” script allows 
the Cytomine® web application to import all, or selected data, to 
a local server. The “data_manager” script allows the elementary 
interpretation of data, by organizing it according to predefined pa-
rameters; it generates important information, such as gaze maps and 
scan paths. Following the application of these two scripts, percep-
tion, and performance input variables, were manually added to the 
generated data. Finally, the “data_learning” script generated the pre-
dictive statistics for drawing conclusions through the machine learn-
ing algorithms, in the form of histograms showing the most relevant 
input variables of behavioral parameters and histological images 
(exploiting the importance of tree-based variables), and correlation 
diagrams of user behavior and performance data.

The algorithm used on the user data on students' behavior on 
Cytomine® included 53 parameters, grouped into seven types, ac-
cording to their relevance:

•	 The number of digitized histological slides visited in total, or per 
module.

•	 Total number of positions on digitized histological slides per mod-
ule, and per slide, with or without magnification.

•	 Average median, and numbers of positions on one histological 
slide, with or without magnification.

•	 The average and median level of magnification.
•	 The total time spent viewing the slide, per module, and per slide.
•	 The mean, median, and time spent in viewing slides.
•	 The time spent in, and order of, clicking annotations by students.

RESULTS

Digitized histological slides' predictive value for 
student performance

Based on performance data of Cytomine® users, the machine learning 
algorithms identified those histological slides that were predictive of 
the scores obtained in the theoretical and practical histology exami-
nations, as well as the global grade for each cohort (Figure 2). Conse-
quently, of the total 45 slides part of the histology course, the 25 most 
predictive slides were identified. Among these, one appeared in “Unit 
1” (Introduction), four in “Unit 2” (Epithelia), three in “Unit 3” (Epithelial 
Glands), seven in “Unit 4” (Connective Tissues), six in “Unit 5” (Muscle 
Tissues), and four in “Unit 6” (Nervous Tissues); 14 of them were route 
slides, 10 were identification slides, and one was as an introductory 
slide in the virtual microscope tutorial. Five histological slides pre-
dicted the theoretical, practical, and global scores (Table 1).

Predictive variables of students' performances, related 
to the examination of digitized histological slides

Based on data on Cytomine® users' perceptions and performances, 
the machine learning algorithms highlighted those variables linked 
to the use of histological slides and annotations that were most pre-
dictive of each cohort's grades (practical, theory, and global) in the 
histology examination (Figure 3).

Among the 10 most predictive variables for each cohort, 35% of 
the entries corresponded to annotation scores per histological slide. 
This score was calculated on the basis of the tag area's magnification, 
and time devoted to this. Further, 19% of the entries corresponded 
to the annotations' order of visit (e.g. whether the student consulted 
annotation 1 before annotation 20). The order of these annotations 
was defined by the teachers and part of the slides' educational route. 

F I G U R E  1   (Continued)
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F I G U R E  2  Digitized histological slides with predictive value for students' performance. On the y-axis, the histograms illustrate the 
importance of the predictive images of practical, theoretical, and global grades for cohort 1. On the x-axis, the names of the predicted slides 
isolated by the algorithms are situated. Histological slides identified on the y-axis were classified according to their educational purpose 
(Introductory, Route, or Identification) in Table 1 for each cohort.
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Moreover, 19% corresponded to the number of positions while mag-
nifying on a slide, 7.5% corresponded to the number of positions 
without magnification on a slide, 5.8% corresponded to user scores 
(calculated on the basis of annotation scores, and were overall re-
flective of the use of all annotations on a slide), 3.3%, corresponded 
to the overall number of positions with magnification, 1.7% corre-
sponded to annotation scores per slide over a learning module, and 
finally, 1.7% of the total time corresponded to time spent on each 
slide. Survey questions related to forum usage, and self-assessment 
of time spent on learning modules (Pesesse et al., 2023), significantly 
influenced the predictive algorithm of cohort 4 (Table 2).

Predictive variables corresponding to examination 
questions for each cohort

The most predictive variables related to slide annotations were as-
sociated with several examination questions for each cohort, which 

were studied independently. In cohort 1, for the score of annotation 
number 1219665 on slide number 1219597, an identification tag of 
a striated cardiac muscle tissue, cut longitudinally on a heart slide, 
was the variable related to the most predictive annotation of practi-
cal, theoretical, and global grades. Their Pearson correlation coeffi-
cients, obtained from the “data learning” script, were 0.44, 0.42, and 
0.44, respectively. There were four MCQ-type questions on striated 
cardiac muscles in the practical examination (Figure 4).

In cohort 2, the variable related to the most predictive annota-
tion of the practical and global scores was the order in which the 
annotations were consulted. This was reading annotation 1 before 
annotation 2 for image 1216615 (hypodermis slide: route slide), 
the Pearson correlation coefficients of which were 0.65 and 0.69, 
respectively. On the same slide, the score of annotation 3 was the 
most predictive variable for the theory score, with a Pearson cor-
relation coefficient of 0.65. These annotations refer to the adipose 
tissue that was the subject of a MCQ in the practical examination 
(Figure 4).

TA B L E  1  Digitized histological slides with predictive value for students' performance.

Unit Name of the slide (reference)
Slide type (introduction, 
route (R), identification (I)) Cohort 1 Cohort 2 Cohort 3 Cohort 4

1 Tissue composition (1227247) I 1

2 Small intestine (1209160) R 2 1

Esophagus (1205626) R 2

Lip (1217722) I 3 1 2

Gastrointestinal junction (1218337) I 3 1 2

3 Fundus (1217514) R 2

Pancreas (1204731) R 1

Lip (1217927) I 1

4 Small intestine (1206962) R 1

Hypodermis (1216615) R 3

Trachea (1206852) R 2

Tibia (1205882) R 2 2 1

Rat tail (1210872) R 2

Trachea (1218530) I 2

Lip (1218120) I 1

5 Rabbit tongue (1200409) R 1 1

Myocardium (1202049) R 1

Heart (1213537) R 1

Eyelid (1213401) R 1

Anorectal junction (1218942) I 2

Heart (1219597) I 3 3

6 Vascular bundle (1207786) I 1

Nerve (1208906) I 2

Small intestine (1199971) I 1

Bone marrow (1219137) R 3

Note: Histological slides highlighted in the histogram in Figure 2 (for cohort 1) were classified according to their educational purpose (Introductory, 
Route, or Identification), that have predictive value for the grades obtained by each cohort in the histology certification exams: one, if the slide 
was predictive of one of the three categories of histology exam scores (practical, theory, and overall scores); two, if the slide was predictive of two 
categories; and three, if the slide was predictive of all three categories.
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F I G U R E  3  Predictive variables of students' examination performance, related to their behavior with digitized histological slides. The 
histogram corresponds to the set of predictive variables identified by the machine learning algorithms, presented on the x-axis, for the 
practice grade of cohort 1. The predictive strengths of the variables are represented on the y-axis. The correlation graph provided by the 
algorithms presents the most predictive variables isolated from the histogram and practical exam scores. The predictive variables (x-axis) 
were pooled and classified in Table 2 for each cohort.

TA B L E  2  Predictive variables of students' examination performance, related to their behavior with digitized histological slides.

Performance predictor Cohort 1 Cohort 2 Cohort 3 Cohort 4
Percentage from 
the total (%) Total

Annotations score per image 11 5 20 6 35.0 42

Annotations viewing order 4 5 2 12 19.2 23

Number of positions with magnification on one image 6 11 1 5 19.2 23

Number of positions on one image 1 5 3 7.5 9

User score 2 1 4 5.8 7

Number of positions with magnification 1 2 1 3.3 4

Annotation score per image over the duration of a module 2 1.7 2

Time spent on an image 1 1 1.7 2

Average number of positions while magnifying 1 0.8 1

Number of positions while magnifying during a module 1 0.8 1

Median number of positions while magnifying during a 
module

1 0.8 1

Medium magnification used during the module 1 0.8 1

User perception data 4 3.3 4

Note: The most predictive variables provided by the machine learning algorithms were listed for each cohort. The algorithm used on the user data 
on students' behavior on Cytomine® included 53 parameters, grouped into seven types, according to their relevance. Among the 10 most predictive 
variables were identified.
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In cohort 3, the variable related to the most predictive anno-
tation of the practical score was the order of visiting annotation 
19 before annotation 20 of image 1218337, with a Pearson cor-
relation coefficient of 0.20. These annotations are identification 
tags on the gastrointestinal junction slides. There were six MCQs 
on the gastrointestinal junction in the practical examination 
(Figure 4).

In cohort 4, the variable related to the most predictive annotation 
of the practical, theoretical, and global scores was the order of visiting 
annotation 12 before annotation 13 of image 1219137, with Pearson 
correlation coefficients of 0.5, 0.48, and 0.55, respectively. These an-
notations include astrocyte and oligodendrocyte identification tags on 
a spinal cord identification slide. There was an open question on these 
nerve cells in the practical and theoretical examinations (Figure 4).

F I G U R E  4  Relation between predictive variables provided by machine learning algorithms, and selected assessment questions for each 
cohort. For each cohort, an image, annotation, or some other predictive variable may have been associated with the subject specifically 
addressed by an exam question.
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A model validated by the predictability of student 
performance

The quality of the extra-tree regressor predictive model was as-
sessed by leave-on-out cross-validation. The model learns on n − 1 
observations, and is validated on the nth observation; this operation 
is repeated n times (Maree et al., 2019).

After evaluating more than 2500 variables related to Cytomine® 
use by students, this model predicted the grade that a student would 
obtain on examinations (practical, theoretical, and global), with an 
error margin of <0.5 out of 20 points, that corresponds to the differ-
ence between the estimated, and actual median scores. The quality of 
this prediction model depends on the cohort size, and the amount of 
data provided. Thus, for the current model, the difference between the 
actual and predicted medians, and Pearson correlation index, varied 
from one cohort to another. Thus, for cohort 1 (Figure 5), the practical 
examination score was predicted with an error margin of 0.34 out of 
20 points, and a Pearson correlation coefficient of 0.56. The theoreti-
cal score was predicted with an error margin of 0.06 out of 20 points, 
with a Pearson correlation coefficient of 0.52. The overall score was 
predicted with an error margin of 0.27 out of 20 points, with a Pearson 
correlation coefficient of 0.56. As illustrated in Table 3, the model was 
validated by four cohorts of different sizes.

DISCUSSION

With the COVID-19 pandemic, and consequent forced transition to 
distance learning, digital technology has integrated into education 
at an unprecedented pace. However, is it relevant to teaching in all 
situations? For nearly 25 years, there has been a debate between 
promoters (Kulik & Kulik, 1987), detractors (Russell et al., 1999) of 
digital technology in educational contexts. This illustrates the need 
of clear empirical evidence for understanding issues related to this, 
and determining the possibilities and limitations of such use.

Machine learning and deep learning have facilitated the exploita-
tion of big data generated by digital teaching tools, by increasing the 
power of predictive algorithms for the ultimate objective of improv-
ing education (Sin & Muthu, 2015; Kusunose et al., 2019). This study 
objectified students' behavior on the virtual microscope Cytomine®, 
and utilized their perceptions and performances as learning analytics. 
To this end, thousands of variables related to these parameters were 
collected and processed by predictive algorithms, that is, tree regres-
sion models. The relevance of the collected dataset was linked with the 
disciplinary field, learning tasks, learners, and pedagogical model (Ko-
lachalama & Garg, 2018; Cirigliano et al., 2020; Rienties et al., 2020).

A digital environment centered on learning 
outcomes and students

Specific histological slides and behavioral variables were identi-
fied as predictors of students' performances. For each module, the 

students were required to view distinct identification and route slides 
relevant to the algorithm. Identification slides allowed students to 
practice the histological diagnostic steps, by determining the slide's 

F I G U R E  5  Scatter plot between the predicted and actual grades 
(practical, theoretical, and global) for cohort 1. For each grade, the 
Pearson correlation coefficient is presented in a table, along with 
the delta score between the actual and predicted median scores.
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origin and nature. The route slides were marked with annotations 
that included questions related to the histological structures viewed 
on the slide, followed by the correct answers. For these types of 
slides, the three most predictive variables were annotation score 
per image, order of visiting the annotations, and number of positions 
with or without magnifying an image. These variables directly de-
pended on the students' investigation of slides, and the actions they 
requested teachers for achieving learning outcomes. Measurable 
and quantifiable learning outcomes were evaluated through practi-
cal histological examinations. Thus, we demonstrated that the imple-
mentation and use of a virtual microscope are relevant for achieving 
specific educational objectives, and validating instructional designs 
based on the Biggs model (Biggs, 1996; Biggs & Tang, 2014). In a con-
text wherein most education programs are decreasing the number 
of hours dedicated to teaching (Gribbin et al., 2022), teaching strate-
gies must be useful, effective, and focused on learning outcomes 
(Kaliannan & Chandran, 2012; Eng-Tat et al., 2023). The enlightened 
use of digital tools can help build an efficient teaching environment.

Upon reflecting on the student-centered use of virtual micros-
copy, one can conclude that using Cytomine® lends meaning to stu-
dents' learning experiences, and encourages commitment. Students 
who actively engaged in the suggested activities performed better 
in their exams. They spent more time on the slides, viewed them 
first at low and then at high magnification, and eventually left the 
marked trails to explore further on their own. They did not skip any 
step, and visited the route slide annotations in the order specified 
by the teachers, from the simplest to the most complex, to gradu-
ally master the subject. They consulted questions and answers, con-
ducted self-assessment, and identified the elements to be revised. 
This trained them in the techniques, and made them knowledgeable 

about the slides. Activities requiring greater cognitive engagement 
allowed students to prepare better for their examinations, be more 
successful, and ultimately acquire the necessary skills for passing the 
examinations.

Learning analytics have also made it possible to utilize perception 
data for predicting students' grades. The most relevant perception 
data identified by the algorithms concerned the use of the histol-
ogy course forum, and self-assessment of the time spent on learning 
modules. It would, therefore, be interesting to develop on the latter, 
for investigating whether a student's metacognitive reflection upon 
one's own learning method is directly impactful.

Digital environment as a tool for predicting 
performance

Our approach allowed predicting students' performances by an em-
pirical method that does not suffer from the weaknesses reported 
by Namoun and Alshanqiti (2021). Indeed, in their literature review 
on predicting students' performances from the learning outcome 
perspective, they cited various studies that suffered from limita-
tions, such as excessive generalization, lack of focus on results for 
evaluating performance, and poor quality of data and methodology. 
In our instructional design, based on Biggs's model (Biggs,  1996; 
Biggs & Tang,  2014), the students' results corresponded to the 
grades obtained in the practical evaluation of histology, conducted 
with specific educational objectives. An educational paradigm for 
achieving learning objectives is possible if the objectives are spe-
cifically identified, and their achievement is properly aligned with 
students' results (Premalatha, 2019). Moreover, our model predicted 

TA B L E  3  Scores (in theory, in practice, and overall) obtained and scores predicted by the extra-tree regressor model for each cohort.

Pearson correlation  
coefficient

Actual median score  
(score on 20)

Predicted median score  
(score on 20)

Delta 
score

Cohort 1

Practical grade 0.56 10.70 11.04 0.34

Theoretical grade 0.52 10.75 10.81 0.06

Global grade 0.56 10.57 10.84 0.27

Cohort 2

Practical grade 0.35 12.85 12.68 0.17

Theoretical grade 0.57 10.45 10.02 0.43

Global grade 0.44 11.57 11.62 0.05

Cohort 3

Practical grade 0.58 13.52 13.47 0.05

Theoretical grade 0.33 9.57 9.76 0.19

Global grade 0.50 11.54 11.55 0.01

Cohort 4

Practical grade 0.23 12.03 11.75 0.28

Theoretical grade 0.07 7.95 8.06 0.11

Global grade 0.24 10.1 9.85 0.25

Note: For each cohort, the Pearson correlation coefficient is presented, along with the delta score between the actual and predicted median scores.



12  |    FRIES et al.

students' theoretical and overall grades, reflecting global pedagogi-
cal coherence wherein practical and theoretical teaching coincide.

Thus, our model allows awarding students a predictive score, 
based on their behavior on Cytomine®, with an error margin of <0.5 
out of 20 points at different evaluations. Further studies are needed 
to determine whether, and how, communicating this information to 
students would be beneficial or harmful in improving performance 
(Hausman et al., 2023). Thus, this study, and the implementation of 
an interface that allows visualizing students' engagement, could be 
considered for identifying, and helping, low-performing students 
(Verbert et al., 2014). It would aid teachers in making necessary inter-
ventions early on in the learning process, such as advising students, 
monitoring their progress, developing intelligent tutoring systems, 
and devising institutional policies (Viberg et al.,  2018). Formative 
feedback is another important factor for successful student learning, 
development of professionalism in the field of morphological sciences 
(Camp et al., 2010; Youdas et al., 2013), and identification of students 
with difficulties in histology (Hortsch & Mangrulkar, 2015).

LIMITATIONS OF THE STUDY

The data acquired on user behavior were limited to students in the 
first year of medical and dentistry studies and the second year of 
biomedical sciences studies. Also, in this specific context, learning 
outcomes have been precisely defined and corresponded specifi-
cally to assessment modalities described in a previous study (Pe-
sesse et al., 2023). Although this study ought to be transposed to 
other learning environments for students in other fields with differ-
ent learning outcomes or for the use of virtual microscopes in other 
contexts, we should be mindful of how these differences affect the 
models used in this study.

The leave-one-out approach adopted in this study allows us to 
train models when the number of data points, in this case, students, 
is limited. In this approach, we train and refine our model on all but 
one student and then assess the prediction based on that student 
in an iterative manner. One limitation of this approach is that the 
same cohort is used for both training and prediction, though we do 
not have enough data to constitute two cohorts. While this study 
demonstrates the viability of our approach, further validation of the 
approach and model prediction errors on new cohorts will need to 
be carried out as future work.

Van der Niet and Bleakley (2021) warned the scientific commu-
nity against technological solutionism, given the pedagogical and 
ethical questions raised by the increasing use of artificial intelligence 
in medicine and medical education. Indeed, for artificial intelligence 
instrumentalism in pedagogy, the risk lies in limiting research to the 
evaluation of performance only, that shifts focus from skill develop-
ment and complex learning processes.

It is necessary to take advantage of this opportunity to assist 
students in their learning processes as we plan to collect further user 
data to assess the development of higher level thinking skills rather 
than performance only.

CONCLUSION

The analysis of big data generated by digital education environments, 
as learning analytics, allows choosing and implementing technology 
wisely, without assuming it to be some sort of silver bullet that per-
forms everything. This manner of using artificial intelligence offers 
unique opportunities for either predicting students' performances 
more accurately, or identifying and explaining the factors for such 
predictions. This study demonstrated that virtual microscopy is a 
powerful digital tool for teaching practical histology courses, if used 
relevantly by teachers and students. It empirically demonstrated the 
value of using a digital tool for pedagogical coherence.
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