Data-Driven Intelligent Tutoring System
for Accelerating Practical Skills
Development. A Deep Learning
Approach
Robert Marinescu-Muster, Sjoerd de Vries, and Wouter Vollenbroek

Abstract Our data-driven intelligent tutoring system presents promising results in
supporting and accelerating the skills acquiring process. For example, mapping of the
common latent variables enables the instructors and curricula designers to understand
better the relationships between different exercise items and thus to create improved
training scenarios. The case study results also reveal significant improvements in
accelerating the process of training welders: participants gradually started to improve
their welding skills after only 15 trials (approximately 1 hour of training using the
system).
Keywords Intelligent tutoring systems · Deep learning · Practical skills mastery ·
Data-driven education module

1 Introduction
In the last years, the advancements in computing capabilities coupled with increased
availability of huge volumes of data and deeper knowledge on computer algorithms,
revitalized artificial intelligence (AI) as a key component in various domains, from
automotive industry to medicine. In itself, artificial intelligence is an umbrella term
describing machines that simulate intelligence by performing large amount of computations at very high speeds. For instance, a self-driving car is basically a computer
program which learns about the environment by detecting patterns from large sets
of images containing vehicles, people, traffic signs, etc. It is then able to “see and
understand” data from sensors by calculating in real time the probabilities that an
object on the road fits in one of the learned categories: vehicles, pedestrians, traffic
signs, etc.
The ability to uncover patterns from past information and to recognize them in new
data made artificial intelligence extremely useful in education. Predicting students
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achievements, knowledge tracing, automatic evaluation of students’ answers in open
questions, or intelligent tutoring systems are just a few applications of AI in the
education field. In particular, intelligent tutoring systems (ITS) powered by AI have
shown impressive results in decreasing training time and improving education quality
[1, 2].
Therefore, there was a vast interest in the last three decades for establishing intelligent tutoring systems, designed specifically to support cognitive skills development
such as mathematics, physics, and chemistry.
However, little research was done recently regarding the development and implementation of ITS for supporting practical skills mastery. This is in spite of the fact
that early studies have shown that the length of learning sessions is reduced, while
the quality of skill development is improved considerably when practical training is
supported by ITS [3]. For instance, Lesgold et al. [4] showed that 20 h of training
using Sherlock system (a ITS for detecting plane breakdowns) was equivalent to
4 years of experience. Other studies in this area showed significant improvements
in acquiring rhythm and pitch skills with piano [5], significant decrease of required
instructor need and increased learning quality for power plant operator trainees [6],
and promising results from improving welding skills by using virtual reality space
as a training method [7]. In general, intelligent tutoring systems designed for practical skills development are seen as highly beneficial, especially for addressing the
need for highly skilled workforce [3, 8]. The gap in research and development of
intelligent tutoring systems for professional practical skills mastery is apparent, most
of the research being done in the late nineties and early two thousands. Julian and
Smith [9] also noted recently about the lack of research and development of intelligent tutoring systems for medical training, specifically in procedural and practical
skills (i.e., training for robotic assisted laparoscopic surgery). We believe that there
is a need for revitalizing research on this topic because the current state of the art in
artificial intelligence allows for new insights in this field.
This study aims at bridging this gap by proposing a data-driven method using
deep learning algorithms for designing an intelligent tutoring system to support practical skills development. The paper is structured as follows: In the next section, we
present our approach using recurrent neural networks (a class of deep learning unsupervised artificial intelligence neural networks [10]) for analyzing trainee activity
and uncovering relevant patterns of performance. Then, we describe a data-driven
monitoring infrastructure of an intelligent tutoring system and outline the results of
our approach in a case study of a deep learning training module for shielded metal
arc welding (SMAW) intelligent tutoring system-based training. We conclude with
a short reflection on future perspectives of such approach.
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2 Data-Driven Deep Learning ITS Framework
The main goal of an intelligent tutoring system is to support both students and
instructors in achieving higher learning quality. The benefits of ITS as support for
the traditional tutoring methods are related mainly to the possibility of continuous
student activity data processing for uncovering relevant patterns of performance.

2.1 Data-Driven ITS
In the context of practical skills mastery, the generated data stream is usually
high-dimensional and unstructured. Activity data is typically collected through a
matrix of various sensors which include motion sensors, cameras, wearables, etc.
Processing such amount of data is often one of the common deterrents in developing advanced ITS targeting practical and procedural skills mastery. Additionally,
the typical machine learning approach on performance pattern recognition requires
supervised machine learning processes in which data needs to be classified a priori
and all relevant features need to be provided to the system. This is often a tedious
process which requires extensive collaboration between instructors, researchers, and
ITS developers. Moreover, it also runs the risk of omitting relevant features which
describe trainee’s learning model.
There are specific requirements and limitations of traditional tutoring methods
that make ITS extremely beneficial:
• First, the instruction time is often long because of trial-and-error practice cycle,
especially for novices;
• Second, the experiential nature of the practical tasks induces a limitation on the
number of trainees an instructor can train at a given time;
• Third, the amount of feedback loops is inversely proportional with the group
size,as a result, instructors often focus on one particular group of trainees in
detriment of the others (e.g., focusing on the ones who make more errors, either
on the ones who make the most progress);
• Fourth, the costs of traditional practical training are extremely high, especially in
industrial or medical contexts.
Effective intelligent tutoring systems typically address most of these problems by
continuously monitoring the trainee activity, provide instant feedback and correction methods and provide instructors with detailed performance dashboards of their
trainees.
The key aspects of effective ITS are personalized feedback resembling one-to-one
tutoring and the ability to generate personalized learning paths for optimizing the
instruction time and the learning outcome [11, 12]. In order to achieve these, ITS
require continuous access to data streams.
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2.2 Recurrent Neural Networks
The advent of recurrent neural networks (RNN) offers promising advantages as
compared to traditional machine learning algorithms.
First, RNNs are a chained set of artificial neurons in which information is propagated recursively over time. This makes RNNs extremely suitable for analyzing
sequential data.
Second, in RNNs, the hidden layers of the network develop recursively on both
the system input and on their previous state. This makes RNNs suitable for learning
complex patterns that require also a form of memory over time [13], i.e., retaining
previous states and either use it or forget it when needed. This is a particular class of
RNN named Long Short-Term-Memory (LSTM).
Third, RNNs perform particularly well in fitting continuous, high-dimensional
time series (or sequential) data as input and predicting outcomes at later points in
time. This renders RNNs as state-of-the art algorithms in speech recognition and
translation [14], facial recognition [15], medical diagnostics [16, 17], or knowledge
tracing in cognitive skills ITSs [18].
Building on these advantages, we developed a data-driven RNN framework as a
basis for an intelligent tutoring system designed to accelerating the instruction time
for mastering practical skills. We propose the LSTM variation of RNNs to predict
trainees’ performance in future trials based on their previous activity.

2.3 Deep Learning Framework
At the core of the proposed framework lies the ability to detect performance patterns
from unstructured activity data collected by sensors in past training trials and to
predict the performance in the next trial. In general, if the predicted outcome is over
a particular threshold (e.g., 80%) in the next trial, the system advises advancing to
the next practical exercise. Conversely, if the predicted performance falls below the
threshold, then the system advises repeating particular exercises linked to the actual
performance.
There are four main outcomes of our proposed model:
1. map the exercise relationships—discovering the relationship between learning
items can provide information about the latent structure of learning concepts
related to practical skills, allowing clustering them based on direct influence
between items;
2. generate a personalized skills training curricula—generating the optimal path for
accelerated skill acquiring and stabilization of skills;
3. predict the probability of a failure in the next trial—given that the parameters remain constant, the model predicts the probability of failing to achieve
a minimum success ratio in the next trial;
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4. develop a personal attribution model of practical skills—each trainee has its
own personal style, which becomes apparent from the clustering of the main
parameters across trials. This can reveal valuable insights for optimizing the
practical skills training path based on the continuous follow-up on the evolution
of such clusters. For instance, it can be seen that two parameters are directly
influenced. This means that when the trainee makes mistakes in one parameter,
the other will also be affected negatively. Such information can therefore provide
personalized training advices by the instructor.
LSTM Model
The model is designed from the assumption that there are three stages of acquiring
practical skills [4]:
0—initial state, no skills are yet acquired. In this stage, the model offers a set of
minimum set of assessment trials for both basic skills acquiring and assessment of
the initial knowledge state.
1—the trainee acquired skills derived from practice in blocked batches—namely
the trainee has developed specific patterns related to particular situations (through
repetition). The model can use the data to predict trainee performance on a set
of competencies (clustered skills) and to offer a personalized optimal path for
accelerating the skill development and sustaining retention and transfer.
2—the trainee is able to perform in novel, complex and difficult situations without
dropping performance. Our model can develop a curriculum for skill retention and
transfer. For instance, it increases the complexity and difficulty of the tasks for
continuing the skill development (i.e., adjusting the thresholds of the parameters,
change the exercise type, add more difficult items, etc.) (Fig. 1).
The probability of a failure in the next trial is given by the equation:

Fig. 1 LSTM adaptive deep learning model
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P(y|x1:n ) = P nnet y (pool{LSTMx1:n })

(1)

The LSTM cell has three gates which control information flow. First gate is the
forget gate—this part uses a sigmoid function to decide whether to keep or not the
previous cell state (ht −1 ). Next, the cell decides which information to store in the
cell state using a sigmoid function (the input gate) and then using a tanh function to
generate a new vector of values. Then, a pointwise multiplication is applied to update
the cell state. Finally, the output gate filters the information by using a sigmoid layer
(outputs 1/0) and then pushing the output through a tanh function (the output in −
1/1). These can be expressed mathematically by the following equations:1
Forget Gate:


f t = σ (W f · h t−1 , xt + bt )

(2)



i t = σ (Wi · h t−1 , xt + bi )

(3)





t = tanh WC · h t−1 , xt + bC
C

(4)

t
Ct = f t ∗ Ct−1 + i t ∗ C

(5)

t
Ct = f t ∗ Ct−1 + i t ∗ C

(6)

t
Ct = f t ∗ Ct−1 + i t ∗ C

(7)

Input Gate:

Output Gate:

There are three main steps of training the LSTM model:
1. Data preparation—input data is structured as fixed length vectors, and the
values are normalized using MinMax normalization method [19]. Error events are
computed based on specific skill performance requirements (e.g., if the observed
values reach below an accepted predefined tolerance).
2. Parameter initial optimization—stochastic gradient descent optimized for
accuracy and loss minimization. Several dropout ratios are applied in successive
1 Parameter

description
W f = a matrix of learned weights connecting input neurons to hidden layers (ht );
ht−1 = the previous hidden state
x t = the input vector
t = timestamp
b(.) = scaling factor
t = candidate values vector
C t = cell state, C
it = input vector
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neuron layers to prevent overfitting. To prevent gradient explosion during backpropagation, we propose gradient clipping thresholds for truncating the gradients
if they overpass the threshold.
3. Hyper-parameter optimization—needs to be performed based on particular
architecture of the model and the data set. We recommend at least 128 hidden
units and 200 epochs, in line with findings presented by Piech et al. [18].

3 Data-Driven Infrastructure of a ITS
In the practical skills mastery contexts, data is generated from various sensors in
real-time or at a high-speed frequency. This puts immense stress on the computing
architecture that forms the backbone of the intelligent tutoring system. Considering
also the high-dimensionality and the inherent unstructured nature of the data (i.e.,
sensors can go offline or new sensors can be added based on the training tasks), the
system needs to be designed flexible-first. Our data-driven computing architecture
for an ITS in practical skills training is as follows:
•
•
•
•

sensor data is stored in a distributed file system as raw data files
trainees; data and other relevant information are stored in SQL databases
the data is processed in parallel clusters for speed and resilience
the deep learning module is a standalone machine which communicates through
APIs
• results are processed and then presented in an Web-based environment.
The picture in Fig. 2 illustrates the proposed ITS.

Fig. 2 Computing infrastructure for a data-driven ITS
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4 Case Study—the Augmented Welder Data-Driven Deep
Learning Intelligent Tutoring Module Application
Standard training method in shielded metal arc welding (SMAW) can be described
as a linear learning model: The instructor sets up a batch of exercises in accordance
with the level, duration of training and certification required. Typically, exercise
items follow a linear path, from easy to difficult, and the welding scenarios are
varied similarly. The instructor switches from trainee to trainee to evaluate their
performance and provide corrections if needed.
The augmented welder (TAW) is a training tool designed by Institut de Soudure-IS
(France) to support standard training methods and to speed up welding skills development for beginner welders and to improve the expertise of advanced professionals
[20]. In 2019, we implemented our proposed intelligent tutoring system based on the
deep learning framework as a data-driven education module in TAW.

4.1 Method
The goal of the module was threefold: first, to shorten the training time from absolute
beginner to novice and advanced welder; second, to enable “hyper-leaps” on the
linear learning process (that is, to enable trainees to jump directly to a more complex
scenario if they prove sufficient mastery in the current skill level) and to provide
advice in this respect; and third, to provide immediate feedback based on the current
performance and to enable access to performance metrics to both instructors and
trainees.
We used the data from TAW system collected during January–October teaching
sessions in 2019 to train our deep learning model. We used a 80–20 training-validation
split ratio on all the model variations employed. From the training partition, we kept
data from three participants for testing purposes.
In the process of optimization, we included three versions of the model based on
the trial windows to predict the performance of the trainee in the next exercise:
(a) using data from last three trials
(b) using data from last trial
(c) using data from all trials.
The model using last trial window as input data performed best in terms of accuracy
and loss minimization (Accuracy = 87%. L = 0.1621). The model using all trials
performed the worst, 67% accuracy and a loss minimization result of 0.4451. One
potential explanation is that using all trials data could introduce bias toward the
beginner welders (thus being more prone to welding mistakes) because they were
over-represented in the dataset (more than 50%). On the other hand, using only the
last trial window made possible a more appropriate estimation of the ratio between
mistakes and successes. We will explore these aspects in future trials.
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Fig. 3 Welding exercises used during trials

4.2 Dataset
The dataset for implementing the model consisted in welding results from 20 trainees
(17 male trainees, and three female trainees) in 536 trials originating from six welding
exercises. The exercises are presented in Fig. 3.
In total, there were around 31 h of trial data. Most of the participants used right
hand as the dominant (N = 14 participants) and were beginners (N = 11), followed
by five experts and four advanced welders. The average height of the trainees was
182 cm (SD = 4.1013 cm.), and their average weight was around 79 kg (SD =
6.6353 kg). Each welding session generated on average approximately 450 data
points (at a frequency of 2 s) covering 11 different sensors (angles, speed, arc-height,
etc.). The total data pool for training the deep learning model consisted in 139.620
valid observations.

4.3 Results
The deep learning data-driven module using last trial data window performed
substantially better than the others presented in the method section (AUCLastTrial
= 0.87, AUCLastThreeTrials = 0.78 and AUCAllTrials = 0.67).2
The exercise relationship map is providing an overview of the influence between
the exercises, moderated by the exercise difficulty and number of trials available
in the database. The map is realized by the model from the relationships inferred
from the available data. It can be seen that the most difficult exercises are having the
most influence on the others and that exercise 10/15 have a considerable influence
on the more difficult exercises. The model predicts that performing well in exercise
10/15 (medium difficulty) will likely result in a good performance on exercise 10/22
which is more difficult. Hence, it can advise the trainee to move to the more difficult
exercise if sufficient mastery is attained instead of repeating the same exercise. The
2 AUC = area under the receiver operating characteristic curve (ROC), representing the area under the

discretized curve of precision versus recall values (estimating the probability of a binary outcome).
More detailed explanations are available in [22].
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model calculates the likelihood that exercise T influences exercise W, in the sense that
performance on exercise T will influence the performance on exercise W (because of
shared latent attributes). The exercise relationship mapped by the model is presented
in Fig. 4.
The results of the model are available online to both trainees and instructors.
This allows the trainees to investigate their performance and reply particular low
performance moments. The instructors can evaluate the trainees on all or partial
trials, can rate the performance, and has the possibility to evaluate the quality of the
predictions of the deep learning ITS module. An excerpt of the data-driven feedback
dashboard can be seen in Fig. 5. The upper right part of the figure illustrates the trial
success predictions and the optimal training path for this trainee (Fig. 5).

Fig. 4 Exercise relationship map

Fig. 5 Data-driven ITS feedback dashboard—trainee view. In the picture, red represents higher
mistake ratio, while blue means lower. The training expertise gain is visible in the chart by the
changing of colors on the majority of the parameters monitored (P1, P3, P4, and moderately
improved on P2) after Trial 13
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5 Discussion
In this paper, we introduced a full-fledged deep learning framework for developing intelligent tutoring systems in practical skills mastery, together with a case
study presentation of a pilot implementation. We built our approach to address the
need for developing intelligent tutoring systems for practical skills mastery, which
are extremely important in training and continuous professionalization of skilled
professionals.
The system presents some very promising results. First, the mapping of the
common latent variables enables the instructors and curricula designers to understand better the relationships between different exercise items and thus to create
improved training scenarios. Second, the system allows for continuous data collection and is designed with flexibility at the heart. Last but not least, the data-driven
intelligent tutoring system based on deep learning algorithms removed the need for
labeled data. As such, there is no need for the instructors to pre-evaluate and label
the trials used to train the models. Instead, the LSTM is able to work with any input
that can be expressed as a sequential vector.
One limitation of the deep learning framework is the need for substantially large
amount of training data. Therefore, it can be suitable in setups which have the possibility of generating large volumes of data (e.g., industry, medical) but not in small
groups. We should also consider the interpretability of such recurrent neural network
models as an important limitation, especially in the context of predicting human skills
acquisition based on past performance where specific temporal events are important.
One way to address this is to use a combination of attention and post-analysis methods
as suggested in [21].
The implementation of artificial intelligence in developing intelligent tutoring
systems for practical skills mastery leaves many directions for future research
and development. For instance, further research can focus on different industrial
processes which require similar training facilities. Similarly, another direction can
explore the impact of such tools in developing continuous professional education
programs, for accelerating the mobility from beginner to advanced users.
We continue the collaboration with Institut de Soudure for deepening our
understanding of the proposed framework and for intensive validation of the model.

6 Conclusion
Our data-driven Intelligent Tutoring System presents promising results in supporting
and accelerating the skills acquiring process. For example, mapping of the common
latent variables enables the instructors and curricula designers to understand better the
relationships between different exercise items and thus to create improved training
scenarios. The case-study results also reveal significant improvements in accelerating the process of training welders: participants gradually started to improve their
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welding skills after only 15 trials (apprx. 1 hour of training using the system). The
data-driven module is a critical module on the TAW platform and is expected to open
advanced opportunities for welding training and professional welding. We consider
it as an example of a “data-driven skills training platform.” The design is expected
also to be applied in other professional skill set domains. Our innovative analytics
approach, the distinction between learning, design, and quality analytics, has proven
to be applicable and practical.
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