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The world is currently living through what some have called the fourth industrial
revolution (Schwab, 2017). In this framework, the first three revolutions related to
water and steam power, electric power, and electronics and information technology
to automate production, respectively. This fourth industrial revolution is character-
ized by technologies that blur the lines among the physical, digital, and biological
spheres and include such advances as the Internet of Things, 3D printing, nano-
technology, quantum computing, and, most importantly for this chapter, artificial
intelligence (AI). Use of Al has increased in the last decade and is a large driver of
innovation (Rust & Huang, 2014). In obvious and less obvious ways, Al is already
impacting many areas of daily life (Poola, 2017). Al gets attention for high-profile
uses, such as in autonomous vehicles or how it’s proving more accurate than expert
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radiologists (e.g., Hosny et al., 2018; Schwarting, Alonso-Mora, & Rus, 2018). Al is
also being used in smaller ways to subtly improve areas of modern life, such as in
unlocking a phone with facial recognition, giving grammar advice for writing, filter-
ing emails as spam, giving users personalized ads when browsing the web, or helping
banks identify fraud (e.g., Ryman-Tubb, Krause, & Garn, 2018). Already ubiquitous,
Al, and the fourth industrial revolution more broadly, promises to impact almost
every field and job, including simulations and training.

Crucial to understanding how Al is changing the field of simulations and train-
ing is first examining where simulations started. Simulations are built to mimic or
reproduce a specific context. The typical goal is to train or measure in an environ-
ment at lower risk than learning on the job. For example, it’s not best practice for
a pilot to learn how to perform a difficult maneuver or a surgeon to try out a new
technique in the high-stakes context of their actual work. Perhaps an organization
simply wants to train a leader to be a better communicator or give higher-quality per-
formance appraisals. Simulations allow for structured, safe, and deliberate practice
in a lower-stakes environment to develop skills that will transfer to the higher-stakes
circumstances in the workplace.

Simulations exist across a wide continuum, from highly realistic and technical
(e.g., a flight simulator that accurately reproduces all of the controls in a plane) to
more conceptually representative, like a paper-and-pencil activity. At a high level,
the concept of fidelity can be demonstrated by how closely a simulation can recreate
the appearance and potential dynamics of the simulated scenario. A realistic flight
simulator would be high fidelity, whereas the paper-and-pencil task would be lower
fidelity. Though some have criticized the concept of fidelity as poorly defined (e.g.,
Norman et al., 2018), the term is still useful for framing thinking about simulations
in the field. High-fidelity simulations may create colossal amounts of data. In the
context of a flight simulator, the computer could record what inputs are made, how
quickly they’re made, how much pressure is applied, where the individual in the
simulation is looking, and vital signs of the participant. With many of these issues,
a novice may not be able to comprehend the importance of so many measures, but
experts are able to take all of these inputs and provide specific feedback, advice,
or general conclusions that can improve the performance of the participant in the
exercise. On the other end of the fidelity spectrum, a training exercise could have a
leader going through a developmental assessment center, where they work through
an in-basket task writing emails, solving problems, or organizing their calendar
(Motowidlo, Dunnette, & Carter, 1990). Again, a large amount of data is being cre-
ated and historically has relied on expert human judgment to determine the quality
of performance across the range of constructs being measured.

How can simulation performance be accurately scored across varying levels of
fidelity? High-fidelity simulations may have a large number of variables with vary-
ing degrees of importance, but performance in low-fidelity simulations may still be
difficult to measure and quantify empirically. For example, how do you quantify the
outcomes of the simulation designed to score a proficiency exam or determine who
among a group of applicants should be hired for a position? While much research has
gone into measurement, less work exists to combine these sources of data to predict
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important criteria (Sydell et al., 2013). We introduce the concept of fidelity to show
that Al can be useful across a wide range of types of simulations, regardless of the
type of data that is generated.

The issue of what to do with all of the data generated by simulations and how to
score them in reliable and valid ways are where Al has the potential to significantly
impact how simulations are used. And while Al is changing the field, these changes
were not unanticipated. That is, scholars have pointed to this future long before
technology had the models and processing power to bring them about. Scholars
pointed to two major predictive improvements in the area of scoring simulations:
(1) combining information across item types and assessment experiences, and (2)
leveraging the power of increasingly large sample sizes (and data sources) (Sydell et
al.,2013). Alis following through with these promises and has significant implications
for training and simulations, specifically because of its ability to automate scoring
of data sources that were previously impossible to score by machines (or even,
sometimes, by humans) and through more accurate models of scoring.

Of course, like many new technologies, Al won’t destroy and replace what came
before it, but rather provides a new tool. This chapter discusses what Al can do,
what it can’t, and offers suggestions for users to start incorporating it into their own
work. We believe Al will change the way simulations are used to select and train
individuals by allowing simulations to be more easily scaled, automating previously
manual scoring approaches, and helping experts design better and more predictive
weighting schemes to create more optimal scoring models of complex behaviors.

ARTIFICIAL INTELLIGENCE AND REPRODUCING EXPERT RATINGS

Automation within the field of human factors has been an area of interest for years.
Since their invention, computers have become exponentially more powerful and
cheaper following a pattern called Moore’s Law (Moore, 1965). Several books within
the field of human factors have been dedicated to the subject (e.g., Parasuraman &
Mouloua, 1996; Mouloua & Hancock, 2020), and hardware and software are consis-
tently making more complex automation possible. Mosier and Manzey (2020) dis-
cuss automated decision support systems (DSSs) and the value these systems provide
in reducing user bias across a variety of industries. But what if it was possible to use
expert human judgment to train a system and remove the experts from the loop?

In many disciplines, expert human judgment is leveraged for decision-making
in complex tasks. From doctors reviewing patient MRIs to assessors evaluating
assessment center candidates, expert judgment has been shown to outperform novice
judgment (Salkowski & Russ, 2018; Schleicher et al., 1999). Wickens et al. (2016)
described decision-making as including the following key features: uncertainty,
time, and expertise. These features are certainly present in many high-stakes envi-
ronments where decisions must be made. The complexity of human decision-making
is ripe ground for AI as advances in hardware and software make replicating com-
plex human decisions more feasible.

While AI from the 1950s to the 1980s often involved explicitly programming
symbolic representations of logic and decision-making into the computer, coined
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“Good Old-Fashioned Artificial Intelligence” (Haugeland, 1985, pg. 112), more
recent conceptualizations of Al have leveraged the idea of machine learning and
the understanding that the software can program itself if given enough data. The
availability of more processing hardware at lower costs has allowed for more
and more model parameters and the introduction of deep learning. Model param-
eters, which are defined as variables internal to the model that are estimated using
data, are extremely important to all of machine learning. An example of a model
parameter in a linear regression is a beta weight, which is estimated by optimiz-
ing for best fit. In the field of natural language processing, parameters in the
order of magnitude of several thousand via bag-of-words were considered large
just a decade or two ago. Now, we have architectures like BERT with 345 mil-
lion parameters (Devlin et al., 2019) and, more recently, GPT-3 and its 175 bil-
lion parameters (Brown et al., 2020). These algorithms consist of an input layer,
where data is fed into the model, several hidden layers, and an output layer where
a specific prediction is made. This is considered deep learning because the neural
network has several hidden layers.

The increase in the size of the parameter space leads to more and more complex
representations of the data via the layers and internal neurons’ ability to extract very
specific subsets of information from the input data. These complex algorithms make
it possible to replicate human judgment on natural language-based tasks, such as
evaluating the quality of an essay, a written job simulation, or even a job candidate’s
interview response. This approach can be leveraged for automating simulations and
systems where trained professionals currently need to evaluate natural language-
based responses and make decisions. The need to automate the understanding of
human language exists across several domains. In the medical field, this technol-
ogy has been used to take clinical notes and predict hospital readmission (Huang,
Altosaar, & Ranganath, 2020) and patient diagnoses from electronic health records
(Franz, Shrestha, & Paudel, 2020). In the field of human resources, natural language
processing has been used to automate job analysis (Mracek et al., 2021) and the scor-
ing of work simulations (Tonidandel et al., 2020). In the following pages, we will
outline a process for developing an algorithm that can replicate trained subject mat-
ter experts when it comes to evaluating work simulations and interview responses
based on the written or spoken English language.

Assessment centers, in-person or virtual, often have several writing exercises
in the form of in-baskets that require participants to respond to an email from a
peer, boss, or customer. These unstructured text responses can then be evaluated
for competencies relevant to success in the role. Extracting scores from these
responses requires no small investment in resources. The responses can be lengthy
and accurate ratings require review by trained evaluators, knowledge workers who
receive substantial compensation for their expertise. In addition, the process itself
is extremely repetitive, which can lead to a vigilance decrement (Thomson et al.,
2015) extremely common in such work. Transformer-based NLP algorithms are
most effective for use with such long-form responses. Simple chat simulations or
short answer responses would likely not benefit from the added complexity these
algorithms provide.



Scoring Simulations with Artificial Intelligence 261

TRADITIONAL APPROACH TO SCORING OPEN-ENDED
CONTENT: RATER TRAINING

The traditional method for scoring open-ended content is an expensive process in
terms of both time and money. Almost by definition, the SMEs qualified to provide
ratings on a complex subject are going to be both busy and expensive. Using them to
rate and evaluate a large sample of any product will be challenging, whether in an
academic or applied context. In the context of an organization, maintaining a stable
group of trained judges can be challenging as people leave the organization or their
original role. Furthermore, if ratings of a particular product are needed in a timely
fashion, it may be difficult to get quick work from a judge. Plus, several of the steps
require the judges to coordinate and discuss a shared frame of reference.

Al isn’t going to remove humans, or in this case experts, on a given topic, but
rather change their role. Using AI won’t be as simple as just applying an algorithm
and solving a problem; the tools described in this chapter still require significant
effort to ensure appropriate data is being fed into the system. If the end goal is a pro-
gram that can rate a work product, such as a writing sample, a large pool of writing
samples as well as expert ratings of these samples would be needed. The way these
expert ratings are collected, even for the purposes of building an Al model, is going
to look a lot like it has traditionally. A large pool of literature dating back several
decades exists on how to train raters most effectively (e.g., Bernardin & Buckley,
1981), and all of these proven steps still need to be followed. At its core, what data
scientists are trying to do is translate a large amount of text or other data into a
useful and reliable score in a standardized way. Once this training is completed, a
set of judges with a shared mental model of the constructs being assessed will have
been created. Deep learning can then be used to recreate these expert ratings, and
ultimately be able to rate new writing samples independent of human judges in a
reliable and valid way.

While many approaches could be used, frame-of-reference training is perhaps
one of the most popular (Roch et al., 2012). Conceptually, the goal of this training
is to get all judges onto the same metric to minimize differences due to judges with
unique ideas about what is important when rating task performance. The first step
is to create rating benchmarks and standards for all variables to measure. For exam-
ple, in a writing sample, it’s possible to rate overall quality and also more specific
constructs such as grammar, vocabulary, and style. To create these benchmarks,
the collection of writing samples would be reviewed to find examples of various
anchors on the scale, such as at 1, 3, and 5 on a 5-point scale. This process would be
repeated for each of the variables the judges will rate. Once the benchmarks have
been built, all the judges meet to work through a small sample of cases. For each of
these cases, they would provide ratings for each variable and then discuss them until
they came to a consensus (i.e., shared-mental model) on what a “5” looks like, what
a “3” looks like, etc. Once the judges appear to be rating in a consistently similar
way, the judges would proceed to review the entire sample and rate all cases. For the
purposes of Al, several hundred rated samples would be needed, typically with at
least three judges to ensure confidence that the “true” rating for each writing sample
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has been obtained. There may be a need to have periodic meetings and calibrations
to account for things like rater drift (Harik et al., 2009). Once the judges have rated
several hundred cases, an important check is to review inter-rater reliability, or the
degree to which raters are consistently giving the same ratings on each variable of
interest for each sample of writing. See Hall and Brannick (2008) for a good review
of the various considerations when choosing a metric for inter-rater reliability, and
Gibson and Mumford (2013) for an example of this rater-training process used in
practice.

Of course, many judgment calls will need to be made about specifics in the
process. We prefer to be conservative about ratings to ensure the highest quality
data to train the model. For example, in some contexts, once judges have established
sufficient agreement, only one judge may be needed to rate new data. This is more
likely to be viable in cases with extremely high inter-rater agreement or when
rating more concrete variables (e.g., a construct that has been very specifically
operationalized). In other cases, raters may be allowed to have different ratings on
a specific instance as long as, on average, they’re in agreement (e.g., one rater gives
a “2” and another gives a “5” on the same product). Given the relative newness of
using these algorithms, we have opted to be more conservative, such as expecting
ratings to have evaluations within one point of each other on a 1-to-5 rating scale.
Thus, if the first rater evaluates a work sample as a “4,” the third rater would need
to have an evaluation of 3, 4, or 5, for that same work sample; otherwise, they would
need to meet to discuss and draw a shared conclusion.

Now that labels have been created, the next step is identifying the algorithm
to be used. While bag-of-words (Zhang, Jin, & Zhou, 2010) and long short-term
memory recurrent neural networks (Hochreiter & Schmidhuber, 1997) are reason-
able methods to use, they both have shortcomings that are beyond the scope of this
chapter. Note that many of the approaches described in this chapter are new and are
still actively being developed, so rather than dive into a technical guide of a given
method, it is more useful to review broadly the considerations when choosing an
analytic technique. More recently, Vaswani et al. (2017) introduced the transformer
architecture, and Devlin et al. (2019) and Liu et al. (2019) expanded upon the trans-
former architecture to create the current state-of-the-art model: the bidirectional
encoder representations architecture (BERT). This architecture has the capacity to
take in embeddings as representations of the words and adjust those representations
depending on the words coming both before and after it. These word embeddings
hold information about the word or token’s relationship to other words. This makes
it possible for the language model to understand that in most cases, the words “cus-
tomer” and “client” are very similar. While this architecture was originally very
successful at predicting masked words (i.e., what a hidden word was most likely to
be given surrounding words) and similarly creating state-of-the-art language trans-
lations (i.e., Google Translate), the researchers quickly realized it could also excel
in downstream tasks, like question answering, predicting sentence sentiment, and
more. These downstream tasks are tasks that the model wasn’t explicitly trained for,
but could be trained to do with new data and sufficient computational power. Because
of its ability to produce accurate results on a number of complex natural language
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processing tasks, this architecture is ideal for the downstream task of replicating
human evaluations on complex human behaviors within written work simulations.

THE ARCHITECTURE

BERT is freely and readily available via Hugging Face (huggingface.co). There are
many variants to choose from, but we recommend RoBERTa’s base model. There
is also the need for hyperparameter tuning of the model. Hyperparameters are
parameters outside of the algorithm itself that control how the algorithm performs.
In neural networks, these can be things like learning rate, percentage of nodes/
neurons that are dropped (dropout), optimization function, batch size, and more.
We found success trying differing learning rates and dropout rates while using the
largest batch size that could fit into memory.

THE DATA

An important point about machine learning and deep learning in general is that
the algorithms are extremely powerful when it comes to learning from the data
they were trained on. For this reason, users need some form of a holdout set to
ensure predictions will generalize on responses outside of the specific responses
the algorithm was trained on. When hyperparameter tuning, users will want to
use a cross-validation strategy to prevent inadvertently overfitting to the holdout
set. Hyperparameters, unlike model parameters, are parameters that need to be set
outside of the model itself, but can have an impact on the quality of prediction.
For this reason, it may make sense to test a variety of combinations to identify
the best set for your given data. One common hyperparameter for the transformer
architecture is learning rate, which is simply the size of the update step used for
moving along the gradient. Another common hyperparameter is neuron dropout.
This is the proportion of neurons within the hidden layers that are randomly set
to zero. This is an extremely effective regularization technique for deep learning.
First, test different hyperparameters on a k-fold cross-validation sample set. A k-fold
cross-validation set involves slicing your data into k-folds; common k’s used would
be 5 or 10. For example, given a dataset with a sample size of 1,000 and a 5-fold
cross-validation, 800 responses and labels would be used to train the algorithm, 200
responses would be predicted, and then the process would be repeated with each set
of 200 being used as the holdout set. When hyperparameters are found that provide
satisfactory results, train the final model on a training set consisting of roughly 80%
of the data and evaluate the model’s performance on a holdout set of 20% of the data.

We also recommend data stratification, which consists of identifying differences
in the data and ensuring those differences are consistent across the folds. The
outcome/label is that it is important to ensure it is stratified across folds. Other
things to consider may be the length of the responses, the population the sample
was taken from, and any other parameters that may differ within the data. This
stratification ensures that the model is consistently being trained and evaluated on
very similar data.
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An example we have used this on was virtual assessment center in-basket email
responses used as part of a multi-method assessment for job selection. Candidates
responded to a fictitious email from a colleague inquiring about a problem they were
facing and asking for guidance on how to proceed. The candidate was asked to respond
to the email with recommendations for handling the specific situation. This response
was evaluated on a number of competencies, from effective communication to an abil-
ity to drive results. One thousand responses were labeled by two trained subject matter
experts on each of the competencies operationalized using predetermined behaviorally
anchored rating scales, and the two raters had to come to a consensus on the compe-
tency rating. The responses and labels were then stratified across label distributions
into both 5-folds and a final unrelated 80/20 split for final algorithm training.

Several different dropout rates ranging from 0.05 to 0.15 and several different
learning rates ranging from 1-e3 to 1-e6 were tested. The means and standard devia-
tions of the correlations along with the means and standard deviations of the mean
squared errors (MSEs) on the holdout folds were compared to one another and a final
set of hyperparameters was chosen. MSE was chosen as the optimization function
because our specific purpose involved a regression-based output. The best hyperpa-
rameters were then used to train a final model on the original 80/20 stratified split.

OuTtput

The final result is a deterministic algorithm that can be used to make predictions on
new work samples within milliseconds of when the candidates produce them. The
algorithm is deterministic in the sense that, given identical inputs, it will always
produce an identical output. This differs significantly from the stochastic nature
of the deep learning training process, where given the way the model is trained
each time you retrain it, you will end up with different parameter weights and
thus different predictions. A current paper by some of the authors (Thompson et
al., forthcoming) found correlations between SMEs and the algorithm predictions
that averaged above 0.84 on seven separate competency/work simulations. We also
found that, on average, predictions on the competencies were within one point of the
consensus (on a 1-5 scale) SME evaluations 91% of the time and within 0.5 of the
consensus SME evaluations 66% of the time, providing evidence that the algorithms
are consistently and accurately replicating the SMEs’ evaluation of the job candidate
on these job-relevant competencies. In an effort to examine how good or bad these hit
rates were, the algorithm was compared to the pre-consensus SMEs. This evaluation
found that 75% of the time the SMEs were within one point of each other on a rating
before consensus. This research suggests that not only is the algorithm evaluating the
responses very similarly to the consensus rating provided by the two SMEs, but it is
also producing more consistent ratings than any one SME.

OTHER CONSIDERATIONS

As was mentioned earlier, there are other options for replicating work simulation
evaluations on natural language data. Our research found that the transformer
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architecture outperforms the bag-of-words and LSTM architectures using 25% of
the sample size. With a training set of 250 responses, we found that the evaluations
on the holdout of 250 responses were more accurate than when using 750 responses
to train the bag-of-words model. This is almost certainly a result of the transfer
learning these transformers provide. As briefly discussed earlier, the transformer
architecture comes with data built into it via its language model. It naturally has
a vocabulary and representations of that vocabulary from the original purpose of
the architecture, which was to predict masked words and upcoming sentences.
This encoded information allows the transformer architecture to make robust and
generalizable predictions on several downstream tasks with fractions of the data of
more naive architectures/implementations.

While the above may not provide a step-by-step review of how to use the
described tools, it should provide a conceptual overview of the process by which
work simulations can be evaluated using SMEs and leveraging the transformer
architecture to produce highly accurate predictions on never-before-seen responses
to the same work simulation, effectively removing the human rater from the loop
and automating what was once considered an extremely complex task that required
human expert judgment and decision-making.

SCORING ACTIONS IN SIMULATED ENVIRONMENTS

Beyond unstructured text (i.e., text that does not have a predefined format), simulations
capture detailed data about an individual’s actions within the environment, including
their motions, interactions with objects, and contextual information (e.g., time stamp,
NPC). Event and motion data could have transformative potential and utility for
scoring performance and providing feedback in virtual simulations. Actions within
simulations are often logged by the software in a way that would be impossible
for human raters to comprehend. Simulations produce a rich source of data on
individuals, providing a considerable opportunity for training Al/machine learning
models to identify new metrics and features relevant to success. Nonetheless, this
source of data also comes with additional complexity and considerations that makes
it difficult to structure and analyze.

TRADITIONAL APPROACHES TO SCORING SIMULATIONS

Scoring and rating simulations still rely heavily on SMEs to generate scoring metrics
and provide trainee feedback. The current gold standard for scoring such simulations
is to leverage SMEs to develop a mapping from an individual’s actions to the quality
of their performance within the simulation, typically by providing ratings along the
relevant dimensions of interest for the virtual simulation (Boyle et al., 2018; Oquendo
et al., 2018). This is often performed during validation of a training simulation or
when the simulation is used for evaluation purposes. Trained raters then use assess-
ment tools (e.g., rating rubrics, checklists) to score and provide feedback to trainees.
Nonetheless, scoring approaches that use SMEs have a focused perspective that
often uses only a small amount of the available simulation data. SMEs are especially
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valuable because they can identify and measure complex and abstract behaviors and
constructs within simulated environments, but often at a high cost due to the required
expertise and training. The reliance on SMEs for scoring and rating simulations is
not cost-effective in providing scalable feedback and high-fidelity training to enable
widespread adoption. Al/machine learning techniques are particularly good at iden-
tifying patterns and therefore could help supplement traditional scoring approaches
with a scalable alternative. Expert ratings for unstructured, non-text data would be
invaluable for training an Al to identify mistakes and potential errors in real time,
which in turn would enhance feedback and skill acquisition.

An alternative approach for more scalable scoring is to produce simple metrics
based on SME domain knowledge that can be easily calculated in an automated
fashion. This manual feature engineering typically results in a small number of
easily interpretable metrics. For example, the Fundamentals of Robotic Surgery
(FRS) has offered standardization for scoring using a set of metrics, such as time-to-
completion and deviation in cutting from a prespecified region. It is also commonly
employed in game-based assessments using evidence-centered design (ECD), which
specifies relationships between actions in a simulation with concepts the student is
trying to learn (Mislevy, Steinberg, & Almond, 2003). This approach, while scalable
and simple to deploy, suffers from multiple drawbacks. First, these methods are often
poor indicators of actual performance on these tasks (Mills et al., 2017). Additionally,
the extraction of SME knowledge requires the use of time-consuming methods, such
as cognitive task analyses, to derive the simple scoring system. Finally, manually
engineered metrics are often highly specified in a context, making generalization to
new scenarios challenging. For example, we would likely observe large differences
between ideal metrics for scoring heart surgery compared to bone surgery.

Ideally, simulations should provide a scalable method for the administration and
scoring of a scenario relative to the size of the trainee body. The point of simulations
is to provide easy and safe practice for skills training, where the quality of learning
during simulations is dependent upon the quality of feedback provided to the
learner. Research has demonstrated that machine learning-aided skills evaluation
is a scalable and automated means for measuring and collecting data on multi-
dimensional evaluation constructs (Vedula, Ishii, & Hager, 2017). However, as we
note, the applicable approaches are dependent upon the collection and structuring of
training data, which often includes a time-based component.

DATA REPRESENTATIONS FOR MODELING SIMULATIONS

Virtual simulations generate detailed logs recording the actions made by the user
and events that occurred within the virtual environment. These logs provide a rich
source of information about the user; however, they are typically stored in formats
unsuited for direct application in machine learning models. The logs contain infor-
mation unrelated to modeling goals, are sampled at excessively high frequencies
(e.g., location at each millisecond), and are stored in a representation that is subop-
timal for direct use in modeling. The first step of the machine learning pipeline is
to preprocess this data into a format amenable to analysis. Simulators sample at a
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high frequency, as it is trivial to record the data and critical to capture every relevant
action taken by the user, causing data files to quickly become extremely large (e.g.,
gigabytes per person). The high-frequency sampling rate causes many data points
to be redundant, since the time between samples is so low that few actions have
been performed. Down-sampling the data while ensuring critical actions are still
recorded can dramatically speed up modeling time at little to no cost to predictive
performance. It can also be necessary to adjust the sampling rate of data when merg-
ing across multiple sources, such as eye-trackers, videos, and tool motion (Vedula,
Ishii, & Hager, 2017). The multi-modal data streams may be collected at different
sampling rates through separate software, requiring adjusting the sampling rate of
the disparate data streams to align time stamps for merging. Next, the log data is
transformed to remove noise and make it easier for the model to learn the desired
relationships. Transformations can occur across two axes: static and temporal. Static
transformations translate representations on the observation level (i.e., each time
point) from the goal of efficient storage for the simulator software to being more
closely aligned with the objective of the model. For example, in game-based learning
environments, it can be helpful to encode the user’s goals, accomplishments, actions
(e.g., talking to a non-playable character or NPC), and the entities with which they
are performing the actions (e.g., the name of the NPC) (Geden et al., 2020; Min et al.,
2017). It can also be useful for defining complex actions, such as the type of strokes
made with a surgical tool in surgical simulations (Ahmidi et al., 2015). Additionally,
temporal transformations remove trends and seasonal changes from the time series
to remove undesirable artifacts from the data. A couple of common temporal trans-
formations are taking the moving average, differencing, and detrending sessional
components (Wei, 2006).

Manual feature engineering can also be used to improve the performance of a
model by providing it with an SME’s heuristic for interpreting the environment.
While certain models are able to automatically generate features from raw data (e.g.,
deep neural networks), these approaches require large amounts of data to learn these
complex relationships. SMEs can provide a curated set of features relevant to the
task, allowing for the model to focus on the mapping from the heuristics to the
outcome variable without having to learn the intermediate representation (Vedula,
Ishii, & Hager, 2017; Uzuner, 2009; Kuhn & Johnson, 2019; Krajewski et al., 2009;
Garla & Brandt, 2012). While potentially effective, manual feature engineering is
a time-consuming and domain-specific process requiring SMEs to encode their
knowledge, illustrating the continuing importance of SMEs in the development of
new models even as Al tools are sought to replace them.

MACHINE LEARNING METHODS FOR SCORING SIMULATIONS

A wide breadth of machine learning models have been successfully applied for scor-
ing simulations across diverse domains such as education, medical, and transporta-
tion settings (Anh, Nataraja, & Chauhan, 2020; Henderson et al., 2020; Beninger et
al., 2021). The diversity of machine learning models is partly fueled by the No Free
Lunch theorem (Wolpert & Macready, 1997), which states that there is no single
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“best” model to use across all circumstances, requiring the researcher to explore
multiple methods and tailor their solution to the structure that is unique to their
problem. This makes it impossible to provide a simple prescription for the selec-
tion of a model, as it may depend upon a number of factors, including the volume
of data available, the form that the data is represented in, the type and number of
criterion variables (i.e., classification, regression), and the unique structure of the
task. For example, the transformer method described in the previous section has
been extremely successful when handling text data; however, it is not applicable to
tasks without a sequential component (e.g., credit loans) or non-language tasks with
a small sample size (i.e., cannot apply pre-trained models).

An important aspect of modeling simulator data is that criterion will rarely be
available for each time point collected within the simulation. Instead, criterion data
will be intermittently gathered during a window of time, such as the task performed
for the last 10 minutes of the simulation. This creates a discrepancy in structure
between the three-dimensional feature data (event X time-window X feature) and
the two-dimensional criterion data (event X criterion). The relationship between
multiple time points of the feature data and a single criterion impacts both how
the researcher should structure their data and what models they can use. Broadly,
there are two approaches available: traditional machine learning methods can be
used if the feature data is compressed along the time axis to create a summarized
representation aligned with the criterion, or time series methods can be used that
natively handle the problem.

STATIC METHODS USING SUMMARIZED REPRESENTATIONS

The compression of the time series predictors from a three-dimensional structure
(event X time series X predictors) to a two-dimensional summarized representation
(event X time series) is typically accomplished using either simple summary statistics
or manually crafted features. The predictive performance of the machine learning
model is entirely dependent upon the quality of the summarized features, making it
critical that the researcher thinks carefully about which statistics relate to the criterion
of interest. For illustrative purposes, we will walk through this approach using three
commonly employed supervised learning models: support vector machines (SVMs)
(Cortes & Vapnik, 1995), random forests (Breiman, 2001), and deep learning models
(Rumelhart, Hinton, & Williams, 1985). All methods can be easily found in many
programming languages (e.g., R, Python, MATLAB).

SVMs are a robust, non-probabilistic, linear classifier that finds the decision
boundary that maximizes the distance between classes. SVMs bear a strong resem-
blance to logistic regression, as both create predictions based on a linear combina-
tion of features; however, this is with one notable difference: the objective being
optimized. Logistic regression minimizes the negative log-likelihood of the data,
providing a probabilistic interpretation of the likelihood of each sample belong-
ing to a particular class. SVMs use the hinge loss with a regularization term to
maximize the distance between classes, encouraging the model to not only differ-
entiate between classes but also to do so confidently. Due to the regularized hinge
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loss, SVMs provide a robust and scalable method that produces sparse solutions
(e.g., coefficients encouraged to be 0). Zepf et al. (2019) used an SVM to predict
drowsy driving in a simulated driving environment based on features automatically
extracted from an EEG using principal frequency bands. Mirichi et al. (2019) used
an SVM to create an interpretable model for predicting expertise in a VR simulation
of a subpial tumor resection.

Random forests are an ensemble method constructed from a multitude of decision
trees trained on random subsets of the data (Brieman, 2001). Decision trees are
directed acyclic graphs that use simple binary rules (e.g., X < 15) to create predictions.
Decision trees are able to map nonlinear structures; however, they have a tendency
to overfit to the data and are very sensitive to outliers. Random forests address this
limitation by combining many diverse decision trees to create a more stable, robust
model. Beninger et al. (2021) used random forests, neural networks, and SVMs to
predict inattention during driving in a simulated driving environment. They first
preprocessed the data by lowering the sampling rate, sampling a 1-minute window
of feature data before each event, normalizing the features within the window,
and calculating summary statistics to flatten the data (e.g., minimum, maximum,
median). In their evaluations, random forests outperformed the linear SVM and
neural network. McDonald and colleagues (2014) used random forests to predict
drowsy driving in a simulated driving environment based on features extracted from
steering wheel motions.

Neural networks are directed acyclic graphs composed of layers with multiple
nodes and are a universal function approximator (Rumelhart, Hinton, & Williams,
1985). Neural networks’ extremely flexible structure has led to their widespread
success and adoption, particularly on complex tasks with large amounts of data, such
as text and image processing (Sun et al., 2017). The simplest neural network can be
constructed from an input layer and an output layer with a single node and a linear
activation function, which is the same structure as a linear regression. The most
complex neural networks are composed of billions of parameters and thousands of
layers (Wang et al., 2017; Devlin et al., 2019). Anh, Nataraja, and Chauhan (2020)
demonstrated that deep neural networks were able to accurately assess surgical
skill in suturing, knot tying, and needle passing. Richstone et al. (2010) used
neural networks to predict expertise based on eye movements in simulated surgical
environments.

TiME SERIES METHODS

Time series methods directly model the three-dimensional predictor data, sidestep-
ping the need for creating a two-dimensional summarized representation. These
methods typically require stronger assumptions about the structure of the time series
data or the use of complex and flexible frameworks. Multivariate autoregression is
a probabilistic model that predicts the criterion based on a linear combination of
multiple previous time points of the predictors. Autoregressive methods require the
researcher to specify the temporal dependence of the model (i.e., model order); this
is usually found during exploratory data analysis by identifying trends and seasonal
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relationships in the data. Multivariate autoregression is an interpretable model which
supports statistical inference; however, it does not natively support nonlinear rela-
tionships between features and criteria. Loukas and Georiou (2011) use multivariate
autoregression to predict laparoscopic skills (i.e., knot tying and needle driving) dur-
ing surgical training based on hand motions.

Another commonly employed method is recurrent neural networks (RNN).
RNNs model temporal data by recursively calling a node based on feature data at
the current time-step and intermediate data from the previous time-step of the RNN
node (Rumelhart, Hinton, & Williams, 1985). RNNs make no assumptions about the
data and can model nonlinear relationships; however, they are uninterpretable, black-
box models that do not support inferential reasoning. RNNs can be difficult to train
due to their recursive structure and struggle with long-term temporal dependencies,
which led to the development of numerous variants. One of the most successful and
well-known variants is long short-term memory (LSTM) networks inspired by the
mechanics of human memory (Hochreiter & Schmidhuber, 1997). LSTMs modify
RNNs by adding in the ability for the model to “forget” information, addressing the
training stability issues of RNNs while allowing them to better model long-time
dependencies. Hong and Wang (2020) used LSTMs to predict drowsy driving based
on an individual’s facial and steering features. Nguyen et al. (2019) use a modified
form of LSTMs to predict surgical skill levels based on their hand motions within a
surgical simulation.

APPLICATIONS

With a growing body of literature concerning the collection and structuring of data,
as well as the potential utility of various models, it is important to focus research
attention on the pragmatic application of Al/machine learning techniques. To date,
high-fidelity simulation (e.g., virtual reality) technology has seen wide adoption
in military and medical applications, where environmental realism is worth the
high price of technology. However, the last decade has seen a major expansion of
virtual reality technology, including a boom in the gaming industry. Like all other
technologies, improvements in hardware, a shared programming knowledgebase,
and capital investments are making virtual reality technology less expensive
and more accessible. Organizations are already using virtual reality for process
planning and factory layout planning (Mujber, Szecsi, & Hashmi, 2004; Gong et al.,
2019). Organizations can further use simulated environments to allow candidates
to virtually tour a work facility with the ability to simulate daily activities and train
new employees on the use of heavy equipment like forklifts and transport container
cranes without risk of injury (Yuen, Choi, & Yang, 2010; Bruzzone & Longo, 2013;
Choi, Ahn, & Seo, 2020).

Meaningful translation of technical advances in computer science to meet the
specific contextual needs of human factors research could have a transformative
influence on the field. There is increasing need for continued research concerning
appropriate model and feature selection in addition to a nuanced understanding of
when a model becomes confident enough to provide meaningful and stable feedback



Scoring Simulations with Artificial Intelligence 271

to a user or trainee. Additionally, traditional human factors topics concerning feed-
back communication should see revitalized attention in the new context of computer-
simulated environments. The following sections highlight some important areas for
consideration when adopting Al/machine learning techniques for applied settings.

TRAINEE FEEDBACK

The major benefit of using simulations and simulated environments is the opportunity
to provide trainee feedback in a structured, high-fidelity, and safe environment.
Feedback is a long-standing topic of research in human factors, providing an
abundance of relevant literature while leaving substantial room for new insights.
Traditional topics, such as the design and evaluation of warning signals (Wogalter,
Conzola, & Smith-Jackson, 2002), have seen revitalized attention given these new
applications and contexts. The following sections highlight a few of the upcoming
and important topics that are well-suited for examination through a human factors
lens.

In general, Al/machine learning techniques have been criticized for lack of
decision-making interpretability. Interpretability of model output has particular
importance in providing feedback from training simulations (Mirichi et al., 2019).
As we have discussed in this chapter, machine learning approaches are well-adapted
for identifying meaningful patterns in data; however, deciphering the decision-
making process of machine learning models remains difficult. For training feedback
to be meaningful, trainees must understand why they received certain scores and
how they can improve. Typical black-box approaches are not always well-suited for
providing this level of feedback. Nonetheless, researchers have proposed means by
which machine learning models can be used to provide meaningful feedback during
and after simulations.

EARLY PREDICTION

Real-time detection has already demonstrated budding utility for static diagnosis
and training simulations, but it also has applications beyond training, such as in
computer-enhanced surgical assistance (Thai et al., 2020). In all instances, it is
important to consider when and how a system should begin providing feedback to
a user or trainee; accordingly, there are two distinct avenues of consideration when
deploying this technology. The first is a technical perspective on when a model
becomes confident enough to make a stable prediction of a future event or state
(i.e., early prediction and model uncertainty). The second is the psychological
consideration of how feedback should be delivered to a user or trainee in real time.
Early prediction specifically concerns confidence in prediction when working
with temporal data. It concerns the question of when a model’s prediction confi-
dence is high enough (or uncertainty low enough) to make a stable prediction. For
example, in medical research, early prediction would concern a model’s ability to
accurately detect an abnormality or disease at early stages of diagnosis or identify
symptoms of early onset (e.g., Hsu & Holtz, 2019). Early prediction methods have
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shown tremendous utility for enhancing diagnostics across diverse circumstances,
including predicting circulatory failure (Hyland et al., 2020), sepsis shock (Lin et al.,
2018), and diabetes (Alam et al., 2019).

ReAL-TiME FEEDBACK

Advancements in early prediction pave the road for real-time feedback. Recent
findings show tremendous potential for using motion data to provide meaningful
feedback to trainees. For example, researchers have determined corollaries for
motion inference in games-based settings and provided evidence that motion
information could be used for early indications of events (Hart, Vaziri-Pashkam,
& Mahadevan, 2020). A natural expansion of this research is the application of
advanced machine learning/deep learning models that could infer dangerous motion
and provide early warning indications. Researchers have used an adaptation of
random forest and LSTM neural network models to create a real-time feedback
tool for a temporal bone surgery simulator by identifying characteristics in drilling
strokes that improved surgery performance (Ma et al., 2017a, 2017b). More abstractly,
researchers have explored machine-learning approaches to predict early warning
signs of critical transitions within dynamic systems (Lade & Gross, 2012; Fiillsack,
Kapeller, Plakolb, and Jiger, 2020). The concept of identifying predictors of critical
transitions using machine learning models could have widespread applications for
monitoring dynamic systems, such as predicting communication breakdowns in
military squadrons or oncoming disequilibrium in a patient during operation.

Early prediction coupled with meaningful feedback would be useful across a vari-
ety of training settings, including team communication and education. However, for
real-time feedback to be meaningful, it must be effectively received and processed
by a user or trainee. Computerized systems should facilitate integration of estab-
lished best practices, such as the use of personalized warnings (Wogalter, Racicot,
Kalsher, & Simpson, 1994), meaningful use of alarms (Edworthy & Hellier, 2006),
integration of multisensory warning signals (Ho, Reed, & Spence, 2007; Baldwin
et al., 2012), and ensuring that warnings are maximally informative (Fagerlonn &
Alm, 2010). Meaningful application of Al to training simulations will require an
interdisciplinary perspective that can translate powerful analytics into products with
pragmatic value.

ADAPTIVE SIMULATIONS

AT’s potential to produce real-time prediction and feedback will also enable advance-
ments in adaptive simulations. The goal of Al-enhanced adaptive simulations would
be to further increase the fidelity and learning opportunities within simulated train-
ing environments. Perhaps the most straightforward application is to adapt the dif-
ficulty of a simulation to create additional challenges when trainees are performing
well. In addition to adaptive difficulty, simulations could include adaptive scenarios
for dangerous events such as hydroplaning, losing control of an object when using
machinery like cranes and forklifts, and emergency medical scenarios during
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surgery. Allowing simulations to adaptively introduce these events, especially in
connection to real-time data about the environmental state, would increase simula-
tion fidelity and better prepare trainees for low-frequency but high-risk events.

A recent review of adaptive simulations found that the most common simulation
adaptation was adjustment to difficulty, such as adjustment to speed or resistance
in rehabilitation exercises (Zahabi & Razak, 2020). The study also found that most
simulations with adaptive content did not provide adaptive real-time feedback. In
our discussion, we express the need to provide adaptation of controlled elements
in the environment and the usefulness of adaptive feedback. Achieving these goals
will require that Al gain sufficient knowledge about current states, desired states,
and future states and be able to process this information quickly and efficiently.
Codifying the knowledge of when an action should have been performed, and then
adaptively providing feedback to redirect toward the desired state, is not a task that
can be easily programmed from a flat representation of actions, especially when
moving beyond simple motion data. Furthermore, as it pertains to the application of
such technologies outside of training simulations, the implementation of Al image
(video) information is much more difficult in applied settings than in simulations
(Vedula et al., 2017).

CONCLUSION

The implications of Al for society are immense, and such techniques are already
being used to change how we think about and score simulations. This chapter has
discussed domains where Al can help with two of the greatest challenges in scoring
simulations: NLP models for handling unstructured text data and various other
techniques for dealing with unstructured data such as event and motion data. While
we framed the techniques around real-world examples of their use, it should be noted
that we have not tried to be exhaustive in terms of the possible analytic techniques
or provided enough information so a reader could jump to using the above analytics
directly. Each of these techniques likely deserves an entire chapter devoted to real-
world usage, but such detail would be far beyond the scope of this chapter. Our
goal was to outline both the implications of these technologies for how we score
simulations and exposure to the various analytics techniques that could be, and often
already are being, used in the field to score simulations. The truth is that the best
techniques at a given time are rapidly changing, and any guide or cookbook for how
to use a technique will become dated quickly. So rather than focus on the specifics,
we wanted to outline consistent themes and limitations that should be considered
whenever Al is being used and describe what may be possible.

A consistent theme across everything discussed in this chapter is that the
importance of SMEs, and an understanding of the domain at hand, will continue to be
of critical significance. While Al is capable of extraordinary things, getting the most
from these tools requires collaboration between data scientists and domain-specific
SME:s, as the model is only as effective as the quality of data and simulation being
assessed. Broadly speaking, we see two primary areas where Al will forever change
how we score simulations. One will be the automation of scoring unstructured text
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data that previously would require highly trained human raters, and the other would
be new sources of data too complex for humans to process. We argue both areas have
promising futures in the realm of simulations, whether for training or evaluative
purposes. Lastly, we believe Al will create a golden age in the use of simulations as
we are able to create models that help simulations become more accurate, scalable,
and comprehensive.
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