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ABSTRACT

Traditional computerized adaptive testing (CAT) systems rely exclusively on
response accuracy to estimate examinee ability, overlooking a critical
dimension of cognitive performance: response time (RT). This limitation
restricts diagnostic precision and fails to distinguish between qualitatively
different states of knowledge mastery. This study presents a comprehensive
framework for time-based adaptive testing (TBAT) that integrates RT
information into psychometric modeling, item selection, and ability
estimation processes. Building upon Van der Linden's hierarchical speed-
accuracy model, we demonstrate how jointly modeling response correctness
and latency through Bayesian inference provides richer learner profiles while
maintaining measurement efficiency. The proposed TBAT framework
employs a dual-process architecture: an Item Response Theory (IRT) model
captures accuracy, while a lognormal model represents temporal dynamics.
These components are unified through a hierarchical structure that accounts
for the correlation between ability (0) and speed (t) parameters. The adaptive
algorithm implements an information-per-time (I/T) criterion for item
selection, optimizing the trade-off between measurement precision and testing
duration. Empirical evaluations demonstrate that TBAT achieves 10-25%
improvements in AIC/BIC fit indices, 0.03-0.06 gains in AUC, and 20-40%
reductions in test length compared to conventional CAT systems, without
compromising reliability. Beyond psychometric gains, TBAT addresses
critical fairness concerns by disentangling ability from processing speed,
thereby preventing unfair penalization of slower-paced but knowledgeable
examinees. The framework also enhances test security through detection of
aberrant response patterns such as rapid guessing and item preknowledge.
Applications span educational assessment, clinical diagnostics, and
organizational testing. Future directions include integration with artificial
intelligence algorithms, multimodal data fusion, and cross-cultural validation
to ensure global applicability and ethical implementation.

Keywords — Computerized Adaptive Testing, Response Time Modeling, Item Response
Theory, Hierarchical Bayesian Models, Educational Measurement, Test Fairness.

INTRODUCTION

Educational assessment systems have long been indispensable tools for
measuring student learning levels and improving instructional processes. With
the transition from traditional paper-and-pencil tests to digital platforms,
assessment approaches have undergone a profound transformation. One of the
most notable outcomes of this evolution is the emergence of Computerized
Adaptive Testing (CAT), which dynamically adjusts to each learner’s



individual ability level. In recent years, approaches that focus not only on the
correctness of responses but also on response times and time management
skills have introduced a new paradigm in educational measurement. These
time-based adaptive testing systems evaluate not only what a student knows,
but also how efficiently and how quickly that knowledge is utilized, thereby
providing a deeper cognitive profile.

Limitations of Traditional Testing and the Classical Test Theory

Classical Test Theory (CTT) was originally established through
Spearman’s contributions in 1904 and later formalized by Lord and Novick in
their seminal work Statistical Theories of Mental Test Scores (1968) [1].
According to CTT, an observed test score X consists of a true score T and an
error term E:

X=T+E (1)

In this framework, all examinees are presented with the same set of
items in the same order. However, this approach exhibits several psychometric
limitations. Hambleton and Swaminathan [2] demonstrated that CTT’s sample
dependency restricts the generalizability of item and test parameters.
Similarly, Hambleton, Swaminathan, and Rogers [3] showed that classical
tests provide the most information for average ability levels, while
measurement precision declines at the extremes of the ability continuum.
Moreover, traditional fixed-form tests cannot dynamically adjust to a
student’s performance. This leads to inefficient test time utilization and
redundant item exposure. Most critically, such tests focus solely on final
scores, ignoring problem-solving strategies and cognitive processing speed.
Cognitive psychology research, however, has demonstrated that response time
(RT) is a strong indicator of knowledge automatization and retention.

Item Response Theory and the Emergence of Adaptive Testing
To overcome the limitations of CTT, Item Response Theory (IRT) was

developed in the second half of the 20th century. IRT models individual ability
(0) and item parameters (a,b,c) separately, enabling sample-independent



measurement [4], [S]. The probability that student j answers item i correctly
is modeled as:

1
1+ exp|—a;(8; — b;)] (2)

P(XIJ - 1|6j) =ci+(l-¢)

Here, a; represents item discrimination, b; item difficulty, and c; the guessing
parameter.

Van der Linden and Hambleton [6] compiled the theoretical foundations and
practical applications of modern IRT in their Handbook of Modern Item
Response Theory, which became a cornerstone for psychometric modeling,
item calibration, and test equating. Building upon these foundations,
Computerized Adaptive Testing (CAT) emerged in the 1970s as a practical
realization of IRT principles [7], [8], [9].

Development of Computerized Adaptive Testing

The main principle of CAT is iterative item selection: after each response, the
student’s ability estimate is updated, and the next item is chosen to maximize
information at that estimated ability level. If the student answers correctly, a
more difficult item is presented; if incorrectly, an easier one follows [10].
Empirical research has shown that the same measurement precision achieved
with 50-60 items in a traditional test can be reached with only 20-30 items in
CAT [7]. This corresponds to a 30-50% reduction in testing time and
significant improvement in measurement precision [9], [10]. Van der Linden
and Glas [9] further demonstrated that CAT improves both measurement
accuracy and test security while maintaining student motivation. However,
early CAT implementations focused solely on response accuracy, neglecting
response-time data.

Psychometric Importance of Response Time

Response time (RT) has become a key variable for understanding test-taking
behavior. Schnipke and Scrams [11] found that RT distributions in many tests
are bimodal, representing two distinct behaviors: careful responding and rapid
guessing. Van der Linden, Scrams, and Schnipke [12] showed that RT
constraints could be incorporated into CAT item selection to control for
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differential speededness, thereby improving fairness and reliability.
Consequently, RT has evolved from a mere descriptive statistic into an active
psychometric component within adaptive testing.

Theoretical Foundations of Time-Based Models: The Hierarchical

Framework

Van der Linden [13] introduced the Hierarchical Speed—Accuracy Framework
in 2007, adding a new dimension to psychometric modeling. The model
considers response accuracy and RT as separate but correlated processes:

(a) Accuracy (IRT) level:

1
PXI- :19 iabi =
(Kig = 165, 00:8) = 1 a6, — b)) 3)

(b) Response-time level:

lll(Tt-j) = /\1— Tj } Eij,  Eij ™~ N(O= Uf) (4)

Here, A; represents item time intensity, 7; the person speed parameter, and &j;

the residual term. The model is estimated using Bayesian inference and
Markov Chain Monte Carlo (MCMC) algorithms, accounting for the
correlation between ability and speed. In subsequent work, Van der Linden
[14] proposed the information-per-time criterion, which incorporates expected
response times into item selection, optimizing the trade-off between accuracy
and efficiency. He later discussed conceptual issues in RT modeling and the

limitations of the lognormal assumption [15].

Methodological Advances and Model Comparisons

Ranger [16] provided methodological notes on Van der Linden’s hierarchical
model, emphasizing the need to carefully evaluate its assumptions in applied
contexts. Ranger and Ortner [17] extended the model using a three-parameter
lognormal distribution, improving flexibility in representing RT variability.
Fox, Klein Entink, and Van der Linden [18] introduced the cirt software
package for Bayesian hierarchical modeling of RT data, detailing MCMC
convergence diagnostics. Wang and Xu [20] proposed mixture hierarchical
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models that jointly model RT and accuracy, effectively detecting “rapid
guessing” behavior. More recent studies have further refined these methods.
Kern et al. (2021) demonstrated that RT-based Expected A Posteriori (EAP)
estimators enhance CAT precision, while He et al. (2023) showed that
incorporating RT distributions into multidimensional CAT reduces testing
time. Collectively, these findings confirm that integrating RT information
substantially improves CAT performance.

Practical and Ethical Considerations in Time-Based Assessment

Time-based adaptive testing provides a more comprehensive view of
cognitive performance by simultaneously assessing accuracy and speed.
However, issues of fairness and accessibility must be addressed carefully.
Models typically adjust for differences in response speed through the person-
specific parameter 7; , ensuring that “slow but accurate” respondents are not
unfairly penalized. At the same time, RT-based penalties must be cautiously
applied for test-takers with special needs or non-native language backgrounds.
Van der Linden’s hierarchical model mitigates this concern by disentangling
ability (0) and speed (t), allowing more equitable interpretations of test

performance.

Contemporary Relevance and Applications

Time-based adaptive testing provides substantial benefits for modern
education by integrating efficiency, personalization, and cognitive insight into
a single assessment framework. Through the use of individualized accuracy—
speed profiles, these systems enable the dynamic selection of items that best
match each student’s unique response behavior, thereby supporting
personalized learning experiences [9]. Empirical evidence indicates that such
adaptive mechanisms can reduce testing time by 30—50% while maintaining
or even improving psychometric precision [10]. Furthermore, the
incorporation of response-time (RT) data enhances learning analytics by
allowing educators to identify learning difficulties, monitor progress, and
deliver individualized feedback in real time [20]. Beyond educational
diagnostics, RT modeling also strengthens test security, as atypically fast
responses can reveal behaviors such as item preknowledge or rapid guessing
(Sinharay, 2020; Yan & Rubb, 2020). Looking ahead, the integration of
artificial intelligence and deep learning algorithms enables the extraction of
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cognitive and behavioral states from RT patterns, paving the way for next-
generation adaptive assessments that continuously adapt to the learner’s
cognitive and emotional dynamics.

DESIGN AND IMPLEMENTATION OF TIME-BASED ADAPTIVE
TESTING

This section presents the conceptual and statistical foundation underlying the
design and implementation of time-based adaptive testing (TBAT) an
advanced evolution of traditional Computerized Adaptive Testing (CAT). The
methodology integrates psychometric modeling, real-time data processing,
and algorithmic decision-making into a unified adaptive assessment
framework. Specifically, it elaborates on the modeling strategies,
computational procedures, and analytical approaches that jointly estimate
student ability, item characteristics, and temporal response behaviors. The
primary objective of this methodological framework is to capture and model
the dynamic interaction among three fundamental latent components:

(1) the learner’s cognitive ability (0), reflecting the underlying proficiency
level,

(2) item parameters (a,b,c), representing discrimination, difficulty, and
guessing characteristics; and

(3) response time (Tj), reflecting the temporal dimension of test performance.

By jointly modeling these variables, the TBAT system aims to maximize
psychometric precision and minimize test length, ensuring efficient yet fair
ability estimation. This dual emphasis on accuracy and speed allows the
system to move beyond the traditional binary notion of correctness and instead
generate a multi-dimensional learner profile that captures both knowledge and
fluency.

From a psychometric standpoint, TBAT extends the classical Item Response
Theory (IRT) framework by embedding a temporal response process within
the estimation structure. Conventional CAT algorithms rely solely on
response accuracy to infer ability, implicitly assuming that all correct answers
are equal indicators of proficiency. In contrast, TBAT treats response latency
as a meaningful measure of cognitive efficiency acknowledging that faster,
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accurate responses often signify higher mastery or greater automaticity. This
conceptual shift enables richer interpretations of learner behavior, aligning
assessment outcomes more closely with real cognitive processes.

On the computational level, the proposed system leverages Bayesian
hierarchical modeling combined with Markov Chain Monte Carlo (MCMC)
estimation techniques to infer latent ability and speed parameters. The
adaptive algorithm continuously refines these estimates after each item
response, selecting the next item based on the information-per-time (I/T)
criterion. This approach ensures that every item administered contributes
maximally to measurement precision while controlling for total testing
duration. In short, this methodological design conceptualizes time not as an
ancillary observation but as an integral psychometric dimension, influencing
both model estimation and adaptive decision-making. The subsequent
subsections describe how this conceptual model is operationalized detailing
the structure of the testing data, variable definitions, hierarchical modeling
framework, and computational flow that together constitute the architecture
of the time-based adaptive testing system.

Data Structure and Variables
To operationalize the time-based adaptive testing framework, a structured
dataset is required that captures both accuracy and temporal response features
for every examinee—item interaction. Each observation within the dataset
corresponds to a unique pair of examinee (j) and item (i), represented by two
primary variables:
e Response accuracy (Xj): a binary indicator taking the value 1 if the
response is correct and 0 otherwise.
e Response time (Tj): a continuous variable denoting the time (in
seconds) taken to complete the item.
Additionally, each test item is characterized by three psychometric parameters
discrimination (a;), difficulty (b;), and guessing probability (c;) while each
examinee is represented by two latent traits: ability (6;) and speed ( T).
Together, these elements form a two-level data hierarchy that allows the
model to analyze both accuracy and time jointly, thereby reflecting the
interplay between performance and efficiency in adaptive testing.
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IRT Accuracy Model

Within the time-based adaptive testing framework, the first essential
component is the Item Response Theory (IRT) accuracy model, which
describes the probabilistic relationship between an examinee’s latent ability
and the probability of responding correctly to a given item. IRT provides a
formal mechanism for transforming discrete response data into continuous
ability estimates that are independent of specific item samples, thereby
ensuring sample-invariant measurement a major improvement over Classical
Test Theory (CTT). In the three-parameter logistic (3PL) model, the
probability that examinee j correctly answers item i is defined as:

1
1+ exp[—a;(8; — b;)] 3)

P(X” = 1‘9_1) = ¢; (1 C.I')

where:

a; = item discrimination parameter, determining how sharply the item
differentiates between examinees of differing ability;

b= item difficulty parameter, representing the ability level at which an
examinee has a 50% chance of answering correctly;

¢; = pseudo-guessing parameter, accounting for the likelihood of a low-ability
examinee answering correctly by chance.

The shape of this function known as the Item Characteristic Curve (ICC)
illustrates how the probability of success varies as a function of ability. Items
with higher discrimination (a;) produce steeper ICCs, providing more
information near their difficulty level (b;), whereas high (c; values flatten the

lower portion of the curve, reducing information at lower ability levels.

From an estimation perspective, the 3PL model parameters can be estimated
through Maximum Likelihood Estimation (MLE) or, increasingly, Bayesian
inference methods. MLE approaches such as the Expectation—Maximization
(EM) algorithm maximize the joint likelihood of item and person parameters
given the response matrix. In contrast, Bayesian approaches integrate prior
information into the estimation process, using posterior sampling techniques
such as Markov Chain Monte Carlo (MCMC) to achieve more stable estimates
particularly valuable in small-sample or high-dimensional contexts. The
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accuracy model thus establishes the core measurement foundation of the
adaptive system. It quantifies ability as a continuous latent trait () and
provides an interpretable, model-based probability for each possible response.
However, because it only captures correctness and not response speed, it is
limited in its ability to fully represent examinee performance dynamics. To
address this, the next subsection introduces the Response Time (RT) model,
which complements the accuracy component by modeling the temporal
characteristics of examinee behavior.

Response Time (RT) Model

The response time (RT) component provides a temporal perspective on item
responses, capturing the speed with which examinees process and respond to
test items. Van der Linden [13] introduced a lognormal response time model
that conceptualizes RT as the outcome of a latent speed—intensity interaction,
governed by both the test-taker’s processing efficiency and the time demand
of the item. Formally, the model is expressed as:

In(Ty) = X — 75+ &, €5~ N(0,07) S

where:
e J;denotes the time intensity of item 1 (how long an average examinee
is expected to take);
e T denotes the latent speed parameter of examinee j;
e ¢g; represents a normally distributed error term capturing random

variation in response behavior.

The negative sign before t; implies that higher speed leads to shorter expected
response times, maintaining interpretational consistency between ability and
efficiency dimensions. The use of the lognormal transformation is justified
empirically: RT distributions are typically positively skewed, meaning most
responses occur quickly while a few take disproportionately long. Modeling
In(Tj) rather than T;; normalizes this skewness, allowing standard inferential
methods to be applied. This model can be viewed as the temporal analogue of
the IRT model whereas the IRT curve relates ability to correctness, the RT
model relates speed to response duration. Together, these two models provide
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complementary insights into examinee behavior: accuracy captures what the
student knows, while response time captures how efficiently that knowledge
is accessed.

Hierarchical Joint Model (Accuracy + Time)

While the IRT accuracy model and the lognormal response-time model each
capture different aspects of examinee performance, they are not independent
processes. Empirical evidence consistently shows a moderate positive
correlation between ability and speed students with higher proficiency levels
tend to respond both more accurately and more efficiently. To formally
represent this interdependence, Van der Linden [13] proposed the Hierarchical
Accuracy—Speed Model, which unifies both the accuracy and time

components within a single statistical framework.

Latent Trait Correlation
At the higher (student) level, the model assumes a bivariate normal
distribution for ability and speed:

()= () (i ") ©

where:

e p denotes the correlation between ability and speed,

® U ,l; are population means,

e oy’ ,0¢ are population variances.
Typically, p>0, indicating that higher-ability examinees are also faster on
average. However, the hierarchical structure allows this relationship to be
estimated rather than assumed, providing empirical flexibility across different
populations or testing contexts.

Interpretation and Advantages
This joint hierarchical approach offers several key advantages:
e It enables simultaneous estimation of ability and speed, accounting

for their correlation and shared variance.
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e It increases measurement precision, particularly in tests that exhibit
time constraints or variable pacing effects.

e It allows modeling of response-time heterogeneity, accommodating
both “rapid guessers” and “slow but accurate” respondents within the
same framework.

In practical terms, this model supports a dual interpretation of performance: A
correct but slow response can be differentiated from a correct and fast
response both contribute to ability estimation but reflect different levels of
fluency or confidence.

Estimation Framework

The hierarchical joint model is typically estimated using Bayesian methods,
with parameter sampling carried out through Markov Chain Monte Carlo
(MCMC) techniques, such as Gibbs sampling or Metropolis—Hastings
algorithms. Fox, Klein Entink, and Van der Linden [18] developed the cirt
software package, which automates the MCMC estimation process for
combined accuracy—speed models. Posterior convergence is monitored using
diagnostics such as the Gelman—Rubin statistic (R), and posterior predictive
checks are employed to assess model fit. By combining accuracy and time
information, the hierarchical model provides a multidimensional
representation of examinee performance offering richer diagnostic insights
and more efficient adaptive item selection criteria. The following section
explains how this hierarchical structure is operationalized within the adaptive
testing algorithm, where response accuracy and time jointly determine the
selection of subsequent items.

CAT Algorithm and Integration of the Time Factor

In time-based adaptive testing (TBAT), the adaptive algorithm extends the
conventional CAT logic by incorporating response time information alongside
accuracy in the item selection and ability estimation process. This integration
allows the test to achieve not only psychometric precision but also temporal

efficiency, minimizing test duration without sacrificing reliability.
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Algorithmic Overview
The adaptive testing process can be conceptualized as an iterative loop
consisting of the following key steps:

1. Initialization

The examinee’s initial ability estimate is set to 0,=0, representing an average
proficiency level. The initial speed estimate is typically set to to = 0, implying
a neutral response rate. A predefined stopping criterion (e.g., standard error
threshold or maximum item count) is specified.

2. Item Selection
For each iteration t t, the algorithm selects the next item i* that maximizes the
information-per-time (I/T) ratio, as introduced by Van der Linden [14] and
refined by Fan et al. [24]:
L(6:)
E[T}]

1" = arg max
! (7
where I; (0%) is the Fisher information provided by item i at the current ability
estimate 0% , and E[Ti] is the expected response time for that item. This
criterion balances information gain and time efficiency favoring items that

yield more measurement precision per second of testing.

3. Response Observation
The examinee responds to the selected item, generating two observed values:

Xij € {U, 1}, Ti; € R*

where Xj; indicates correctness, and Tj; represents the recorded response time
(in seconds).

4. Parameter Update

After each response, the ability (6;) and speed (t;) estimates are jointly updated

using Bayesian posterior updating or stochastic gradient approximations:
i1 =0 +m - AXij, Teer =7+ me - Aln(Ty) ®)

where n: and 1> denote learning rates controlling the sensitivity of updates.

The joint estimation ensures that faster yet accurate responses incrementally
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raise both 0 and t, while slower or incorrect responses reduce the

corresponding estimates.

5. Stopping Rule
The test terminates when a reliability or uncertainty threshold is met, typically
expressed as:

SE(é() <€ or t= tmax

where SE( 0" ) denotes the standard error of the ability estimate, and € is a
user defined precision criterion.

6. Score Reporting

Upon termination, final estimates of ability ( 0" ) and speed (t ") are reported
along with credibility intervals, providing both cognitive and temporal
dimensions of performance.

Dynamic Item Selection

with Time Integration Beyond the basic I/T criterion, Fan et al. [24] and Kern
et al. [25] introduced additional time-sensitive selection strategies, such as:

1. Inverse Time-Weighted a-Stratification

This method extends traditional a-stratification by weighting item

discrimination parameters inversely by expected response time:
a;

= BT )

W

wherey controls the strength of time penalization. Items with high
discrimination but excessively long durations are thus deprioritized,
improving overall testing speed.

2. Expected A Posteriori (EAP) with Response Time Regularization
Kern et al. [25] demonstrated that incorporating response time into EAP
estimation reduces measurement error and stabilizes ability estimates
especially for examinees exhibiting irregular pacing.

These methods jointly optimize the trade-off between measurement precision
and testing duration, making TBAT both adaptive and efficient.
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MODEL EVALUATION AND FIT INDICES

Evaluating the performance of time-based adaptive testing (TBAT) models
requires a multidimensional approach that accounts for both statistical fit and
measurement efficiency. Traditional goodness-of-fit metrics such as the
Akaike Information Criterion (AIC) and the Bayesian Information Criterion
(BIC) remain useful for model comparison, while diagnostic indices like Area
Under the Curve (AUC), Test Information Function (TIF), and Root Mean
Square Error (RMSE) provide complementary perspectives on predictive
accuracy, reliability, and discrimination. The inclusion of the response-time
dimension ( Tj ) introduces an additional layer of model complexity. Thus,
evaluation must balance parsimony, predictive validity, and computational

efficiency.
Table 1. Evaluation Metrics
Metric Definition / Formula Purpose and Interpretation
Information ( AIC=-2 In(L) + 2k ) plexity (1
e . parameters (k)); lower AIC indicates better
Criterion)
trade-off.
BIC (Bay.esmn (BIC = -2 In(L) + k Penalizes complex mode_ls more strongly;
Information lower BIC suggests superior fit under large-
- In(n) ) .
Criterion) sample asymptotics.
AUC (Area Measures the r.nO(.iel. s .cla551ﬁcat10n
accuracy how well it distinguishes between
Under ROC Range: [0.5, 1.0] .
correct and incorrect responses. AUC > 0.8
Curve) L S
indicates strong discriminative power.
Quantifies measurement precision across
TIF (Test. ability levels. Higher TIF values indicate
Information TIF(8) =3 Li(6) S o
. greater reliability near targeted ability
Function)
ranges.
RMSE (Root . _ Reflects average estimation error across all
Mean Square RMSE =4/1Y(6; - 8; | examinees. Lower RMSE denotes higher
Error) predictive accuracy.

Comparative Evaluation

Empirical analyses across multiple studies (e.g., Van der Linden, 2007; Fan et

al., 2012; Kern et al., 2020) demonstrate consistent improvements when the

time component is integrated into the adaptive testing model:

e AIC/BIC Reduction; Incorporating response time typically yields 10—
25% lower AIC/BIC values, indicating a more parsimonious yet better-
fitting model.
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AUC Enhancement; The joint accuracy—time model achieves AUC gains
01 0.03-0.06 compared to standard IRT-based CAT, improving item-level
discriminability.

Higher TIF Values; Time-aware item selection results in steeper
information functions around the examinee’s estimated ability level,
enhancing precision where it matters most.

Lower RMSE; The hybrid estimation of (6,7) reduces estimation variance
and outlier sensitivity, leading to more stable ability scores.

These results collectively affirm that time-based adaptive models outperform

traditional CAT systems in both psychometric efficiency and interpretive

richness. By leveraging temporal behavior, TBAT frameworks achieve more

informative, shorter, and fairer assessments.

Model Diagnostics and Validation

Beyond global fit metrics, diagnostic analyses are essential to validate the

robustness and fairness of the proposed models:

1.

Posterior Predictive Checks (PPC): Bayesian posterior simulations are
compared with observed data to assess whether predicted response and
timing distributions align with empirical evidence.
Residual Analysis: Item-level residuals are inspected for systematic
biasensuring no particular item favors fast or slow responders
disproportionately.
Speed—Accuracy Tradeoff Examination: Scatter plots of In(Tj) versus Xj;
are analyzed to ensure that the inclusion of time does not distort ability
estimation or over-penalize slower but accurate examinees.
Cross-Validation: K-fold cross-validation (typically k=5 or ,k=10) is used
to test generalization performance, confirming that the hierarchical model
maintains stable predictive accuracy across data splits.

DISCUSSION

Theoretical Implications of Time-Based Adaptive Testing

The integration of response time (RT) information into computerized adaptive

testing represents a fundamental paradigm shift in educational measurement.
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Traditional psychometric frameworks, rooted in Classical Test Theory (CTT)
and early Item Response Theory (IRT) implementations, have long operated
under the implicit assumption that response correctness alone sufficiently
captures examinee ability. However, as demonstrated throughout this study,
this assumption overlooks a critical dimension of cognitive performance:
processing efficiency. Van der Linden's hierarchical framework [13]
challenged this limitation by introducing a dual-process model that treats
accuracy and speed as distinct yet correlated latent traits. This approach aligns
with contemporary psychometric standards and best practices in educational
assessment [26], offering both theoretical rigor and practical utility. The
model's capacity to detect aberrant response patterns such as item
preknowledge [27] and fraudulent test-taking behaviors [28]further
strengthens its value in high-stakes testing environments. Moreover, the
framework can be extended through multidimensional IRT approaches [29]
and diverse model taxonomies [30], enabling flexible adaptation to various
testing contexts and population characteristics. Our analysis confirms that this
theoretical extension is not merely a statistical refinement but a substantive
reconceptualization of what it means to "know" something in an educational
context. The hierarchical speed—accuracy model reveals that cognitive
proficiency manifests through two observable channels: the probability of
correct response (governed by ability 0) and the latency of that response
(governed by speed t). Empirical evidence from this study and prior research
[20], [21], [25] consistently shows a moderate positive correlation (p = 0.3—
0.5) between these parameters, indicating that higher-ability examinees tend
to respond both more accurately and more efficiently. This finding has
profound implications for learning diagnostics. For instance, a student who
answers correctly but slowly may possess fragile or recently acquired
knowledge, whereas a student who responds both quickly and accurately
demonstrates automatized, deeply integrated understanding. Traditional CAT
systems, by ignoring temporal patterns, fail to distinguish between these
qualitatively different states of mastery. Moreover, the lognormal response-
time model provides a principled framework for addressing speededness
effects a longstanding challenge in high-stakes testing [31],[32]. Schnipke and
Scrams [11] identified bimodal RT distributions in real test data, reflecting
distinct test-taking behaviors: engaged problem-solving versus rapid
guessing. By explicitly modeling RT alongside accuracy, the hierarchical

21



framework enables more nuanced detection of aberrant response patterns,
such as item preknowledge or disengagement (Sinharay, 2017; Lee &
Wollack, 2020). This capability is particularly valuable in online and
unproctored testing environments, where test security concerns are
heightened. From a fairness perspective, the separation of ability (6) and speed
(1) parameters addresses a critical equity issue: ensuring that slower-paced but
knowledgeable examinees are not unfairly penalized. In traditional timed
tests, individuals with processing speed differences whether due to linguistic
background, learning disabilities, or cognitive style may underperform
relative to their true ability. The hierarchical model mitigates this bias by
attributing slow performance to the speed dimension rather than conflating it
with low ability. This disentanglement supports more equitable interpretations
of test scores and aligns with universal design principles in assessment [23].

Methodological Advances and Computational Considerations

The operationalization of time-based adaptive testing (TBAT) requires
sophisticated computational infrastructure. As detailed in the methodology
section, the joint estimation of accuracy and RT parameters relies on Bayesian
inference and Markov Chain Monte Carlo (MCMC) algorithms, which
introduce computational challenges absent in traditional CAT. Specifically,
the need for real-time posterior updating after each item response demands
efficient sampling algorithms and convergence monitoring to ensure stable
ability estimates within acceptable time constraints. Fox, Klein Entink, and
Van der Linden [18] addressed these challenges through the development of
the cirt software package, which automates Bayesian hierarchical modeling of
response and RT data. However, practical implementation of TBAT in large-
scale assessments still requires careful calibration of prior distributions,
selection of appropriate convergence diagnostics (e.g., Gelman—Rubin R
statistic), and optimization of MCMC chain length. Future research should
explore alternative estimation methods such as variational Bayes or stochastic
gradient descent that may offer faster convergence without sacrificing
estimation accuracy. The introduction of the information-per-time (I/T)
criterion [14] represents a significant methodological innovation in adaptive
item selection. Unlike traditional maximum information criteria, which select
items solely based on Fisher information at the current ability estimate, the I/T
approach explicitly trades off measurement precision against testing duration.
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This criterion is particularly relevant in contexts where testing time is
constrained or costly, such as clinical assessments, employment screenings,
or high-volume certification exams. Empirical simulations by Fan et al. [24]
and Kern et al. [25] demonstrate that I/T-based item selection can reduce test
length by 20-40% without compromising reliability, a finding with substantial
practical implications for test administrators and examinees alike. However,
the I/T criterion also raises questions about optimal weighting of information
and time. Should all tests prioritize speed equally, or should the weighting
vary by context (e.g., power tests vs. speeded tests)? He et al. [22] proposed
context-adaptive weighting schemes that dynamically adjust the I/T balance
based on test purpose and population characteristics. Such adaptive strategies
represent a promising direction for future research, particularly as testing

environments become increasingly diverse and personalized.

CONCLUSION

This study presented a comprehensive framework for time-based adaptive
testing (TBAT), integrating theoretical foundations, methodological
advances, and practical applications. By incorporating response time (RT) into
the adaptive testing process, TBAT overcomes the limitations of accuracy-
only assessments and enables richer diagnostic insights, improved efficiency,
and enhanced test security. The hierarchical speed—accuracy model introduced
by Van der Linden [13] and extended by subsequent researchers [16], [17],
[20], [21], [25] provides a robust psychometric foundation for jointly
modeling correctness and latency. Empirical evidence demonstrates that this
approach yields significant improvements in AIC/BIC fit, AUC, and test
information, confirming that RT contributes genuine explanatory value. These
gains translate into tangible benefits for educators, examinees, and testing
institutions alike.

The present work offers several key contributions. Theoretically, it situates
TBAT within the evolution from Classical Test Theory to Item Response
Theory and hierarchical RT models, highlighting its role in the broader
trajectory of psychometric innovation. Methodologically, it outlines the joint
IRT-RT framework, Bayesian estimation procedures, and adaptive item
selection algorithms that together define the operational structure of TBAT.
Empirically, it introduces a rigorous evaluation framework that employs
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indices such as AIC, BIC, AUC, TIF, and RMSE to validate model fit and
diagnostic accuracy. Practically, it demonstrates TBAT’s versatility through
examples from educational assessment, clinical diagnostics, and
organizational testing, while also reflecting critically on fairness,
computational efficiency, and interpretability challenges.

The field of time-based adaptive testing is rapidly evolving, with future
research directions pointing toward artificial intelligence integration,
multimodal data fusion, and dynamic modeling of ability and speed. Deep
learning and reinforcement learning algorithms hold promise for optimizing
item selection and detecting temporal patterns of engagement, while the
incorporation of behavioral and physiological data such as eye-tracking or
keystroke Dynamics could yield more comprehensive learner profiles. Cross-
cultural validation, open-source software development, and fairness auditing
will also be vital to ensuring that TBAT systems are globally applicable,
transparent, and equitable.

Integrating response time into adaptive testing represents more than a
technical enhancement; it signifies a broader commitment to understanding
the full spectrum of human cognition. By moving beyond correctness to
encompass efficiency, fluency, and temporal dynamics, TBAT systems honor
the complexity of learning and the diversity of learners. As educational
measurement continues to evolve in an era of digital transformation and
personalized learning, time-based adaptive testing stands poised to define the
next generation of intelligent, fair, and ethically grounded assessment

systems.
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ABSTRACT

In recent years, accounting practices have undergone a radical
transformation due to the global digital transformation. One of the
technologies contributing to this ongoing transformation is artificial
intelligence. Artificial intelligence technologies have transformed the
traditional accounting profession, leading to its evolution into intelligent
systems augmented with human-specific abilities. The ability to perform
many human-specific skills and abilities, such as moving, speaking,
understanding, seeing, feeling, hearing, and perceiving, through Al
algorithms has further advanced AIl. Unlike traditional accounting
automations, which have existed for many years, Al-powered accounting
applications enable the integration of human-specific capabilities into
programs, increasing the functionality, scope, speed, accuracy, and strategic
value of accounting processes. Both software and hardware developments in
computer technologies have significantly contributed to the development of
accounting automation, both conceptually and historically. In addition to
these developments, the development of artificial intelligence technology
equipped with human-specific capabilities has enabled accounting
applications to achieve very advanced decision-making capabilities. The
impact of many sub-branches of artificial intelligence, such as big data,
machine learning, and natural language processing, has been significant in
transforming accounting applications. This study examines the impact of
each of these technologies, namely natural language processing, machine
learning, and big data, on accounting applications, both theoretically and
practically. To develop a fundamental understanding of how Al integration
is achieved in accounting applications, we focus on the most popular sub-
fields of artificial intelligence: big data, natural language processing, and
machine learning.

Keywords —Artificial intelligence, accounting, automation, machine learning, deep
learning, robotic process automation

INTRODUCTION

The basic function of accounting, introduced by Luca Pacioli in 1494,
is to measure the economic activities of an organization (Zhang et al., 2020).
Then, it conveys the measured economic activity information to stakeholders
such as company managers, consumers, regulators and creditors (Hamilton
et al., 2018). The integration of artificial intelligence into accounting
practices has led to significant changes in the practice of many traditionally
advanced professions, particularly accounting. In surveys conducted with
internal auditors at the KPMG IT internal audit conferences held in 2016 and
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2017, more than half of the respondents indicated that their organizations
were using artificial intelligence. However, the surveys also indicated that
70% of the respondents did not know how their audit methods would be
affected, and 80% expressed distrust in the use of technology (Glikson &
Woolley, 2020; Lockey et al., 2021; Rossi, 2018; Sethumadhavan, 2019;
Zhang et al., 2020).

In the 2020s, accounting firms Deloitte, Pricewaterhousecoopers,
Ernst and Young, and Klynveld Turba Marwick Goerdeler developed
financial robots for many tasks such as automatically recognizing data,
automatically creating financial reports, and entering invoices (Zhang et al.,
2020). These financial robots have replaced basic accounting clerks by
enabling business managers without any accounting knowledge to make
informed business decisions (Zhang et al., 2020). For the reasons mentioned,
it's necessary to examine studies demonstrating increased integration of Al
into accounting practices. Transforming existing accounting practices will
likely reduce error rates in accounting practices by allowing future
accountants to focus on more skilled areas. Al-based models are being
published in a wide range of topics and areas, from financial fraud and stock
market forecasting to accounting reporting and robotic processes (Gepp et
al., 2018; Kureljusic & Karger, 2024; Lakhchini et al., 2022; Yuhertiana &
Amin, 2024).

In recent years, accounting practices have undergone a radical
transformation due to the impact of digital transformation. Artificial
intelligence technologies are the primary drivers of this ongoing
transformation. Artificial intelligence technologies have transformed the
traditional accounting profession, leading to its evolution into intelligent
systems empowered with human-specific abilities. The ability to perform
many human-specific tasks, such as hearing, vision, emotion, and
perception, through Al algorithms has further advanced AIl. Unlike
traditional accounting automation, Al-powered accounting applications
enhance the functionality, scope, speed, accuracy, and strategic value of
accounting processes by integrating human-specific capabilities into
programs.

Advances in computer technology have enabled the conceptual and
historical development of accounting automation. Along with these
advancements, the development of artificial intelligence technology,
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equipped with human-specific capabilities, has transformed accounting
applications into highly advanced decision support systems. Several
subfields of artificial intelligence, including machine learning, natural
language processing, deep learning, and robotic process automation, have
significantly impacted this transformation. To develop a fundamental
understanding of how Al can be used and how it functions in accounting
applications, it is necessary to master the subfields of Al (John Alarcon,
2021). When viewed as a whole, artificial intelligence, which has a very
strong structure with its sub-fields, has broken new ground with the radical
change it has brought about in the way of doing business rather than a
technical transformation in accounting practices.

Software-based accounting automation has provided efficiency in
repetitive, rule-based tasks. However, as Zareen and colleagues point out,
robotic process automation allows accountants to focus on more strategic
activities by outsourcing routine tasks like data entry, reconciliation, and
reporting to robots (Mohamed Zareen Allam Hamdan, 2024). Similarly, the
integration of Bian robotic process automation into accounting has resulted
in a 49.7% increase in accounting process efficiency. They also note a
significant 70.15% reduction in accounting errors, resulting in significant
benefits in terms of operating costs and workforce (Bian, 2025).

Integrating Al into accounting processes has been shown to
automatically detect and prevent fraud across a wide range of sectors,
including data collection, reporting, increased efficiency, automation, and
analytics. Zayed et al. report that Al-integrated accounting automation in
predictive analytics has a 70.1% success rate (Lena Mustafa Mahmoud
Zayed Mahmoud Ibrahim Nour, 2024). As can be seen from the mentioned
ratios, unlike classical accounting applications, accounting applications with
artificial intelligence integration are moving towards a perfect integration
with advanced analytical and risk method functions.

The integration of artificial intelligence with accounting applications
has also impacted the financial forecasting and reporting field. Proactive
management and detailed analysis require the integration of artificial
intelligence into financial forecasting and reporting. Because financial
markets are complex and non-linear systems, they are a field where people
other than financial experts struggle to understand the subtleties and
interactions (Bahrammirzaee, 2010). Many financial requirements, including
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foreign exchange markets, inflation, and bank liquidity, can be predicted
using machine learning and deep learning models within the subfields of
artificial intelligence. Numerous studies exist in this area. A successful
model was developed after 30 hours of training using a single-layer artificial
neural network, a machine learning algorithm, to predict asset price
fluctuations (White, 1988). In another machine learning study, an artificial
neural network model was developed from machine learning algorithms to
predict credit card calculation performance by taking into account the data
from the user's past accounts (Jagielska & Jaworski, 1996). In another study,
using a dataset of 59 bankrupt Taiwanese companies, artificial intelligence
techniques were used to develop post-bankruptcy solution analyses for the
companies (Chi & Tang, 2005). Similarly, artificial neural networks can
provide effective solutions in evaluating and predicting semi-structural and
non-structural banking crises (Celik & Karatepe, 2007).

ARTIFICIAL INTELLIGENCE SUBFIELDS USED IN
ACCOUNTING APPLICATIONS

Natural Language Processing (NLP)
Natural language processing, a popular subfield of artificial

intelligence, is a specialized field that enables the automatic extraction and
analysis of meaningful information from raw human data. Within a specific
task scope, it can be used for a wide range of tasks, including understanding
sentiment in text, classifying words categorically, and summarizing
sentences (Cetiner, 2021; Gu et al., 2018).

One area where natural language processing is used is financial audits.
Because of their complexity and sophistication, financial audits are typically
performed by financial experts (Rudzionis et al., 2022). Flawless financial
audits are carried out by highly qualified financial experts. However, the
scarcity of financial experts hinders financial audits and complicates the
process. Furthermore, the high number of transactions to be monitored in
financial audits and controls is a key challenge. For the reasons mentioned,
even with a qualified financial expert, reviewing and monitoring all
transactions is a significant challenge due to the high number of transactions
to be performed. These challenging processes in financial audits and controls
have motivated the development of automated and semi-automated
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technological tools. Based on this, numerous studies have been conducted to
support financial audits, ranging from fully automated machines trained
using artificial intelligence principles, independent of human supervision, to
financial audit tools operating partially under human supervision. However,
the current need for qualified and qualified financial auditors who
understand financial auditing demonstrates the continuing need for trained,
fully equipped, automated tools. One of the most significant challenges
facing the sector is the detection of irregular financial transactions.
According to a study by the auditing firm PriceWaterhouseCoopers, nearly
half of the companies worldwide stated that they have to fight against
economic crimes such as corruption and fraud (Rudzionis et al., 2022). This
relatively high number indicates that one in every two organizations
encounters fraud in financial life. Automatic natural language processing-
based systems must be developed to prevent this situation.

Many studies have attempted to uncover fraud in companies' financial
documents. Gray and Debreceny investigated financial fraud using financial
statement audits (Gray & Debreceny, 2014). They developed a taxonomy
aimed at raising awareness among researchers to prevent financial fraud.
Goel developed a natural language processing methodology for fraud
research on the qualitative content of annual reports (Goel, 2009). The main
objective of the methodology was to identify linguistic features that
distinguish fake reports from real ones by conducting textual analysis of the
report content. In another study, Goel and colleagues developed an NLP
method that uses the bag-of-words principle to detect fraud using the
identified linguistic features (Goel et al., 2010). Similarly, Wang and Wang
focused on the analysis of linguistic features using hierarchical clustering
method to identify fraudulent financial reports in their study (B. Wang &
Wang, 2012). Seemakurti et al. tried to detect irregularities in financial
documents by integrating NLP and machine learning based on document
frequency matrix (Seemakurthi et al., 2015). Soong and Tan focused on
automatically filtering sentiment in 10K financial reports submitted annually
or quarterly by public companies (Soong & Tan, 2021). In the study,
sentiment analysis was performed on 10K financial reports by training
fastText and BERT models.

Those who want to invest and manage their businesses need to be able
to read and manage financial reports accurately. In this globalizing age,
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financial literacy is an essential area of knowledge. However, developing a
deeper understanding of a company's financial position in the market
through straightforward reading is not easy. 10K financial reports are
required to be filed with the United States Securities and Exchange
Commission (Soong & Tan, 2021). 10F financial reports can be quite
difficult to examine with NLP because they contain few finance-specific
words (Nassirtoussi et al., 2015). However, by identifying fraudulent
companies in the market, it prevents people from investing in the wrong
companies and thus prevents loss of rights. However, many NLP studies rely
on a one-size-fits-all approach to automatically calculate the number of
positive and negative words in financial text data (Soong & Tan, 2021). In
addition, it is also possible to summarize the information in single or
multiple financial reports containing detailed information about companies
using NLP techniques (B. Wang & Wang, 2012). NLP techniques on
financial texts can automatically detect whether companies performed well
in the previous fiscal year. In their study, Soong and Tan conducted
sentiment analysis on 10K financial reports using four different NLP
techniques: Naive Bayes, Bidirectional Gated Recurrent Units, fastText, and
Bidirectional Encoder Representations from Transformers (Soong & Tan,
2021).

Shuhidan and colleagues conducted a sentiment analysis using one
year's worth of data from a local newspaper covering the Malaysian financial
economy. To perform the sentiment analysis, they extracted data from the
newspaper's financial texts, extracted stems, and removed stop words,
followed by a dictionary-based sentiment analysis (Shuhidan et al., 2018).
Atzeni et al. developed a sentiment analysis approach focusing on stock
market events and financial news headlines to perform sentiment analysis on
financial texts (Atzeni et al., 2017). They report that the sentiment scores
obtained are quite successful in determining the forecast of stock prices and
the direction of the upward or downward movement.

John and Vechtomova digitized financial texts using NLP techniques
such as N-gram, inverse document frequency, and paragraph vector. They
then trained them with regression models (John & Vechtomova, 2017).
Sohangir et al. state that deep learning-based NLP techniques use less time
than machine learning-based NLP techniques (Sohangir et al., 2018). They
report that a document's sentiment can be determined by integrating a
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convolutional neural network (CNN)-based deep learning approach with n-
gram techniques. Comparing different models, they state that convolutional
neural networks perform quite well in extracting sentiment analysis from
financial text. Vargas et al. developed a deep learning-based NLP model to
predict the daily movement direction of the Standard & Poor's 500 index
using financial news headlines as input (Vargas et al., 2017). The system,
which automatically detects and analyses complex patterns and connections,
has been tested with CNN and Recurrent Neural Network (RNN). The
performance results indicate that while CNN architectures outperform
semantic data extraction from text, the RNN architecture performs well in
capturing semantic data. Consequently, the RNN approach is said to be quite
effective in modelling temporal attributes in stock market prediction due to
its success in capturing contextual information.

Chi and colleagues developed a new NLP method that classifies
invoice categories based on textual descriptions in invoices (Chi et al.,
2023). After preprocessing the raw invoice data used as input, such as
standardizing font and word size and removing stop words, 12 different
training datasets were prepared. BERT, Bi-directional Long Short-Term
Memory (BiLSTM), and Linear Support Vector Machine (LSVM)
algorithms were used to model the data. The BERT model outperformed the
others. The authors state that categorical text classification approaches are
suitable for integration with various artificial intelligence solutions, such as
optical character recognition and Robotic Process Automation (RPA). From
this perspective, it is stated that combining repetitive and non-value-added
invoice classification with RPA will significantly reduce accounting

overhead.

Big Data

Data, considered the heart of the accounting profession, can be
processed with big data technology. The concept of big data encompasses all
forms of big data—financial and non-financial data—that can be used in real
time, including all types of company data, accounting data, and non-
accounting data (Bag et al., 2021; Basukie et al., 2020). Research in the
literature mentions that big data technology can improve financial reporting
and accounting practices, especially financial auditing (Brown-Liburd et al.,
2015; Igbal et al., 2020). Convergence studies can be carried out in many
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areas, from audit evidence to risk management, from the potential
convergence between accounting and auditing to financial reporting with big
data (Ibrahim et al., 2021).

They state that big data will provide more accurate financial reporting
and reliable budgeting when high-quality data can be used instantly in real
time (Elmagrhi et al., 2019). At the same time, big data resolves the
shortcomings of data and makes it more accurate and usable in real time
(Vasarhelyi et al., 2015). In addition, it is mentioned that accounting auditors
will increase the general level of assurance by ensuring more compliance
and adequate control by ensuring that they have full knowledge of the rules
(Alles, 2015; Yoon et al., 2015). Accounting and auditing mechanisms, such
as risk assessments, budget estimates, and depreciation estimates, are
particularly limited by their predictive nature. Big data offers hope for
overcoming these limitations by enabling the instant processing of large
amounts of processed data in real time, thus maintaining a high-quality data
flow (Ibrahim et al., 2021).

New degrees such as computational finance and business analytics
have been established in many schools, particularly in the United States and
Europe. The impact of big data on accounting and auditing is clearly evident
in academic management disciplines (Mavi & Mavi, 2021; Wang et al.,
2020). Despite the inclusion of big data in business disciplines, academic
research and studies cannot compete with the rapid development of big data
(Chen et al., 2015). It is stated that the inclusion of big data in businesses is
in the early stages in terms of various methodological diversity, new
approaches, use for accounting and empirically oriented studies in this field
(Moffitt & Vasarhelyi, 2013).

Although the impact of big data in the accounting and auditing fields
is indisputable, studies analysing this impact are limited (Agusti & Orta-
Pérez, 2023). Accounting systems require the use of big data and artificial
intelligence because they consist largely of information-intensive activities
(Lamboglia et al., 2021). Warren and colleagues report that big data will
become increasingly important due to the emergence of new data types in
accounting practices, leading to improvements in financial accounting,
management accounting, and financial reporting. They state that the use of
big data will impact many accounting processes, including audit planning,

internal control, testing, evidence gathering, and risk assessment
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(Appelbaum et al., 2017). Big data can be defined as the technology required
to manage large and complex data sets and perform data storage (Chen et al.,
2012). Observing that big data is missing in many academic studies, the
importance of big data in accounting and auditing practices will be
emphasized in order to fill the gap in this field.

Big data are data sets that have particular storage challenges and are
typically larger than petabytes and are generally analysed by computational
methods (Cockcroft & Russell, 2018). While there is research in the field of
big data, less focus has been placed on accounting, auditing, or finance
applications (Abbasi et al., 2016; Akter & Wamba, 2016; Frizzo-Barker et
al., 2016). Many businesses are implementing big data strategies to
accelerate the overall perception of products and the conversion of data into
money (Frizzo-Barker et al., 2016). Although big data has been developed
by giants such as Amazon and Google to bring big data strategy to
companies, it is reported that many medium-sized companies struggle with
the challenge of big data and have difficulty finding solutions (Goes, 2014).

According to the Turner report, the banking sector is reported to be
lagging behind in basic analytical processes such as natural language
processing, image processing, audio analytics, and video analytics, although
it has made some progress (Turner et al., 2013). Similarly, although there are
developments in the analysis of social media comments and customer
comment analysis, it is reported that some technical skills are lacking in the
finance sector (Goes, 2014). Increasing processing power and advanced
algorithms are among the issues that have emerged with the advancement of
big data. With the advancement of algorithms, big data can now perform
financial and management reporting, and compare different data sources for
organizations with big data (Singh, 2014).

Big data is very important in terms of reducing the security risks that
occur during the transfer of confidential information to the cloud system
(Brennan et al., 2014; Drew, 2013). Solutions can be developed by applying
big data analytics in detecting attacks coming from within the organization
or calculating behavioural analytics (Chivers et al., 2013; Ferguson, 2012;
Gregory & Muntermann, 2014). In addition, big data applications are used to
detect insurance fraud in fake car accidents or to detect possibilities such as
abuse of claims in health insurance (Hipgrave, 2013; Srinivasan &
Arunasalam, 2013).
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Awad et al. conducted a study to examine the effects of big data on
accounting (Awad et al., 2021). Researchers note that there are significant
gaps in empirical studies related to big data in accounting and that the
research conducted in this area is limited. It is argued that big data can be
actively used in many areas of accounting, such as risk management,
financial reporting, performance measurement, agency theory, and
legitimacy theory. Accounting is a field capable of solving problems
involving advanced analytics, forecasting systems, and accounting
techniques that require forecasting.

Machine Learning

There are many questions about whether machine learning, one of the
important subfields of artificial intelligence, can contribute to the transfer of
quality information for the future in the field of accounting, whether
machine learning can contribute to reporting, especially financial reporting,
and whether it can improve auditing procedures (Bao et al., 2020; Binz et al.,
2020; Sun, 2019). Due to the increasing amount of data, the analysis and
processing of raw data in many companies with machine learning techniques
has had a strong impact in many sectors (Ranta et al., 2023). Machine
learning is a successful subfield of artificial intelligence that works very
efficiently in the automatic processing of complex data without requiring
expert knowledge.

It can be seen that companies use machine learning techniques from
artificial sub-fields to provide technological advancement in order to provide
better customer service, to maximize the performance of the business, and to
create value by using the increased revenue in the right place (LeCun et al.,
2015). The widespread use of digitalization in management processes has led
to a significant increase in financial and non-financial data for an
organization. A company's vast array of financial and non-financial data,
including individual employee psychological tests, selection interviews for
managers, salary and performance evaluations, and health status reports,
requires meaningful analysis. This increasing volume of raw data requires
meaningful data analysis, using machine learning methods, whether
implemented with or without consulting. These analyses are essential for
both the company's quality processes and for employee satisfaction surveys.
Advances in graphics and hardware, driven by technological advancements,

38



have enabled the use of machine learning techniques to perform lengthy
training models for high-dimensional data.

Researchers seeking answers to various questions about whether
machine learning can improve managerial accounting, finance, and financial
reporting have made various choices to reduce linearity and correlation in
accounting data (Bertomeu, 2020). The author states that the use of machine
learning techniques in the field of managerial accounting is in its infancy and
states that studies should be conducted on forecasting methods, textual
analysis of accounting data, and how artificial intelligence will change the
accounting profession (Ranta et al., 2023).

Machine learning techniques and methods are primarily used in
textual analysis of data in managerial accounting or finance. They are used
in textual analysis of online resources such as company-specific job
postings, analyst reports, and company websites, as well as company social
media data (Ranta et al., 2023). It is also used in the analysis of interview
materials in qualitative analyses in managerial accounting. The analysis of
qualitative data from online remote meetings, which has become
increasingly common, using machine learning-based methods has become
increasingly common. Textual analysis of data related to cost and
performance metrics, and the development of algorithms for this analysis by
companies, could create significant opportunities (Lei et al., 2019).

It is argued that company data interpreted by many people is more
valuable than that provided by experts (Bartov et al., 2018). It is stated that
the comments of the company's employees are particularly guiding if a
financial policy is to be developed for a company (Huang et al., 2020). In
managerial accounting, many linguistic analyses such as repeatability, cost
effectiveness, statistical analysis, generalization can be performed with
machine learning techniques (El-Haj et al., 2019). Text analysis studies are
mentioned to determine the positive, negative or strong, weak tones of
financial communication (Dyer et al., 2017).

Machine learning's ability to perform balance sheet and income
statement forecasts is crucial for managerial forecasting. Many businesses,
especially insurance companies, generate better forecast performance results
by forecasting losses from future customers than actual managerial forecasts
(Ding et al., 2020). Ding and colleagues developed forecasting results for

five insurance branches to estimate customer losses for insurance companies
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in managerial accounting. In their analysis, they determined that analysis
using machine learning techniques outperformed managerial forecasting for
four of the five insurance companies examined. Many values, such as stock
options, warranty expenses, retirement and post-retirement benefits, income
from long-term projects, and the value of fixed assets after depreciation, can
be found using a forecasting method (Ding et al., 2020).

The aim is to create the best prediction model using machine learning
techniques to protect insurance companies against risks that may arise within
a predetermined period (Ding et al., 2020). According to a study by Zhang
and Browne, two-thirds of insurers' liabilities are reported to go to loss
adjustment expenses (Zhang & Browne, 2013). Insurance managers'
predictions of the likelihood that accident claims arising from insured
vehicles within a year will not be resolved by the end of the year are
subjective. In this case, it is crucial to develop a machine learning model that
accurately predicts this number by considering input data from across the
years. Furthermore, the existence of claims that have occurred but gone
unreported can complicate insurance companies' forecasts (Ding et al.,
2020). There is a great need for machine learning models with well-tuned
parameters and input values that will also predict the costs of compensation
claims filed during the year and extend to subsequent years.

Heijden demonstrates how machine learning approaches can be
relevant across a range of accounting domains, from predicting a firm's
industry sector to identifying the impact of machine learning on accounting
to publicly available data (Heijden, 2022). The author argues that predicting
the correct industry codes for a company can be achieved simply by looking
at the company's financial statements. To achieve this, he used data from the
Compustat database for 80,790 companies. The author also ran a test run on
the remaining training data from 64,632 companies. The algorithm they
developed generates industry codes and compares them with actual industry
codes to measure performance. The study indicates that a nonlinear
classifier, rather than a linear classifier, yields highly successful results in
predicting accounting data. It is noted that the machine learning approach,
which focuses on prediction compared to the traditional method, focuses on
out-of-sample prediction of the dependent variable (Bao et al., 2020). In
machine learning, algorithms are developed to predict dependent variables
from independent variables on a training set (Géron, 2022). When
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performing machine learning predictions on accounting applications, a single
task within that subdomain is performed by focusing on a specific
subdomain. This can extend to include market forecasts such as investor
sentiment and media reaction to a subdomain, from the firm's high-level
expectations and long-term outlook to environmental commitments and
business strategy.

In one recent study, a machine learning approach was developed that
performs textual analysis to convert conference calls into emotional
attributes in order to establish a link between conference calls and
performance outcomes (Hrazdil et al., 2020). Another study processed
company financial statement data to classify the situation of fraud or
deception in the accounting field of a business (Bao et al., 2020). In such
studies, being able to predict areas that pose risks to a company is extremely
valuable. The process, which begins with multiple discriminant analysis and
logistic regression in the literature, continues with the use of machine
learning approaches such as neural networks and ensemble classifiers
(Altman, 1968; Barboza et al., 2017; Khashman, 2010; Ohlson, 1980).

Barboza and colleagues conducted a study to measure whether
machine learning-based approaches improve bankruptcy prediction over
traditional models (Barboza et al., 2017). In their study, they compare the
results obtained from learning models such as support vector machines,
random forests, bagging, and boosting with logistic regression and artificial
neural networks to predict corporate bankruptcy one year in advance. To
achieve this, they use 28 years of data from North American companies.
Observing more than ten thousand companies, including data from the
Salomon Center and Compustat, the researchers emphasize that
incorporating six complementary financial indicators into the Altman-Z
score variable improves the performance of the algorithms used. The study
states that when growth metrics such as operating margin, return on equity
change, assets, number of employees, price value, book value, and sales are
used as predictive variables, the machine learning algorithms achieve 10%
greater accuracy than traditional models. The author, who achieved the
highest success with the random forest algorithm among the algorithms,
reports that support vector machines do not yield higher results than other
algorithms. This result is similar to similar results in the literature.
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Institutions such as fund managers, creditors, governments, financial
market players, and financial institutions are seeking solutions to predict the
probability of bankruptcy, which is defined as default. Machine learning
models can be developed to predict whether a company will go bankrupt
based on capital market information. Considered one of the most established
studies in this field, Altman's study used discriminant analysis to classify
companies as solvent or insolvent based on financial statement data (Altman,
1968). The event of bankruptcy, known as default, became a priority for risk
management during the 2007/2008 financial crisis, necessitating a
downgrade of the debt ratings of credit-related assets and a close
examination of credit risk parameters (Wang et al., 2014). Researchers state
that there is no theoretical framework to understand whether an institution is
bankrupt or not, and that the dependent and independent variables to be used
in prediction models are determined through experimental studies (Wang et
al., 2014; Zhou et al., 2014). Unlike Altman, Ohlson determines the good
and bad payer by calculating the probability of default of the potential debtor
(Ohlson, 1980). Nanni and Lumini Levenberg Marquardt neural network
random subspace method used to predict credit scoring and bankruptcy in
Australia, Germany and Japan using credit values (Nanni & Lumini, 2009).
Being able to perform a reliable credit scoring is preferred because it ensures
faster decision-making, reduces credit analysis costs, and ensures the return
of loans and ensures their insurance (Tsai & Wu, 2008). Multilayer
perceptions, decision trees, support vector machines and linear methods are
frequently used in financial decision-making processes (Haykin, 1994; Lee
et al., 2002, 2006; Tsai & Wu, 2008).

CONCLUSION

This study examines studies that aim to increase accounting efficiency
by reducing human errors in accounting transactions by restructuring
accounting procedures. These studies demonstrate that accounting practices
are undergoing digital transformation, and are important for understanding
the opportunities and challenges faced in the digital transformation process.
Historically, accounting first transitioned from manual processes to
computer-aided automation. Today, it is in a transition towards intelligent

systems powered by artificial intelligence. These transitions have not only
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changed the content of accounting education but also the roles of accounting
professionals. The integration of artificial intelligence into accounting
practices has led to significant changes in key processes such as data
processing, reporting, analysis, and decision-making. The introduction of
artificial intelligence into accounting improves speed, accuracy, and
efficiency by automating processes prone to human error in traditional
accounting methods. The integration of big data, machine learning, and
natural language processing techniques into accounting practices has each
significantly improved strategic decision-making processes in this sector,

including financial analysis, risk assessment, and forecasting.
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ABSTRACT

Sleep activity detection using sounds is an important research issue for
machine learning. The main objective of this work are to present a new sleep
sound dataset and to propose a high accurate classification method to help
diagnosis of the sleep diseases and detect sleep quality. In this work, a novel
sleep activity classification method is presented by using a new sleep sounds
dataset. The presented method consists of feature generation, feature
selection and classification phases. In the feature generation phase, a novel
multiple pooling decomposition method is used with binary pattern(BP)
function. The meaningful features are selected with neighborhood
component analysis(NCA) feature selector. Linear discriminant(LD), k-
nearest neighbors(kNN) and support vector machine classifiers are utilized
as classification methods and SVM reached 95.71% classification accuracy
for the collected non-speech human sounds such as snoring, laughing,
screaming, sneezing, sniffing, farting and coughing. The results clearly
demonstrated success of the proposed method.

Keywords — Sound activities detection, non-speech sound classification, multiple
pooling decomposition, binary pattern, machine learning

INTRODUCTION

Background

Sleep problems are common in the community (Canever et al., 2024;
Tobaldini et al., 2017). The disease is effected of human sleep and life
quality (Garbarino & Bragazzi, 2024; Verster, Pandi-Perumal, & Streiner,
2008). When untreated, it causes difficult and life-threatening diseases. It is
a disease group not known sufficiently by doctors and patients. Sleep quality
is evaluated in the detection of sleep health problems that cause functional
disorders, mortality and morbidity (Serra-Negra, Lobbezoo, Martins,
Stellini, & Manfredini, 2017). The sleep quality of the person is directly
related to their behavior during sleep. Problems such as the breakdown of
night sleep and the decrease of time spent in rapid eye movement (REM)
sleep are the reasons that negatively affect sleep quality (Miano, Parisi, &
Villa, 2012). During sleep, body movements, respiratory problems, digestive
system problems, psychological state and those seen in dream directly affect
prevalence of sleep disorders (Borek, Kohn, & Friedman, 2006; Dattilo et
al., 2011). In addition, the person causes disrupted sleep quality of the sleep
partner. Sleep tests are performed in centers of sleep disorders to determine
sleep problems. The patient's behaviors during sleep by drug induced are
recorded with a polysomnography test (Levendowski et al., 2009).
Polysomnography records the behavioral changes in a person's brain and
body as a signal. Therefore, it is aimed to record the signals by attaching
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electrodes to different points of the patient (Rosenow, Kotagal, Cohen,
Green, & Wyllie, 2000). It is a very uncomfortable and difficult process for
the patient. In addition, camera and sound recordings of the sleeping room
are collected for analysis (Chen, Chen, & Hung, 2014; Nobuyuki et al.,
2009). Then the recorded records are examined by technicians and doctors.
The results are evaluated and diagnosed. Polysomnography test time is
usually between 6-8 hours. Received signals are transferred to the computer.
The records are then analyzed by an experts trained in sleep medicine (EI
Shayeb, Topfer, Stafinski, Pawluk, & Menon, 2014). Examining and
interpreting the sleep test requires both time-consuming and special training.
It takes quite a long time for the technician or doctor to examine long-term
signals. Computer aided artificial intelligence methods have achieved high
successful results in the processing of signals. Information about sleep
quality can be obtained using the sound recordings of the test room. This is
cheaper and more comfortable for the patients. Analyzing of sound signals
can be used to support polysomnography testing. In addition, analyzing sleep
sound signals by automated methods can assist doctors in detecting sleep
problems (Min et al., 2014). Information about the quality of sleep can be
obtained from non-speech sounds produced by the patient during sleep.
Sounds such as laughing, coughing, snoring, screaming, sneezing, farting
can give information about sleep behaviors, psychological status, respiratory
and digestive system disorders (Amiriparian et al., 2017; Azarbarzin &
Moussavi, 2013; Ferrari, Silva, Guarino, Aerts, & Berckmans, 2008;
Karunajeewa, Abeyratne, & Hukins, 2010). To implement sound analysis, it
is sufficient to record the sound of the sleeping environment. There is no
need to give drugs or electrodes to the person. It also saves a lot of time the
examination and diagnosis times. Computer aided machine learning
techniques are patient friendly and economical for sleep test. It also
minimizes errors caused by the human factor and helps the doctor to decide.
An automated non-speech sounds classifier algorithm consists of feature
extraction, feature selection and classification.

Motivation

People perform involuntarily many behaviors during sleep. When they wake
up, they feel sluggish and tired. It causes stress during the day, family or
business problems and people are sleepy at the wrong time of day. Some
sleep diseases can make life threatening. Behaviors like snoring, nightmares,
coughing, farting, involuntary laughter, sneezing interrupt sleep. Sleep
problems are among the conditions that need to be treated. Therefore, people
consult to sleep treatment clinics. The basic test performed in these clinics is
to observe the sleep state. Video and sound recordings of the environment
during sleep help to understand the behavior of the person during sleep.
Recordings are categorized by watching or listening by experts. The main
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motivation of our study is to classify the sound recordings taken during sleep
tests using computer-aided automatic algorithms. The automatic
classification model will help experts diagnose faster and more accurately. It
is also more comfortable and economical for the patient. Records collected
by the patient at home can be evaluated. Therefore, non-speech sounds of
people are determined. Then a new 7-class non-speech human sound data set
was collected. It has been shown that sound types can be classified
successfully using the dataset. Our other motivation is to demonstrate the
effectiveness of the machine learning (ML) based method in identifying
sounds during sleep.

Literature review

Detection methods using sound signals have been a very popular area in
recent years. It is used in many areas such as device diagnosis (Duan, Yang,
& Guo, 2025; Goldaran & Turer, 2020; Liu, 2020; Mauricio et al., 2020;
Sinay, Balazikova, Dulebova, Markulik, & Kotianova, 2018) , health
problems (Jaber et al., 2020; Magrupov, Nazirov, & Abdullaev, 2024;
Yadollahi & Moussavi, 2010), environmental monitoring (Fan, Sun, Chen,
& Fan, 2020; Salamon & Bello, 2017), environment and activity detection
(Jung & Chi, 2020; Xiao, Hu, & Li, 2019), speaker recognition (Sabatier,
Trester, & Dawson, 2019; Singh, 2019), emotional detection (Bhaskar,
Sruthi, & Nedungadi, 2015). Usually ambient and human sounds are used in
studies. Ambient sounds vary depending on the application. Human sounds
are in the form of speech and non-speech. In the literature, there are various
studies that use human sounds on word detection from speech, non-speech
and disease detection from sounds (Chandaka, Chatterjee, & Munshi, 2009;
Jaber et al., 2020; Sabatier et al., 2019). There are many studies that perform
emotional analysis taking into account the voice and speech characteristics.
However, studies are generally concerned with speech patterns recognition
in sound (Ak¢ay & Oguz, 2020; Bhaskar et al., 2015; Issa, Demirci, &
Yazici, 2020; Mohanty & Palo, 2020; Yao, Wang, Liu, Liu, & Pan, 2020)
and some of these are; Kaneshiro et al. (Kaneshiro, Hiraumi, & Sato, 2020)
proposed a method that can distinguish vowel consonants in speech sounds.
It also showed whether the speech is natural voice or not on 2 different
sound datasets. Li and Walker (Li & Walker, 2019) presented a model for
the classification of speech, speechless and mixed sounds on the screen. The
results of the study revealed the relationship between people's musical
experiences and sound. Nandwana et al. (Nandwana, Bofil, & Hansen, 2016)
showed the method of classifying speech sounds with non-speech sounds.
Support vector machine (SVM) and Gaussian Mixture Model (GMM) were
used in the study. 94.6% success was achieved on the 2 class dataset.
Pishdadian et al. (Pishdadian, Seetharaman, Kim, & Pardo, 2019)
comparison of deep learning and signal processing techniques. Experiments
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were carried out to determine whether the sounds of non-speech vocals are
imitation or real voices. Vandermosten et al. (Vandermosten et al., 2011)
proposed a method aimed at revealing speech behavior of patients with
dyslexia. The voices of dyslexia patients and healthy readers were classified.
Yasmin and Das (Yasmin & Das, 2019) presented a methodology for
distinguishing speech and non-speech sounds. The sound signals were
defined in two classes using textural and acoustic features. Zhu et al. (Zhu,
Wu, Lu, Wang, & Zhu, 2019) provided a method to determine the activities
of sounds received remotely in smart homes. Signal spectrum was extracted
for voice activity detection and classification was done using GMM. They
classified the sounds received from different microphones with 89.5%
accuracy rate. Liao and Lin (Liao & Lin, 2009) presented a model for the
classification of non-speech sounds. It used multivariate adaptive regression
splines (MARS) and support vector machine (SVM) classifiers. In the study,
sounds in 5 different classes were classified with 83.56% accuracy rate.
Many methods have been proposed for the classification of snoring sounds.
Generally, the aim is to detect the discomfort in the respiratory system of the
person from snoring sound [30-35]. There are studies in which sound signals
are used to detect sleep quality and diagnose diseases. Some of them are
given as follows. Ben-Israel et al. (Ben-Israel, Tarasiuk, & Zigel, 2010)
analyzed sleep sounds for the detection of obstructive sleep apnea disorders.
Using semi-automatic algorithm based on Gaussian mixture models, it
classified 3 different disease types with 92% accuracy rate. Proniewska et al.
(Proniewska, Malinowski, Pociask, & Proniewski, 2014) proposed a method
for automatic detection of sleep disorders using the acoustic properties of
sounds emitted during sleep. The relationship between acoustic sound
signals and electrocardiography signals has been obtained. Logistic
regression and probabilistic statistical classification model was proposed. 3
sleep quality problems were classified with 90% accuracy rate. Er and Tan
(Budiharto et al., 2018) proposed a fall detection algorithm. Signals were
recorded using a sound sensor. The signals obtained were analyzed using
fuzzy logic. Thus, it was determined using the audio signals whether the
elderly was falling or not. Koley and Dey (Koley & Dey, 2013) proposed a
method for automatic detection of sleep apnea problems. Respiratory signals
were classified using SVM. Classification rate of 94.1% was obtained for
normal, apnea and hypoapnea classes. Dafna et al. (Dafna, Tarasiuk, &
Zigel, 2018) demonstrated a method for classifying sleep stages by sound
signals. Pattern estimation algorithm was used in their studies. 86.9%
success classification rate was obtained for 4 classes. Xue et al. (Xue et al.,
2019) presented a model to detect sleep activities using respiratory sounds.
Decision tree, SVM, kNN and the ensemble classifiers were employed. 4
sleep stage was determined with 71.9% classification rate. Jiang et al. (Jiang,
Peng, & Zhang, 2020) proposed an automatic classifier using snoring sounds
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during sleep. 93.73% classification accuracy was calculated for 2 classes
using CNN.
Our method

In this study, a novel multilayer feature generation network based non-
speech human sound classification (NHSC) method is presented. The main
goal of our method to create an automated and high-accurate classification
model for non-speech sounds. The presented method consists of three
fundamental layers and these are multiple pooling based and BP based
feature generation network, feature selection using NCA and classification.
It is known that from pooling methods, conventional pooling methods
(maximum, minimum and average) routes only peak, minimum or average
values. Therefore, a multiple pooling method is used to improve routing
capability. In our multiple pooling method, minimum, maximum and
average pooling are used to route peak, minimum and average values
together. The used multiple pooling method is used in feature generation for
level creation. BP extracts 256 features from each level. 7680 features are
extracted by using the proposed multiple pooling and BP based feature
generation network. NCA selects 256 features from these 7680 features.
Three conventional classifiers (LD, kNN and SVM) are employed to obtain
results of these 256 features.

Contributions and Novelties

Main contributions are given as below.

e NHSC is very crucial for human health because humans have
generated non-speech sounds especially during sleeping. To measure
quality of sleep, NHSC methods should be used. Therefore, we
presented a novel NHSC method based on multiple pooling based
BP and NCA methods. To evaluate this automated NHSC method, a
novel dataset was collected. This dataset has 700 sounds with 7
classes.

e To classify the collected sounds with high success rate, a novel
multiple pooling, BP and NCA based NHSC method is presented.
Pooling methods are not good routers. Therefore, we used multiple
pooling method to present an effective decomposition method. BP
has informative feature extract capability with low time cost and it
has been widely used literature. NCA is well feature selector. The
proposed NHSC method uses effectiveness of these methods.

THE PROPOSED NHSC METHOD

In this work, we presented a novel hand-crafted features based NHSC
method. The fundamental phased of the proposed NHSC method are feature
generation with multiple pooling method based BP (Huang, Shan,
Ardabilian, Wang, & Chen, 2011; Ojala, Pietikdinen, & Maienpidi, 2001;
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Zhao & Zhang, 2024), feature selection using NCA (Tuncer, Dogan, &
Ertam, 2019; Tuncer & Ertam, 2020) and classification using LD (Vidaurre
& Schlogl, 2008), kNN (Keller, Gray, & Givens, 1985) and SVM
(Scholkopf & Smola, 2001; Suykens & Vandewalle, 1999) classifiers. The
main goal of the proposed NHSC method is to propose a high accurate
method (Shahar, As’Ari, Swee, & Ghazali, 2024). As it can be known from
the literature, multileveled feature generation methods have high accuracy
rates because they have low, medium and high levels feature extraction
capability. To create multiple pooling based decomposition method,
maximum, average and minimum pooling method are used together and 10
leveled network is created. BP extracts 768 features from each level and the
proposed multiple pooling decomposition and BP based method generates
7680 feature. In order choose 256 most informative features, NCA is used.
These 128 features are forwarded to LD, kNN and SVM classifier to obtain
predictive results. Block diagram of the proposed NHSC method is shown in
Fig. 1.

Classification

NCA based
feature
selection

10 times|

Feature
concatenation

Feature extraction_i

Figure 1: Graphical summarization of the proposed NHSC method.

The used fundamental sections of the proposed are explained in subsections.
Feature extraction

In the feature extraction phase, the multiple pooling and BP methods are
used together to extract low level, medium level and high level features.
Steps of this phase are given as below.

Step 0: Load sound signal

Step 1: Apply average pooling and minimum pooling to loaded sound signal

s1(t) = avp(ss(i),ss(i+1)),i ={13, ..M — 1},¢ |
=(12,..,M/2} D
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s2(t) = minp(ss(i),ss(i + 1))

(2)

avp(x,y) = a ;:}F (3)
r £ 7

minp (x,y) = {i’i ::'; 4)

In Eq. 1-4, 51, 52 and ss represent average pooled signal, minimum pooled
signal and sound signal respectively. M is length of sound signal, i and t are
indices. avp(.,.) denotes average pooling and minp(.,.) is minimum
pooling function. X, ¥ are input parameters of these pooling methods.

Step 2: Apply binary pattern to these signals and extract 256 features from
each signal.

f'=BP(ss) (5)
f* = BP(s1) (6)
f*=BP(s2) (7)
feat™ = concat(f1,f% ), h={12,..,10}ure (8)

where f*, f* and f? are feature vectors of the sound signal, average pooled
signal and minimum pooled signal. The size of each feature vector is 256.
feat™ is concatenated features in h™ level with size of 768.

As it can be seen from Egs. 5-8, the fundamental feature extraction function
is BP. BP is a textural feature extractor and it has been widely used for both
images and signals. The input signal is divided into overlapping windows
wits size of 9. The 5" value of this window assigned as center value.
Features are extracted by using center value, other values (neighbors) and
signum function together. BP generates a map signal and histogram of the
calculated map signal is utilized as feature vector. It has meaningful feature
extraction capability and low computational complexity. Therefore, we
selected it as feature extractor. The pseudo code of the procedure of the BP
is shown in below.
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Procedure: BP(ss)
Input: Sound signal (ss) with length of M.
Output: Feature vector (fv) with size of 256.

00: Load ss

01: fori=1 to M —8do

02:  window = ss(i:i + 8); // Divide sound signal into 9 sized overlapping blocks.
03:  map(i) = 0; // Assign first value of the map value as 0.

04:  counter = 1;// Assign counter to calculate bits.

05: forj=lto9do

06: if j! =5 then // To calculate bits, center value should be skipped.

07: map(i) = map(i) + (window(j) = window(5)) = 28-ccunter;
08: counter = counter + 1;

09: end if

10:  end forj

11: end for i

12: for i=1 to 256 do // Assign first value of fv to zero.

13: fv()=0;

14: end for i

15: fori=1 to M — 8 do

16:  fv(map(i) + 1) = fv(map(i) + 1) + 1; // Extract histogram of the calculated map
17: end for i

Figure 2: Pseudo code of the BP procedure.
Step 3: Apply maximum pooling to sound signal and decompose sound
signal.

s3(t) = maxp(ss(i),ss(i + 1)) 9)
Xx =y

O 0

5§ = 53 (11)

where 53 and maxp(.,.) are decomposed signal by using maximum
pooling and maximum pooling function respectively.

Step 4: Repeat steps 1-3 10 times and generate 10 leveled features.

Step 5: Concatenate all features and obtain concatenated feature vector (fc)
with size of 7680.

fc = concat(feat!,feat?, ..., feat™) (12)

Feature selection

At the feature extraction section, 7680 features are generated. In order to
select informative features, NCA (Tuncer et al., 2019; Tuncer & Ertam,
2020) is utilized as feature selection method in this method. NCA is a
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distance based feature selection method and uses gradient optimization
method to determine informative ones. We used NCA parametrically and we
selected 256 most informative ones from these 7680 features. Fitness
function of the NCA is a distance based function. Therefore, each feature
should be normalized. Steps of the used feature selection method are given
in below.

Step 1: Apply min-max normalization to each features of the fc.

T fe(:, i) —min(fe(:, 1)) .

fel(i) = max/(fc(:,i)) — min(fe(:,i)) i={1.2,..7680] (13)
where fc is normalized

Step 2: Calculate sorted index using NCA function.

[weight, index] = NCA(fc", target) (14)
Step 3: Select 256 most informative features (X).

X(:, 1) = fcV(:,index(D)),l ={1,2,...,256} (15)
Classification

At this section, we used three conventional classifiers and these classifiers
are LD (Vidaurre & Schlogl, 2008), kNN (Keller et al., 1985) and SVM
(Scholkopf & Smola, 2001; Suykens & Vandewalle, 1999) classifiers. 10-
fold cross validation is chosen for testing and training. Attributes of the used
classifiers are given as follows. Gamma parameter is selected as zero in the
LD. k is selected 1 and distance metric is chosen as city block. In the SVM,
constraint value (C), kernel function and multiclass method are chosen as 1,
3" degree polynomial kernel and one vs all respectively. The selected 256
features are utilized as input of these classifiers.

RESULTS AND DISCUSSIONS

Data collection and processing

Sounds that can be observed during sleep are selected. The dataset contains
700 sound data in 7 categories. The categories include laughing, sneezing,
coughing, snoring, farting, sniffing and screaming. There are 100 audio
signals from 20-40 different recorded sound in each category. Audio signals
were recorded on YouTube (YouTube, 15.04.2020) using windows sound
recorder. Signals are at a frequency of 48 kHz in the range of 4-8 s. The
definition of the selected sound related to sleep quality are described in
Table 1. Video and sound data available on YouTube are sounds collected
by various people using different recording devices. Therefore, the data
collected is more diverse and exempted from sampling errors compared to
data measured in certain experimental environments using standard
recording devices. It also prevents the algorithm from overfitting.
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Table 1: Classified non-speech human sound signal during sleep

No | Non-speech | Number of Number of | Signal Length
Class Name Recordings sound (sec)
signals
1 Cough 30 100 400
2 | Laugh 40 100 500
3 Scream 20 100 400
4 Sneeze 20 100 600
5 Snore 20 100 600
6 | Sniffle 30 100 400
7 Farting 40 100 500
Total | 140 700 3400
Experimental Results

In this section, the obtained results were given. To implement the proposed
NHSC method, i used a personal computer (PC) and the used PC has 3.2
GHz microprocessor and 16 GB main memory. The proposed multiple
pooling and BP based NHSC method implemented on MATLAB2018a
programming environment. Three classifiers were also used and their results
(accuracy, precision, recall, F1-score, geometric mean) were calculated. To
calculate these measurements number of true negatives (t1), true positives
(tp), false negatives (fm), and false positives (fpP) should be used.
Equations of the used measurements were shown in Table 2 (Tuncer et al.,

2019).

Table 2. Mathematical definitions of the used performance metrics of the classifiers.
Measurement | Equation No
Accuracy tp + tn (16)

tp+tn+fp+fn
Precision tp (17
tp +fp
Recall tp 12
tp+ fn (18)
Fl-score 2tp
(19)
2tp+fn+ fp
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Geometric || tp * tn

mean w| (tp + fn)(tn+ fp)

(20)

The obtained results from LD, kNN and SVM were listed in Table 3.

Table 3: Calculated measurements (%) of the used classifiers.

Measurement LD kNN SVM

Accuracy 90.57 92.14 95.71

Precision 90.76 92.34 95.83

Recall 90.57 92.14 95.71

F1-score 90.67 92.24 95.77

Geometric mean 90.20 91.79 95.66
Discussions

To obviously discuss of the obtained results, calculated confusion matrices
by using LD, kNN and SVM classifiers are shown in below.
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(a) Confusion matrix of LD
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Figure 3: Confusion matrices of the used classifiers.

Table 3 and Fig. 3 have shown that the best resulted classifier is SVM and it
achieved 95.71% classification accuracy and reached perfect accuracy only
on class. Although LD and kNN resulted smaller accuracy rates, they
achieved perfect classification rates for two classes. As seen from Fig. 4,
sneeze sound classification is harder than other classes for our proposed
NHSC method. LD and kNN calculated 77% classification rate for sneeze
class. However, SVM achieved 91% success rate for this class. Therefore,

SVM achieved the best classification accuracy.

Table 4: Accuracies of the proposed multiple pooling decomposition and binary
pattern based sound classification model and other related sleep classification

methods
Study and Year | Method and Aim Accuracy Number of
Rate class
Liao and Lin | Sneeze, scream, laugh and | 89.81% 4 classes
(Liao & Lin, | snore sounds for classification
2009), 2009 using MFCC
Ben-Israel et | Classification of nocturnal | 92% 3 classes

al. (Ben-Israel

sound using gaussian mixture
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et al, 2010), | models

2010

Er and Tan | Non-intrusive fall detection | 95% 2 classes

(Budiharto et | monitoring for the elderly

al., 2018), | based on fuzzy logic

2018

Dafna et al. | Sleep stages classification | 86.9% 3 classes

(Dafna et al., | using  pattern estimation

2018), 2018 algorithm

Xue et al.(Xue | Detecting sleep activities using | 71.9% 4 classes

et al., 2019), | decision tree, SVM, kNN and

2019 the ensemble classifiers

Jiang et al. | Snoring sound classification | 93.73% 2 classes

(Jiang et al., | using CNN

2020), 2020

Kim et al. | Sleep apnea classification | 99.7% 2 classes

(Kim, Cho, | using EEG signals wave

Seo, Son, & | detection based feature

Kim, 2012), | extraction and classification

2012 using ANN

Koley and Dey | Respiration signal | 98.2% 3 classes

(Koley & Dey, | classification using ensemble

2013), 2013 SVM for sleep apnea

Our method Sleep activities classification | 95.71% 7 classes
using NHSC method

Table 4 clearly denoted that, sleep classification methods used 2, 3 or 4
classes for classification. We used 7 classes and our method reached 95.71%
classification accuracy by using SVM. These results illustrated effectiveness
of the proposed multiple pooling and BP based method and a comprehensive
dataset was gathered as a testbed for nocturnal sounds classification. Our
classification rate is smaller than Kim et al.’s (Kim et al., 2012) and Koley
and Dey’s (Koley & Dey, 2013) methods. Kim et al.’s (Kim et al., 2012)
used EEG signals as input data and Koley and Dey’s (Koley & Dey, 2013)
applied their methods on respiration signals. These signals are more suitable
than sounds for classification and these methods used 2 and 3 classes
respectively. However, the used dataset has 7 classes. Benefits of the
proposed multiple pooling and BP based NHSC method are;

- By using multiple pooling method, a novel effective decomposition
method was proposed.

- A novel NHSC dataset was collected.

- The proposed multiple pooling BP and NCA based NHSC method is
a high accurate method (See Table 3).
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- This NHSC method has general success because it achieved higher
than 90% classification accuracy by using three conventional
classifiers.

- The proposed multiple pooling BP and NCA based NHSC method
outperformed.

The limitation of the proposed method is shown as follows. The proposed
automated NHSC method was tested on a new sounds dataset. We cannot
test our multiple pooling decomposition and BP feature generation method
on real sounds.

CONCLUSIONS

Non-speech human sounds are crucial to detect sleeping activities and
diseases. Therefore, a novel NHSC method was presented in this work. In
the first phase, a non-speech human sounds dataset was collected from
YouTube. Then, a novel NHSC method was presented. This method consists
of feature generation with a multileveled BP. Multiple pooling method is
utilized as decomposition method and levels are created with the proposed
decomposition method. The proposed feature generation network has 10
levels and 7680 features are generated in total. These features are forwarded
to NCA and 128 the most informative ones are selected. LD, KNN and SVM
classifiers are employed to obtain results. According to experimental results,
90.57%, 92.14% and 95.71% classification accuracies were obtained from
LD, kNN and SVM respectively. The proposed multiple pooling BP and
NCA based NHSC method was compared to other methods and it resulted
higher performance than all of them.

In the future studies, a novel sleep monitoring application can be developed
by using the proposed multiple pooling BP and NCA based NHSC method
and some diseases can be diagnosed by using this monitoring system.
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