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Abstract— Stress has effects on productivity and perfor-
mance. Poor stress management may lead to reduced produc-
tivity and performance. Non-invasive actuators such as music
have the potential to effectively regulate stress. In this study,
using a state-space approach, we obtain a performance state
to investigate the performance during a working memory task
while playing two different types of music in the background.
In our experiments, participants performed a working memory
task while listening to calming and vexing music of their
choice. We utilize the binary correct/incorrect response and the
continuous reaction time of the response from the participants
to quantify the performance. The state-space quantification
reveals that vexing music has a statistically significant positive
impact on the obtained performance state. This indicates the
feasibility of designing non-invasive closed-loop systems to
regulate stress for maximizing performance and productivity.

I. INTRODUCTION

Stress is a part of daily life in workplaces and schools, and
it can impact work performance and productivity. Over 60%
of Americans report that stress hurts their work performance
[1]. Arousal plays a key role in work performance and stress.
Low arousal can lead to boredom and laziness, which leads to
poor performance. On the other hand, high arousal can lead
to anxiety and stress and lead to poor performance. There
is a need for optimizing arousal to obtain the best possible
performance. External non-invasive stimuli such as music
are non-invasive solutions that can improve productivity and
work performance as it impacts the mood, arousal, mental
workload, and working memory capacity of an individual.

Background music can impact performance by directly
influencing the mood or arousal of an individual. Arousal is
defined by physical activation and mood refers to emotions.
There can be an increase or decrease in arousal caused by
the tempo of the music [2]. Little arousal can lead to less
attention in the learning process, while too much can lead to
anxiety and feeling distracted. There needs to be an optimal
level of arousal for learning to occur. Background music can
also influence mood. A positive mood can improve learning
while a negative mood can hinder learning [2].

Working memory (WM) describes a system that can
preserve sensory information for processing and integration
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and allows for cognitive understanding [3]. WM is critical to
our everyday life and cognitive functions, such as problem-
solving, decision making, learning, executive function, and
behavior. Mental workload refers to the exertion of the
cognitive system. Tasks that pose a higher cognitive demand
call for a higher mental workload, and states of increased
mental workload occur with an increased level of difficulty of
the working memory task [3]. Listening to music can impact
working memory and performance in the task.

According to Lehmann et al. [2], tasks that pose a lower
burden on working memory, such as recall, are not influenced
by background music; however, tasks that pose a higher
burden on working memory, such as comprehension, are
influenced by background music. Participants reached higher
levels of learning when there was no background music
present. Since music is processed first, there is not enough
working memory capacity left to work on a cognitively
demanding task, such as comprehension [2].

The type of music can have a direct impact on working
memory and task performance. A study done on the impact
of music on the performance of n-back task—a type of
WM task—revealed that rock music can have a negative
impact on the performance of the n-back task while no
music or listening to country or jazz music can lead to
the participant performing well on the n-back task [4].
Another study also demonstrated that rock music delayed the
participants response to the task in comparison with noise,
silence, country or jazz music [5]. The study also uncovered
that background noise increased the participants error rate
in comparison with the other conditions. Rock music and
traffic noise were found to have a negative impact on men’s
cognitive task performance [5]. These studies explore how
the presence or absence of music and the type of music
impact the learning or working memory capacity of an
individual, however, limited research has been done on the
impact of music on working memory during n-back tasks.
Only a few studies investigated the impact of listening to
different types of music (calming vs. vexing) on learning
and working memory.

Our study aims to explore how vexing and calming music
can impact working memory through the use of n-back tasks.
We follow a state-space approach to obtain a hidden perfor-
mance state based on the observations similar to [6]–[14]. We
utilize binary and continuous measurements to quantify the
working memory task performance. Binary measurements
are the sequence of correct and incorrect responses given by
the participant, and continuous measurements are the time



it takes for the participant to give a response (i.e., reaction
time or response time). Few studies investigate the impact of
music on working memory and learning through a combined
analysis of continuous and binary data. In this study, we
propose a state-space model to represent a hidden continuous
performance state and its dynamics similar to the approach
used in quantifying a learning state [15]. Next, we leverage
an expectation-maximization (EM) framework composed of
a fixed-interval smoother (FIS) and a maximization step to
estimate the performance states and the corresponding pa-
rameters to quantify the states. Finally, we perform statistical
analysis on different performance matrices to identify how
music influences performance during different n-back tasks.

II. METHODS

A. Experiment

In this research, the impact of calming and vexing music
on working memory is studied through the use of n-back
tasks. This study involved six participants (four females and
two males) between the ages of 22-25; two sessions with
similar tasks occurred. This study was conducted at the Uni-
versity of Houston, Houston, Texas, USA, and approved by
the Institutional Review Board. The experiment is designed
with two sessions, one with calming music and another
with vexing music. Both music tracks were selected by the
participants. In each session, participants performed n-back
task [16], [17]. A single trial of an n-back task consists of
sequences of letters. For each stimulus during n-back task,
the participants have to answer whether the present stimulus
matches the stimulus presented n stimulus back [16], [17].
Participants press the target button if the current stimulus
matches the nth previous stimulus and the non-target button
otherwise. Each session consisted of 8 trial blocks of 1-back
tasks and 8 trial blocks of 3-back tasks. The orders of the
trial blocks are selected randomly. Each trial block starts
with 5 seconds of instruction. In each trial, 22 stimuli were
presented to the participant where each stimulus was shown
for 0.5 seconds followed by 1.5 seconds of a resting cross.
Each trial block lasted a total of 49 seconds followed by a
10-second relaxation break where a resting cross is shown on
the screen. After completing 8 trials, participants were given
a 20 second relax break. At the end of each session, the
participant was given a 2-minute relaxation break. During
the experiment, the participant response and the reaction
time corresponding to each stimulus were recorded. The
physiological recordings includes functional near-infrared
spectroscopy, electrodermal activity, electrocardiogram, pho-
toplethysmogram, respiration, and skin temperature. A de-
tailed description of the experiment is provided in [18].

B. State-Space Model for Performance

In this study, the observations related to performance
include the participant responses corresponding to each stim-
ulus (correct/incorrect responses) and the reaction time (the
time taken to respond after a stimulus was shown). We
consider the correct/incorrect responses as a set of binary
observations. The experiment consists of k trials in which

each trial has a continuous (reaction time) and a binary
observation (correct/incorrect response). Let the continuous
and binary observations be rk and nk, respectively for
kth ∀k = 1, 2, · · · ,K. We define an unobserved performance
state process xk which is related to the observation similar
to [15]. We assume that the dynamics in the performance
state follow the first-order process as follows,

xk = ρxk−1 + vk (1)

where 0 < ρ < 1 is the state transition coefficient, and νk
represents the process noise. We model νk as independent
zero mean Gaussian random variables with variance σ2

v . x
= [x0 x1 · · ·xk] represents the unobserved performance state
for the whole study. The observation model for continuous
measurements is

zk = log(rk) = α+ βxk + εk (2)

in which εk represents independent zero-mean Gaussian ran-
dom variables with variance σ2

ε . Z = [z0 z1 · · · zk] represents
the log of the reaction time. It is assumed that the observation
model for the binary measurements is represented by the
Bernoulli probability model

Pr(nk|xk) = pnk

k (1− pk)1−nk (3)

where pk is the probability of obtaining a correct response
in trial k. pk is represented by

pk = exp(µ+ xk)[1 + exp(µ+ xk)]
−1 (4)

where pk is represented in terms of the performance state
process, ensuring that the probability of a correct response
will lie between 0 and 1 and that as the performance state
increases, the probability of obtaining a correct response
approaches 1. Assuming there is no bias in the participant’s
response at the beginning of the experiment, the parameter
µ is estimated from p0 which is the probability by chance
of a correct response at the beginning of the experiment.
When executing the binary response task, it is assumed that
p0 is going to be 0.5 at the beginning of the experiment.
When k = 0, p0 = 0.5, and x0 = 0, the parameter µ can be
estimated by using equation 4: µ̂ = log[(1− p0)−1p0]. After
the performance states and the model parameters have been
estimated from the data across the whole experiment, the
estimate of x0, i.e., x̂0 can potentially take on a value other
than zero. In this scenario, p0, the probability of obtaining a
correct response at the beginning of the experiment, differs
from chance and can be estimated utilizing equation 4:
p0 = [1+exp(µ̂+ x̂0)]

−1 exp(µ̂+ x̂0). Difference in p0 and
the probability by chance demonstrates that x0 does not equal
to 0 and that there is a bias in the participants response at the
beginning of the experiment. N = [n0 n1 · · ·nk] represents
the sequence of correct and incorrect responses on all k trials
[15].

C. Estimation of the Reaction Time and Performance Curve

Since x is a hidden state and θ = (ρ, α, β, σ2
v , σ

2
ε ) is a

set of unknown parameters, the EM algorithm is utilized
to estimate these unknowns [15]. In each iterations of the



EM algorithm, the E-step consists of estimating the expected
values of xk∀k using the FIS algorithm [15]. We perform
a Gaussian approximation for the observation equation to
derive the steps of FIS algorithm similar to [15]. We denote
these expected values as xk|K and σ2

k|K , where the subscript
denotes estimated expectation corresponds to k time point
and based on all K observations. The forward filter equations
of FIS are as follows,

Predict:
xk|k−1 = ρxk−1|k−1, (5)

σ2
k|k−1 = ρ2σ2

k−1|k−1 + σ2
ν ,

Update:

xk|k = xk|k−1 +
σ2
k|k−1

β2σ2
k|k−1 + σ2

ε

[
σ2
ε (nk − pk|k) (6)

+ β(Ik − α− βxk|k−1)
]
,

σ2
k|k =

[
1

σ2
k|k−1

+ pk|k(1− pk|k) +
β2

σ2
ε

]−1
. (7)

The Backward smoother equations in FIS are,

Ak = ρ
σ2
k|k

σ2
k+1|k

, (8)

xk|K = xk|k +Ak(xk+1|K − xk+1|k), (9)

σ2
k|K = σ2

k|k +A2
k(σ

2
k+1|K − σ

2
k+1|k). (10)

The following expectations are also estimated at the end of
the expectation step,

E{x2k} = x2k|K + σ2
k|K , (11)

E{xk+1xk} = xk+1|Kxk|K +Akσ
2
k+1|K . (12)

The M-step utilizes xk|K and σ2
k|K estimates to find θ

by maximizing the expectation of the complete log-data
likelihood. The expectation of log-data likelihood function
Q is defined as

Q =

K∑
k=1

E{nk(µ+ xk)− log(1 + exp [µ+ xk])} (13)

+

(
−K
2

)
log(2πσ2

ε )−
K∑
k=1

E
{
(zk − α− βxk)2

}
2σ2

ε

+

(
−K
2

)
log(2πσ2

ν)−
K∑
k=1

E
{
(xk − xk−1)2

}
2σ2

ν

.

The probability density of the estimate of the log reaction
time at trial k can be calculated by utilizing (2), smooth-
ing algorithm estimate of xk, and the standard change-of-
variables formula from the elementary probability theory.
After implementing the change-of-variable formula to the
equation rk = exp(α+βxk) and the probability density that
conditional on the data Z, N , and xk has an approximate
Gaussian probability density with mean xk|K and variance
σk|K gives us the log normal random variable rk based on

the data Z and N as follows [15],

f(r|µ, xk|K , σ2
k|K) = (14)

1√
(2πσ2

k|K)
exp

[
− 1

2σ2
k|K

(
log [r − α]

β
− xk|K

)2
]
.

The reaction-time curve is defined as the plot of rk|K versus
k. Here rk|K is the mode of the density function, i.e., the
location of the maximum value in the density function in
(14). Similarly, the probability density of pk based on the
observation Z and N is obtained as follows [15],

f(p|µ, xk|K,σ2
k|K) =

1

p(1− p)
√
2πσ2

k|K

× (15)

exp

[
− 1

2σ2
k|K

(log

[
p

(1− p) exp(µ)

]
− xk|K − xk|K)2

]
.

The performance curve is defined as the plot of pk|K versus
k, where pk|K is the mode of Eq. 15.

D. High Performance Index

Similar to [15] and [13], we define a metric called the
high performance index (HPI), which is calculated by the
probability that performance xk exceeds a specific threshold,
i.e.,

HPI = Pr(xk > xT ) (16)

HPI represents how much a person’s performance is above
a certain baseline. To estimate this probability, we need the
probability density function of xk. The probability density
function is defined as xk ∼ N (xk|K , σ

2
k|K) where xk|K and

σ2
k|K are obtained after EM convergence. In this study, we

calculate xT by taking the mean of xk|K .

III. RESULTS AND DISCUSSION

The estimated mean reaction times for all participants
are 480.42, 801.10, 437.61, and 680.99 seconds for 1-back
calming, 3-back calming, 1-back vexing, and 3-back vex-
ing, respectively. The corresponding standard deviations are
112.54, 159.59, 125.29, and 97.23 seconds, respectively. The
corresponding estimated probabilities of the correct response
for all participants are 0.8456, 0.6108, 0.8532, and 0.6723,
respectively.

We successfully utilize the binary response observations
nk (i.e. correct/incorrect response) and the corresponding
reaction times rk for ∀k to estimate the performance xk|K
using the proposed model and the EM approach. Figure 1
shows an example of the the performance state estimation
result. The figure illustrates the estimated distribution of rk,
xk, and pk. The final sub-panel provides the estimated HPI
calculated using equation 16.

We investigate how the HPI changes from one task to an-
other task during different types of music. Figure 2 represents
the estimated average of the HPI for four different transitions
during calming music and three different transitions during
vexing music. We observe from visual inspection that the
HPI does not change significantly during the transition



Fig. 1: Performance State Esitmation for One Participant. The top sub-panel shows the measured reaction time (black
dots), reconstructed reaction time (black) along with the 95% confidence interval. The second sub-panel shows the correct
incorrect responses. Third and fourth sub-panels illustrate the estimated performance state (black curve) and the probability
of the correct and incorrect responses (black curve) along with their 95% confidence interval (gray shade). The last sub-
panel shows the HPI (blue curve). The red and green background colors correspond to the calming and vexing music trials,
respectively. The lighter background color corresponds to 1-back tasks and darker color corresponds to 3-back tasks.

between similar types of tasks for all six participants. On the
other hand, the transition between different types of tasks
shows changes in HPI. For all participants, an increase in
performance is observed for the case of switching from the
3-back to the 1-back task. The opposite is observed while
switching between the 1-back to the 3-back task. This pattern
is especially consistent during the calming music period. This
resembles our previous understanding that the 1-back task is
easier than the 3-back task. During the vexing music, the
differences between the 1-back task and the 3-back tasks
seem visually less different than those of the calming music,
which could be an indication that during the vexing music
the participant is performing better during the 3-back task.

We further calculate the average of the estimated perfor-
mance states during each of the trial blocks to compare the
averages among different tasks in the presence of different
types of music. Figure 3 shows the distributions of the
estimated averages. From visual inspection, we observe that
for all participants, the mean of the distribution of the average
performance states increases during the vexing music. We
perform statistical tests between these distributions for each
of the participants individually to determine whether the
difference in the average performance during two different
music stimulations is statistically significant or not. We
perform a two-sample pooled t-test between the average per-
formances during the two types of music for both 1-back task
and 3-back tasks. Our analysis shows that only Participant
3 showed a significant difference between 1-back calming
and 1-back vexing (p < 0.05). The differences for all
other participants were statistically insignificant. Therefore,
no difference is seen during 1-back tasks while listening to

two different types of music. On the other hand, a significant
difference between 3-back calming and 3-back vexing were
observed (p < 0.05) for all six participants.

As observed from the statistical analysis, the change of
music from calming to vexing has more effect on the 3-back
task, which is the harder one among the two tasks. From the
HPI estimation, the performance is low usually during 3-back
task while listening to calming music. From the investigation
during 3-back tasks, we see that the participants tend to
perform better while listening to the vexing music. Perhaps,
the vexing nature of the music was helping the participants to
concentrate better. However, this could not be seen during the
1-back task. One possible explanation is that the performance
matrices of the participants are already very high, i.e., HPI
is greater than 0.5 for most of the cases, during the 1-
back task while listening to calming music as the task is
relatively easy to perform. Therefore, the performance state
remained almost unchanged during both types of music. This
finding based on this experiment revealed that music might
have a profound effect on the higher-level cognitive load.
Our results conforms with the findings in [2]. According to
this [2], tasks that pose a small burden on working memory
are not influenced by background music and the tasks that
pose a high burden on working memory are influenced by
background music.

It might seem counter-intuitive that the vexing music is
helping the participants to have the higher level of perfor-
mance. One possible explanation is that the n-back task
is very repetitive and can cause boredom and the vexing
music is keeping the participants more engaged in the task
compared to the calming one. The result might change in the



Fig. 2: Transition of High Arousal Index between Different Types of Tasks. The top sub-figure shows how the average
HPI changes from one type of task to another type of task during calming music for six participants. Similarly, the bottom
sub-figure shows how the average HPI changes from one type of task to anther type of task during vexing music. The cyan
and pink backgrounds correspond to 1-Back and 3-Back Task

case of a different type of task.

IV. CONCLUSION

Stress can heavily impact individual performance if not
properly regulated. In this study, we investigate how different
types of music influence individual performance during a
WM cognitive task. We propose to utilize a state-space
approach to investigate individual performance. We success-
fully obtain the performance states and performance indices
from the binary correct/incorrect response and the corre-
sponding reaction time from the participants. We perform
a rigorous visual inspection followed by statistical analysis.
Our investigation concludes that the participants have shown
to have higher levels of performance while listening to their
choice of vexing music.

The study has a significant impact on designing closed-
loop systems for controlling individual stress levels using
non-invasive actuators for maximizing performance and pro-
ductivity [19]. We plan to utilize physiological measurements
to estimate the matrices for quantifying the stress similar to
the approach in [13], [20]–[22] and use it to infer the effect
of different types of actuation such as music for designing
appropriate closed-loop cyber-physical systems.
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Fig. 3: Distribution of Performance States During Different Tasks and Music. Each sub-figure shows that the box-plot
illustrating the distribution of the estimated performance states for each participant while performing two types of n-back
tasks in presences calming and vexing music.
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