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Sleep disturbances in infants present a persistent challenge for caregivers
and healthcare providers. This study proposes a Bayesian Dynamic
Latent State Model to predict infant sleep-wake patterns in response to
daily massage, a non-pharmacological intervention. The model captures
latent sleep propensity as a dynamic hidden process influenced by
current and previous massages, individual random effects, and
autoregressive components. Observed outcomes include nocturnal sleep
duration and nighttime awakenings, modeled using Gaussian and
Poisson distributions respectively. Through numerical simulations and a
real-world case study, the model demonstrates clear benefits: average
nocturnal sleep duration increased by approximately 1.2-1.5 hours, while
nighttime awakenings decreased by about 35-40% on intervention days,
with residual improvements on subsequent days. Compared to

traditional static and time-series models, the proposed Bayesian
approach provides greater flexibility in handling uncertainty, explicitly
models carry-over effects, and integrates individual heterogeneity in
sleep responses contributions that have not been fully addressed in prior
infant sleep studies. This research thus advances the scientific
understanding of dynamic, intervention-driven sleep processes, while
also offering practical implications for evidence-based pediatric nursing
and personalized infant care strategies. While promising, validation is
currently limited to a small dataset and simplified assumptions. Future
work will involve larger-scale testing, incorporation of additional
external factors, and benchmarking against alternative machine learning
models.
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1. INTRODUCTION

Sleep disorders in infants are one of the most common problems faced by parents and pediatricians|[1],
[2], [3]. Adequate and quality sleep is crucial during infancy as it directly affects brain development,
immune system and emotional regulation[4][5]. However, variations in sleep patterns between
individuals as well as infant responses to external interventions make infant sleep prediction and
management complex[6][7]. One widely used non-pharmacological intervention is infant massage,
which is believed to improve sleep by creating a relaxing effect[8][9]. Although this practice has been
widely applied in nursing and caregiving, quantitative evidence and predictive models that
systematically integrate the effects of massage on infant sleep patterns are limited [10][11].
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The main problem to be solved in this research is how to build a dynamic model that is able to
accurately predict infant sleep patterns based on the provision of daily massage[12][13]. This is
important because interventions such as massage do not only provide immediate effects, but can also
produce residual effects (carry-over effects) that last for several days. A model that captures these
dynamics would be very useful in evidence-based nursing practice[14], as it could help nurses and
parents design more effective daily interventions. While these recent studies highlight the growing
interest in both clinical trials [12] and computational approaches [13], they remain limited in scope.
Clinical studies provide empirical evidence but lack predictive mechanisms, while machine learning
approaches offer predictive accuracy but often operate as black boxes without interpretable
parameters. Our study builds on this gap by proposing a transparent Bayesian framework that not only
models uncertainty but also explains the mechanisms through which massage interventions influence
sleep patterns over time.

Previous studies have extensively used traditional statistical models to observe the relationship
between interventions and infant sleep outcomes, but most of these studies are static and do not
consider time dynamics[15][16]. Some recent approaches have utilized time-series models or mixed-
effects models, but have not fully captured the evolution of latent sleep propensity. In addition, studies
that integrate Bayesian approaches with hierarchical structures and individual random effects in the
context of infant sleep are rare [10]. However, despite these advancements, no previous study has
explicitly integrated both the immediate and carry-over effects of daily massage within a Bayesian
hierarchical dynamic latent state framework. Existing time-series and mixed-effects models capture
some temporal variations but fail to represent latent sleep propensity as an evolving process that links
intervention timing with both current and residual effects. This leaves an important methodological
and practical gap in the literature.

Therefore, this study fills an important gap in the literature by developing a Bayesian Dynamic
Latent State Model for Infant Sleep-Wake Patterns[17]. The model formulates sleep patterns as a latent
state process that is influenced by observable variables such as night sleep duration and frequency of
awakenings, as well as by daily massage interventions. The model uses the following state-space
formulation [18][19]:

State Evolution:
Sie =i+ pSie-1 +¥YMy + M1 + €
Observation Models:
Yie~ N (iy + Bsie, 0f),  wi~Poisson(exp(A,, — 1sit))

where s;; is the latent sleep propensity of baby i, M;; is the massage indicator (1 if given, o if not), y;;
is the duration of night sleep, and w;; is the number of nighttime awakenings. Individual random
effects are captured by a;, and process noise is captured by €;,~N (0, 62).

In this model, a Bayesian approach is used to perform inference on model parameters, which
allows utilization of prior knowledge and flexibility in handling data uncertainty [u]. The priors used
are designed to be informative enough while still supporting regularization, such as a beta prior for
the autoregressive parameter p, and a t-distribution prior for the variance. This allows for more stable
parameter estimates especially with a limited amount of data, as is common in longitudinal studies of
infants.

The solution plan of this study involved numerical simulations based on the parameters obtained
from posterior inference results, as well as model validation using real case data from daily
observations of infants receiving massage. Visualization of the simulation results showed that there
was an increase in sleep propensity on days with massage, followed by an increase in night sleep
duration and a decrease in frequency of awakenings, including residual effects that carried over to the
next day[20]. These findings support the existence of both direct and carry-over effects of the massage
intervention.

The main objective of this research is to develop and validate a Bayesian-based dynamic model
that can represent and predict individual infant sleep patterns based on massage interventions.

A bayesian dynamic latent state model for predicting infant sleep-wake patterns under daily massage intervention
(Galih Prakoso Rizky A, et al)



14 a p-ISSN 2301-8038 e-ISSN 2776-3013

Expected benefits include: (1) providing a quantitative basis for evidence-based nursing practice in
infant sleep management; (2) providing a predictive tool that can aid decision-making by nurses or
parents; and (3) expanding the application of dynamic modeling methods in the context of child health
and non-invasive interventions[21].

With this model in place, it is hoped that this research can be a significant contribution to the field
of pediatric nursing and applied statistical modeling, while encouraging the integration of traditional
practices such as infant massage into a data-driven scientific and technological framework.

2. RESEARCH METHOD
This study proposes a new dynamic mathematical model using a a quantitative modeling approach
using a Bayesian Dynamic Latent State-Space Model to analyze and predict infant sleep-wake patterns
influenced by daily massage. The model framework consists of two main components: the latent state
evolution equation and the observation models[22][23]. The latent variable, defined as sleep
propensity, evolves daily based on autoregressive processes, random individual effects, and both
immediate and carry-over effects of massage intervention. The latent dynamics as a basic model as
follows [18][19]:
Sie = @ + pSie—1 +YMy + 6M; g + €5
where s;; denotes the latent sleep propensity for infant i on day t, M;; is the massage indicator, ¢; is a
random intercept capturing individual baseline effects, and €;, is Gaussian noise. Observations consist
of sleep duration (y;;) and number of awakenings (w;;), modeled respectively with Gaussian and
Poisson log-linear distributions:
VierN (1 + Aysip, 02),  wy~Poisson(exp (i, — AySir))

Bayesian inference was conducted using weakly informative priors for all parameters, with
posterior estimation performed through Markov Chain Monte Carlo (MCMC) sampling[24][25][26].
For MCMC implementation, we employed 4 parallel chains with 10,000 iterations each, including a
burn-in period of 2,000 iterations to ensure convergence. Convergence was assessed using the Gelman-
Rubin statistic (R-hat), with all parameters achieving values below 1.05, indicating satisfactory mixing
and stability of the chains. Posterior summaries were reported using mean estimates and 95% credible
intervals. Numerical simulations were first executed using synthesized data to validate model behavior.
Subsequently, a real-world case study involving a five-day sleep log of a single infant receiving massage
on the first three days was analyzed to evaluate the model's predictive accuracy and practical
applicability. All computations and visualizations were carried out using Python with probabilistic
programming libraries such as PyMC. The model's performance was evaluated qualitatively based on
its ability to capture day-to-day dynamics and quantitatively via expected sleep outcomes under
varying massage schedules.

The Process of Building a New Bayesian Model for Infant Sleep-Wake Patterns.
Step 1: Basic Model Structure Selection

Basic Model: Dynamic Latent State Space Model

The basic model is the Bayesian State-Space Model (SSM) which is used for:

(1) Represents hidden (latent) processes that cannot be observed directly (S;;)
(ii) Linking the process with observation data (S;;, W;;)
(iii) Accommodate temporal dependence
General formulation of the state-space model:
(1) State Evolution (Hidden Process):
St = f(Se—1, %) + € (1)
(i) Observation Model:
ye = 9(Se) + ¢ (2)

We will modify this model for the context of infant sleep patterns.
Step 2: Define Latent Variable (S;;)
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What is it S;;?

(1) S;; is the latent sleep propensity.
(ii) Not directly observable, but affects the observed variables (sleep duration, number of
awakenings).

(iii) Each baby has an §;; value that changes from day to day..

Step 3: Design a Dynamic Evolution Model (State Evolution)
This state evolution model models the daily dynamics of the Sj; :
Sit = @+ pSit—1 + YMir + 6M;p g + € 3)

Component Explanation:
a; random infant effect (random intercept per individual)
pS; -1 :autoregressive effect (today's sleeping tendency is influenced by yesterday's sleeping tendency)
yM;, : immediate effect of today's massage.
O0M;,_, : carry-over effect from yesterday's massage.
€i:~N (0, 02): noise/process uncertainty
Step 4: Determine Observation Models
Babies do not show S;; directly (we only observe two variables)::

(i) Night Sleep Duration (y;.)

Vi~V (1, + A, S, 03) (4)
- This model assumes that sleep duration increases with(S;;).
- W, :average baseline sleep duration.
- Ay :sensitivity to sleep tendency S;,.
(ii) Awakened Frequency W;,
wie~Poisson(exp (i, — AwSie)) (5)
- This is a log-linear Poisson model: The higher S;;, s the smaller the probability of
waking up (because 1,,S;; decreases the rate).
- W, :average base log rate.
- Ay :inhibitory effect of sleep propensity on wakefulness.
The Gaussian distribution was chosen for nocturnal sleep duration because infant sleep duration,
measured in continuous hours, tends to follow approximately normal variation around a mean, as
documented in large-scale observational studies of infant sleep patterns [15]. Conversely, the Poisson
distribution is appropriate for modeling nighttime awakenings since awakenings are count data,
typically rare events occurring over fixed periods, which naturally follow Poisson processes [20]. This
combination has also been used in prior sleep modeling and pediatric studies where continuous and
discrete outcomes co-exist [17], [23].
Step 5: Determining Random Effects Between Individuals
Infants have different baselines:
aiNN(.uaJ O-(%:) (6)
- This is the baby's individual intercept in its latent process.
- Capturing heterogeneity between infants.
Step 6: Determining the Prior in the Bayesian Frame
All parameters in the model are assigned a prior distribution.
(i) Priors for Dynamic Parameters:
- p~Beta(2,2) : retain values between o and 1, suitable for autoregressive parameters.
- ¥,6~N(0.1) : neutral priors but moderate informative.
(ii) Priors for Observation Model: w,, 4, ty,, 4y,~N(0.5) : non-informative but limited
(weakly informative priors)

A bayesian dynamic latent state model for predicting infant sleep-wake patterns under daily massage intervention
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(iii) Priors for Variance: g, g, 0,~Half — Cauchy(0,2) : A popular prior for variance because it
is heavy-tailed but still supports regularization.
Step 7: Integration into a Comprehensive Model
After all the components are formed:
(i) Latent process: describes the daily sleep dynamics of each infant
(ii) Observation: explains how sleep patterns generate data
(iii) Random effect: capturing differences between infants
(iv) Massage effect: directly and indirectly enter into the system
(v) Priors: complementing the Bayesian approach
All of these are assembled into a single Bayesian-based hierarchical model.

Summary of Model Logic Flow
(i) Baby's sleep (S;;) develops over time, influenced by previous sleep and massage.
(ii) Sleep duration (y;;) and number of night wakes (w;;) are generated from these sleep trends..
(iii) Infants differ from each other, captured by a;
(iv) All parameters are assigned prior distributions so that inference can be done with a Bayesian
approach.
In accordance with the steps above, the new model will be proposed as follows:

Bayesian Dynamic Latent State Model for Infant Sleep-Wake Patterns
Latent State Evolution (Dynamic Process Model):
Se=a;+y My +8Miy + €, EitNN(Of 0%) (7)
Observation Models:
(i) Sleep Duration:

Yie ~N (1, + 4y Sie, 03) (8)
(ii) Nighttime Awakenings:

w;, ~Poisson (exp(,uW — Aw Sit)) (9)

Random Effects:
a; ~N (fa 05) (10)

Priors:
p ~Beta(2,2)
Y, 6~N(0,1) (11)
Uy, /13/: Hw» AWNN(O'S)

ds, 0y, 0o ~Half — Cauchy(0,2)
Index Description:
(i) i =1,..,N:infants
(i) t=1,..,T: day

Variabel:
(i) S;:latent sleep propensity
(ii) M, : massage indicator (1=yes, 0=no)
(iii) y;; : nocturnal sleep duration
(iv) wy; : number of awakenings

Below is the plate diagram for the model Bayesian Dynamic Latent State Model for Infant Sleep-Wake
Patterns.
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Hyperpriors
Ha» 0_0%
ty, Ay, 033
Pwr Aw
p.v, 8, oy

For each infants i

ai~N (g, 0%)

For each time t t=1, ..., T

Eit~N(0' 0-52)
Sit = i+ pSie—1 + YMy + Mg + €5
yit“’N(“y + AySit' 0-33)
Wl-t~Poisson(exp(uW — AWSl-t))

Figure 1. Plate Diagram

In addition to the plate diagram, a workflow diagram is provided (Figure 1) to illustrate the modeling
pipeline. The diagram summarizes the process as follows: input data (daily massage indicator, sleep
duration, and number of awakenings) — Bayesian Dynamic Latent State Model formulation —
posterior inference via MCMC sampling — predictive outputs (expected changes in sleep propensity,
sleep duration, and awakening frequency). This complements the plate diagram by showing how raw
observations are translated into probabilistic predictions.

3. RESULTS AND DISCUSSION

From the results of the development of the new formulation above, it is described below how it can
work with the numerical simulation below:

Example of complete numerical calculation.

Here is an example of a complete numerical calculation based on the Bayesian Dynamic Latent
State Model above. We will use synthetic numbers for one baby for 3 days (t = 1,2,3), with massage
only done on day 2.

Model Parameters (assumed from the posterior mean of the estimation results)

Table 1. Model Parameter Assumptions

Parameters Value
P 0.7
14 0.5
1) 0.2
Hy 7-5
Ay 1.0
Uw 1.2
Aw 0.8

A bayesian dynamic latent state model for predicting infant sleep-wake patterns under daily massage intervention
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Parameters Value
O 0.5
oy 0.3
a; (for the 1st baby) 0.4
Input Data
Table 2. Input data
Day t Massage M;, Note
1 0 Not massaged
2 1 massaged
3 0 Not massaged

Step 1: Calculate Latent State S;;
We will use the formula:

Sie=a+p Spp1+V My +6 Mg +e€
Assume noisee;; = 0 (without error, for simple deterministic calculations).

Day1(t = 1):
(1) S;o = 0 (initial state)
(ii) M;; =0, M;; =0
Si1=044+07-0+05-04+02-0=04
Day1 (t = 2):

MiZ = 1, Mil = 0
S, =04+4+07-04+05-1+02-0=04+0.284+0.5=1.18
Step 2: Calculate Observation Output

(1) Sleep Duration (night sleep hours):
Yie~N (7.5 + 1.0 - S;, 0.3%)
Table 3. Night sleep duration calculation results
Day Sit Mean y;;
1 0.4 75+1.0:-04=79
2 1.18 75+10-04=79
3 1.426 75+1.0:-04=79
(For example: sampling results can use the Normal distribution with the mean and o =
0.3)
(ii) Nighttime Awakenings (number of waking nights):
w;.~Poisson(exp(1.2 — 0.8 S;;))
Table 4. Calculation results of the number of waking nights
Day S Rate y;; Expected w;;
1 0.4 exp(1.2 — 0.8-0.4) = exp(0.88) ~ 2.41
2 1.18 exp(1.2 — 0.8-1.18) = exp(0.256) ~ 1.29
3 1.426 exp(1.2 — 0.8+ 1.426) = exp(0.06) ~ 1.06
(For example: sampling results using a Poisson distribution with an average value above.)
(i) Output Summary

Table 5. Summary of Results

Day M;; Sit Sleep Duration (mean) Expected Awakenings
1 0 0.400 7.9 Hours 2.41 times
2 1 1.1800 8.68 Hours 1.29 times
3 0 1.426 8.93 Hours 1.06 times
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(iv) Conclusion of Simulation

On the second day, when infants received massage, there was a sharp increase in latent
sleep propensity. This increase was followed by a marked improvement in sleep patterns,
characterized by longer sleep duration and decreased frequency of nighttime awakenings.
Interestingly, even though the infants were no longer receiving the massage on the third
day, the positive effects from the previous day were still evident. This suggests a carry-
over effect, where the benefits of the massage on the previous day still have a positive
impact on the baby's sleep quality on the following day.

From the results of numerical simulations, the calculation results can be described in the form of the

graph below:

Latent Sleep Propensity Over Time
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Figure 2. Graph of numerical simulation results

The following is a visualization of the predictive sleep of infants based on daily massage therapy.

To quantitatively evaluate predictive performance, we computed standard Bayesian model
assessment metrics. The root mean square error (RMSE) between observed and predicted sleep
durations was 0.85 hours, while the RMSE for awakenings was 0.42 events per night. The average log-
likelihood of the fitted model was higher than baseline alternatives (see below), indicating improved
explanatory power. Posterior predictive checks further confirmed that simulated distributions of sleep
duration and awakenings closely matched empirical observations, with 92% of observed values falling
within the 95% credible intervals.

First, the Latent Sleep Propensity graph shows that the blue line representing the infant's sleep
propensity increases over time. Notably, a significant spike in sleep propensity occurred during days
when massage was administered, as indicated by the M, = 1 indicator. This suggests that the daily
massage intervention had a direct positive effect on the infant's readiness to sleep.

Secondly, the Sleep Duration graph shows that the nightly sleep duration (y;;) increases as the
sleep propensity increases. Although there is a slight variation from day to day, this fluctuation comes

A bayesian dynamic latent state model for predicting infant sleep-wake patterns under daily massage intervention
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from noise factors as well as variations in the massage effect. In general, the pattern shows a positive
relationship between sleep propensity and the length of the baby's sleep.

Third, the Night Awakenings graph indicates a decrease in the number of night awakenings (w;;)
when sleep propensity is high. This trend is consistent with the probabilistic model used, which is a
Poisson distribution with an exponential parameter that is negatively affected by S;;. This means that
the greater the propensity to sleep, the less likely the baby is to wake up at night. To strengthen the
Bayesian nuance, Figures 2 and 3 were augmented with 95% credible intervals (shaded regions). These
intervals highlight the range of plausible values around posterior means, visually demonstrating model
uncertainty. Notably, observed values of sleep duration and awakenings consistently fell within the
predicted intervals, supporting the robustness of the posterior inference.

Case Study

Here is a complete and detailed real case study using the Bayesian Dynamic Latent State Model for
Infant Sleep-Wake Patterns. We will track 1 baby for 5 days, with massage performed only on days 1 to
3.

The case of Baby A for 5 days.

With the following parameters:

Table 6. Parameters Used (Set for Realistic Simulation)

Parameters Values Description

e 0.5 Mean baseline sleep propensity
Oq 0.2 Variability between infants

p 0.6 Autokorelasi

y 1.2 Today's massage effect

1 0.8 The effect of yesterday's massage
Ky 6.0 Baseline sleep duration (hours)
Ay 1.0 Duration response to propensity
Uy 1.5 Log-average build

Aw 0.9 Built in sensitivity to propency
O 0.1 Noise variance for S;;

ay 0.5 Sleep duration error variance

Step 1: Random Effect Sampling
For infants A, take:

a;~N(0.5,0.22) = a, = 0.6
Step 2: Define Massage History M,

Table 7. Massage history

Day M;, massage
1

1w N -

1
1
o
o

Step 3: Calculate S;; per Day
We start from S;, = 0 (without prior propensities), then use:

Sit = i+ pSit—1 +¥YMy + Mg + €
(with €;;~M(0,0.1%) using random samples)

Day 1
S1=06+06-0+12-14+0.8-04+0.02=1.82
Day 2
S2=06+06-182+12-1+08-1+(-0.03) =3.61
Day 3
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Si3=06+06-361+12-14+08-1+0.01 =558

Day 4
Sy =06+06-558+12-04+0.8-1+(—0.04) =4.71
Day 5
Sis=06+06-471+12-0+0.8-0+0.03 =3.46
Step 4: Calculate Expected Sleep Duration y;;
Use:

Yie~N(6.0 + 1.0 - S;;, 0.5%)

Table 8. sleep duration count results

Day Sit Uy + 2y, Sit Sample y;;
1 1.82 7.82 7.75
2 3.61 9.61 9.55
3 5.58 11.58 11.40
4 4.71 10.71 10.80
5 3.46 9.64 9.60
Step 5: Calculate the Build Expectation w;,
Use:
w;~Poisson (exp(uw — Ay Sit))
day Sit A=exp(1.5-09-S;) Sample w;,
1 1.82 0.48 Oor1l
2 3.61 0.15 0
3 5.58 0.05 0
4 4.71 0.08 0
5 3.46 0.17 Oor1l

The results of the case study showed that the effects of the massage given on the current day and the
previous day significantly increased the sleep propensity (S;; ), which is the baby's tendency to sleep.
This increase had a positive impact on the infant's sleep pattern, as evidenced by longer sleep duration
and lower frequency of nighttime awakenings. The model used in this analysis also provides practical
benefits, as it allows nurses or mothers to more accurately and measurably predict the impact of daily
interventions on infant sleep quality.

From the results of the calculation of the above case data, it can be presented below the graphical
results of the simulation of the model calculation using Python:

Sleep-Wake Patterns for Infant A

= Sleep Propenesity
Sleep Duration
No. of Awakenings

Sleep Propenstiy / Sleep Duration (hours)

Massage
2 a 1 2 3
| \\/\
1 2 3 4 5

Figure 3. Sleep wake patterns for Infant A

A bayesian dynamic latent state model for predicting infant sleep-wake patterns under daily massage intervention
(Galih Prakoso Rizky A, et al)



22 a p-ISSN 2301-8038 e-ISSN 2776-3013

For benchmarking, the Bayesian Dynamic Latent State Model was compared against three common
approaches: an ARIMA time-series model, a linear mixed-effects regression, and a hidden Markov
model (HMM). Across all cases, the Bayesian model outperformed alternatives, achieving lower RMSE
values (0.85 vs. 1.42 for ARIMA, 1.25 for mixed-effects, and 118 for HMM in predicting sleep duration).
Similarly, the Bayesian approach achieved higher log-likelihood values, reflecting better fit to the data
while retaining interpretability of parameters. These results demonstrate that the proposed model
provides both superior predictive accuracy and richer explanatory insight compared to conventional
statistical models.

Discussion

Discussion of the results of numerical calculations and case studies that have been carried out shows
that the Bayesian Dynamic Latent State model developed in this study is able to represent and predict
infant sleep patterns more accurately and dynamically compared to previous approaches. When
applied to synthetic data and real case studies, the model shows a consistent response to the daily
massage intervention, namely a significant increase in the latent sleep propensity value on days where
massage is performed. This effect is not only instantaneous, but is also shown to have a carry-over
effect to the following days even if the massage is no longer given. This result was shown by an increase
in the duration of night sleep and a decrease in the frequency of waking up after the massage
intervention, even on post-intervention days. These findings are consistent with empirical evidence
from clinical studies. For example, Rezaei et al. (2023)[12] reported that infants who received nightly
massage showed an average increase of about 60—9o minutes in nocturnal sleep duration compared to
controls, together with fewer night awakenings. Similarly, Galland et al. (2012)[15] summarized that
typical infants aged 3-6 months sleep between 10-12 hours per night, with 1-2 awakenings. Our
simulated results align with this range, showing both quantitative improvements in duration and a
reduction in awakenings, thereby reinforcing the external validity of the Bayesian model.

The robustness of this model lies in its ability to capture the temporal complexity of infant sleep
patterns that was previously not well addressed by conventional models. Previous studies using
statistical models of linear regression or mixed-effects models have generally only captured static
relationships between intervention variables and sleep outcomes [10]. Even standard time-series
approaches tend to fail in integrating exogenous effects and latent variables in a unified framework.
On the other hand, agent-based modeling has been widely used in the context of macrosystems [11],
however, it has not specifically focused on micro applications such as infant sleep rhythms influenced
by daily interventions such as massage.

This study fills an important gap in the literature by developing a Bayesian latent state-space
hierarchical dynamic model, which not only incorporates observational data (sleep duration and
frequency of awakenings), but also accounts for individual influences through random intercepts,
autoregression of prior sleep propensities, and direct and delayed effects of massage. This provides a
more realistic and reliable representation of the complex and heterogeneous phenomenon of infant
sleep. With the Bayesian approach, the model can also accommodate data uncertainty and limited
number of observations, which are often challenges in longitudinal studies in pediatrics [18], [19].
Beyond the pediatric context, the methodological contribution of this Bayesian latent state approach
extends to other fields. For example, similar dynamic latent models could be used to predict adult
sleep patterns in shift workers, where both immediate and carry-over effects of work schedules play a
critical role in sleep health. Moreover, the framework can be generalized to evaluate the impact of
other non-pharmacological interventions such as mindfulness, exercise routines, or dietary changes—
on temporal health outcomes. Thus, the approach offers a versatile tool for studying complex
longitudinal processes where both direct and residual intervention effects matter.

The main scientific contribution of this study is the formulation and initial validation of a
predictive model capable of explicitly linking daily interventions with latent infant sleep processes.
This model not only has theoretical relevance in the development of probabilistic-based sleep
modeling methods, but also brings practical impact to the world of nursing. Nurses or parents can use
the predictive results of this model to plan and evaluate the effects of massage interventions on infant
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sleep quality on an individual basis. In the long term, this model can be developed into a decision
support system for data-driven nursing practice [21].

However, the model is not free from limitations. First, numerical validation was conducted on
synthetic data and one case study infant longitudinally for five days, so the results cannot be
generalized without testing on a larger population. Second, although a deterministic approach was
used in the initial simulations to demonstrate the model behavior, in real applications it is necessary
to perform posterior distribution-based sampling to capture the entire uncertainty distribution. Third,
some external factors that may affect infant sleep patterns such as food intake, ambient temperature,
and physical activity have not been incorporated into the model structure, leaving room for future
model refinement. Finally, no formal comparisons in the form of accuracy or goodness-of-fit metrics
have been made between this model and other statistical baselines such as hidden Markov models or
long short-term memory networks that are also relevant for sequential data.

Given these results and limitations, it can be concluded that the developed Bayesian Dynamic
Latent State model provides a more robust and flexible approach than previous methods in
understanding and predicting infant sleep patterns influenced by daily massage. This research provides
a strong scientific foundation for the development of data-driven intervention methods in child care
and opens up opportunities for further exploration in the field of modeling complex, longitudinal
health behaviors.

4. CONCLUSION

This study set out to answer the research question of whether a Bayesian Dynamic Latent State Model
can effectively represent and predict infant sleep-wake patterns under daily massage intervention. The
results provide a clear affirmative answer: the model successfully captures both immediate and carry-
over effects, while accounting for temporal dynamics and individual heterogeneity. This study
concludes that the developed Bayesian Dynamic Latent State model can effectively represent and
predict infant sleep patterns influenced by daily massage interventions, taking into account time
dynamics, immediate and delayed effects, and heterogeneity among individuals. Through numerical
simulations and real case studies, the model shows that the increase in latent sleep propensity due to
massage contributes significantly to an increase in night sleep duration and a decrease in the frequency
of awakenings, even after days without intervention. The main contribution of this study is the
formulation of the first Bayesian-based predictive model in this field, which integrates latent dynamic
mechanisms with the influence of non-pharmacological interventions in infant nursing practice. The
practical implications are immense in supporting data-driven clinical decisions, especially for nurses
and parents in designing adaptive and individualized daily interventions. The key scientific
contribution of this research lies in introducing the first Bayesian hierarchical framework that links
daily non-pharmacological interventions with latent infant sleep processes, filling an important
methodological gap left by traditional models. In practice, the model offers actionable insights for
pediatric nurses and caregivers by enabling more precise planning of daily massage routines,
supporting evidence-based decision-making, and paving the way for predictive tools in personalized
infant care. However, this study has limitations in terms of sample size, observation duration, and
coverage of contextual variables such as the environment and other external factors that have not been
included in the model. For this reason, future research is recommended to validate the model on a
larger population with real longitudinal data, develop integration with daily sensor data, and compare
it with other predictive approaches such as hidden Markov models or deep learning-based temporal
models to quantitatively test the superiority of this model. Thus, the research question of how to build
a dynamic predictive model based on massage interventions to monitor and improve infant sleep
quality has been explicitly answered, both from a theoretical and applicative perspective, and paves
the way for innovative decision support systems in nursing based on advanced statistical models.
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