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Abstract—This study addresses the challenge of forecasting
clinical time series data, leveraging the MIMIC-IV dataset to
improve predictive accuracy through novel latent class integra-
tion techniques. We introduce two enhanced variational recurrent
models, CVLSTM and LTVLSTM, that combine disease classi-
fication with time-series modeling to capture both local patterns
and long-term temporal dependencies. CVLSTM incorporates
latent class variables to classify diseases and improve prediction
accuracy, while LTVLSTM extends this framework by learning
local trends in subsequences and integrating them into the
broader temporal structure of the data. Using Root Mean Square
Error (RMSE) as the primary evaluation metric, our methods
significantly outperform traditional ARIMA, LSTM, and VRNN
models, with LTVLSTM achieving the highest accuracy on
the MIMIC-IV dataset. These results demonstrate the potential
of integrating disease-based priors and hierarchical variational
inference for enhancing clinical time series forecasting.

Index Terms—Time series forcasting, MIMIC IV, VRNN,
CVLSTM; LTVLSTM

I. INTRODUCTION

An estimated 20-40% of global health system spending is
wasted due to inefficiencies [1]. Issues such as poor quality
control, ineffective hospital management and unnecessary care
place significant burdens on patients and the government
[2]. Thus, there is substantial space to improve healthcare
expenditure and quality of care [3], while the blackness of
advanced technology have been considered as one of the
fundamental issues.

By 2015, more than 80% of hospitals have implemented
at least a basic Electronic Health Record (EHR) system
[4]. The widespread adoption of EHR has led to significant
improvements [5][6]. Most EHRs collect both continuous and
categorical data from patients during their Intensive Care Unit
(ICU) stay, enabling comprehensive analysis and monitoring.
The multitude of data available in the EHRs make them
suitable for high-dimensional analyses [7], including pheno-
type classification, risk of mortality prediction, length of stay
prediction, etc.

Early time series forecasting primarily used methods
such as autoregressive models (AR), moving average mod-
els (MA), and autoregressive integrated moving average

models(ARIMA)[8]. However, the model was assumed to
have a linear relationship with observed values which led
to unsatisfactory results for complex real world prediction.
In recent years, research on clinical time series prediction
has used deep neural networks to tackle these problems.
Convolutional neural networks (CNN) [9] and recurrent neural
networks (RNN) [10] were two types of DNN widely adopted
for time series prediction. CNN could capture local patterns
of short time series while RNN learns long term temporal
dependencies of the entire time series. In fact, many research
proposed using the combination of both. [11] stacks CNN
with RNN for DNA sequence prediction that captured short
and recurring sequence motifs and the spatial arrangement of
these motifs at the same time. However, the problem with
[11] was it could not capture temporal information with high
accuracy since they were so sensitive to perturbations. This
was extremely problematic especially for clinical data due to
its high variance and missing data. While generative model
became more popular, researchers started to use variational
autoencoder (VAE) [12] in time series prediction. VAE en-
coded the data into latent space and captured the temporal
information of time series more accurately [13]. [14] used
this idea and introduced a RNN as the backbone to capture the
long-term temporal dynamics of time series. To the best of our
knowledge, existing models learnt either local trend patterns
or temporal dynamics. This paper introduce two methods to
overcome this issue.
In this paper, our contribution could be summarized as follows.

1) We first added a latent categorical variable on top of the
VRNN model based on [14] that identifies the disease
class. Having knowledge the diseases of patient allowed
the model to recognize the seasonal trend of the time
series object. We called this the Classifying Variational
Long Short-term Memory(CVLSTM) Model.

2) Then we introduced another method which derived an
objective following variational inference to integrate the
learning of local patterns and temporal dynamics of time
series.
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The structure of the paper is as follows: we present our first
method, CVLSTM, in Section II-A; then we describe how
local information is extracted and combined with temporal
information for clinical time series forecasting in Section II-B.
The MIMIC-IV dataset and the data preprocessing steps are
outlined in Sections III-A and III-B. Subsequently, we detail
the implementation of our main method as well as the baseline
methods in Section III-C. Finally, we present and analyze the
experimental results in Section IV.

II. METHODS

This section first presents an approach called CVLSTM,
which integrates a LSTM networks into both the encoder and
decoder networks of a VAE model to enhance its sequential
modeling capabilities [15][16][17]. This approach adds an ad-
ditional continuous latent variable w, to the model to represent
(classify) the probability of being in a class.

A. VRNN with latent class (CVLSTM)

1) Introducing Classifying VAE: Firstly, we describe how
class variables were embedded into the VAE model. Patients
with similar health statuses were grouped by summarizing
disease diagnoses in the MIMIC-IV dataset into five general
classes. This simplification was implemented to reduce compu-
tational complexity and improve model generalizability. These
five classes were represented by an additional continuous
latent variable, w, which follows a multinomial distribution
parameterized by θ. The joint distribution of the observed data
X and the latent variables z and w is expressed as:

pθ(X, z, w) = pθ(X|z, w)pθ(z)pθ(w) (1)

where X is the observed data, z and w are latent variables.
We also assumed that z and w are independent variables.

During training, we assumed both X and w were given;
while during inference, only X was given. This was due to the
VAE’s limitation in inferring discrete latent variables. Instead,
our approach modelled them as class probabilities rather than
treating them as discrete categorical variables.

Then, we would like to learn the entire posterior of class
probabilities: pθ(w|X). Following the derivation from [18],
which built on the modification of [12]: we constructed a
variational lower-bound on the log of the marginal likelihood

pθ(X) =

∫
pθ(X|z, w)pθ(z)pθ(w) ∂w∂z (2)

with

log pθ(X)−D[qϕ(z, w | X) ∥ pθ(z, w | X)]

=E(z,w)∼qϕ(z,w|X)[log pθ(X | z, w)]
−D[qϕ(z, w | X) ∥ pθ(z, w)] (3)

Then follow [19], let us rewrite the right-hand side as:

E(z,w)∼qϕ(z,w|X)[log pθ(X | z, w)]
−Ew∼qϕ(w|X)[D [qϕ(z | X,w) ∥ pθ(z)]]
−D[qϕ(w | X) ∥ pθ(w)] = −LV AE(X) (4)

where pθ(z) and pθ(w) are priors, and qϕ(w|X) and
qϕ(z|w,X) are variational approximations to the true posteri-
ors. Same as [12], we aim to optimize the marginal likelihood,
which can be achieved via maximizing (4) using stochastic
gradient descent on θ and ϕ.

Furthermore, we need to ensure that D[qϕ(z, w | X) ∥
pθ(z, w | X)] is small as possible. Even we don’t have access
to the true posterior pθ(z|X,w), we assume that the true
class is denoted as w̃. This setup allows us to minimize the
categorical cross-entropy loss between qϕ(w|X) and w̃ [18],
encouraging qϕ(w|X) to classify X. We end up with the final
objective, denoted as (L), is therefore as follows:

L(X) = LV AE(X) + αEw∼qϕ(w|X) [Lc(w; w̃)] (5)

Lc(w; w̃) represents the categorical cross-entropy loss between
a sampled w ∼ qϕ(w|X) and the true class w̃.

The core concept of our model is that samples from qϕ(w |
X) are utilized in the recognition model for z, which also
influence the classification loss. This approach aims to improve
the classification of X , resulting in enhanced reconstruction of
X and control over the class of generated samples. Similar
to the standard VAE, we employ the Stochastic Gradient
Variational Bayes (SGVB) estimator of the ELBO, where we
draw samples w ∼ qϕ(w | X) and z ∼ qϕ(z | w,X) for each
minibatch during training.

One limitation of the standard VAE is that the latent vari-
ables z and w cannot be discrete. To overcome this, we apply
the ”reparameterization trick” to generate z and w as differ-
entiable, deterministic functions of X and auxiliary variables
ϵ with independent marginals. Although qϕ(z | w,X) can be
modeled as a standard multivariate Gaussian, qϕ(w | X) must
represent the posterior probabilities that X belongs to each
class. However, using the Dirichlet distribution for qϕ(w | X)
is incompatible with the reparameterization trick.

Instead, we model qϕ(w | X) using a Logistic Normal
distribution with mean and diagonal covariance generated
by a multilayer perceptron conditioned on X . Specifically,
w ∼ qϕ(w | X) = LN (µϕ(X), σ2

ϕ(X)), where w satisfies
0 ≤ wi ≤ 1 for i = 1, . . . , 5, and

∑5
i=1 wi = 1. This

enables w to be interpreted as the estimated probabilities that
X belongs to each of the 5 classes.

Importantly, samples from the Logistic Normal distribution
can be deterministically generated from a Normal distribution
with the same parameters. If y ∼ N (µ,Σ) is sampled from
a multivariate normal distribution in R4, the corresponding
w ∼ LN (µ,Σ) is computed as:

wj =
eyj

1 +
∑4

k=1 e
yk

, for j = 1, . . . , 4, (6)

and
w5 =

1

1 +
∑4

k=1 e
yk

(7)

.
This approach allows us to sample w ∼ qϕ(w | X) and

z ∼ qϕ(z | X,w) using the reparameterization trick, enabling
efficient training of the Classifying VAE with SGVB.
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2) Implementation: For the Classifying VAE, we assume
the following priors on w and zt for t = 1, . . . , T :

pθ(w) = N (0, I) pθ(zt) = N (0, I). (8)

For our posterior approximations, we use:

qϕ(w | X) = N
(
µw,ϕ(X),diag

[
σ2
w,ϕ(X)

])
(9)

qϕ(zt | Xt, w) = N
(
µz,ϕ(Xt, w),diag

[
σ2
z,ϕ(Xt, w)

])
. (10)

where µw,ϕ and σ2
w,ϕ are implemented as the outputs of the

classifier, and µz,ϕ and σ2
z,ϕ are implemented as the outputs

of the encoder. During training we draw a single sample
w ∼ qϕ(w|X) as in (9) to compute µz,ϕ and σ2

z,ϕ. Finally,
we assume

pθ(Xt | w, zt, Xt−1) = N (µθ(w, zt, Xt−1), σ
2
θ(w, zt, Xt−1))

(11)
where µ and σ are the output of the decoder given a single
sample of w and zt from (9) and (10), as well as the previous
time step Xt−1. The output of the decoder network is split
into two branches: one branch computes µθ directly, while the
other computes log σ2

θ to ensure the variance remains positive.
3) Modeling time series with a LSTM framework: Since we

are dealing with time series Xt, we autoencode each time step
Xt by a classifying VAE independently. Extensions of VAEs
to temporal data incorporate RNN such as LSTM networks
into both the encoder and decoder networks of a VAE which
allows the encoding and decoding networks to be conditioned
on the sequence history at each time step.

B. local and temporal variational long short term memory
(LTVLSTM)

Next we introduce the second method, LTVLSTM, which
learns the local patterns from time series subsequences and the
temporal dynamics among time series subsequences. In order
to achieve this, we firstly encode the time series subsequence
which learns captures local patterns; and the encoding of entire
time series which learns temporal dynamics among time series
subsequences.

1) Encoding of time series subsequence: Consider we have
a time series subsequence xt, t = 1, · · · , T , and its corre-
sponding latent random variable zt. Following the idea from
[20], we train a generative model pθ(xt, zt) = pθ(x

t|zt)pθ(z).
We divide latent variables zt into L layers zti , i = 1, · · · , L,
and each layer has a sequential dependency as shown in figure
1.

Based on this, each stochastic layer is a fully factorised
Gaussian distribution conditioned on the layer above:

pθ(z
t) = pθ(z

t
L)

L−1∏
i=1

pθ(z
t
i | zti+1)

pθ(z
t
i | zti+1) = N (zti | µt

i(z
t
i+1), σ

t
i(z

t
i+1)),

pθ(z
t
L) = N (ztL|0, I)

pθ(X
t | zt1) = N (xt | µt

i(z
t
1), σ

t
i(z

t
1)) (12)

[20] distinguished the generative or inference distributions, but
for simplicity, we adopt the same distribution among the latent

xt ztL · · · zt1

Encoder (inference process)

xt zt1 · · · ztL

Decoder (generative process)

Fig. 1. The inference and generative process of subsequence Xt

random variables in the encoding and decoding processes. The
generative model of the subsequence encoding is:

p(xt, zt) = p(xt | zt1)p(ztL)
L−1∏
i=1

p(zti | zti+1) (13)

Similar to the original VAE [12], the posterior is intractable
and we will use q(zt|Xt) to estimate. Then following [20],
we will obtain the inference model:

q(zt | xt) = q(ztL | Xt)
L−1∏
i=1

q(zti | zti+1, x
t)

q(ztL | Xt) = N (ztL | µt
L(X

t), σt
L(x

t))

q(zti | zti+1, X
t) = N (zti | µt

i(z
t
i+1, x

t), σt
i(z

t
i+1, x

t)) (14)

2) Encoding of entire time series: Instead of creating
another model to learn the entire time series, we can encode
all time series subsequences {x1, · · · , xT } as {z1, · · · , zT } to
learn the temporal dynamics of entire time series. Since each
subsequence is unlikely to be independent, we impose a tem-
poral dependency for consecutive subsequences p(zt, zt−1) =
p(zt|zt−1)p(zt−1). We also use a LSTM [20] to capture long
term temporal dependency with other subsequences.

p(zt | z<t) = p(zt | zt−1, ht−1)

p(zt | zt−1, ht−1) = N (zt | µt
i(z

t−1, ht−1), σt
i(z

t−1, ht−1))
(15)

where h is the hidden state and is obtained by ht =
LSTM(ht−1, xt). For the generative process p(x≤T , z≤T ),
we simplify p(xt | z≤t) to p(xt | zt) to ensure that the local
patterns of xt are mainly captured in zt. This simplification
also reduces the complexity of the reconstruction and decod-
ing processes. Based on (15), the generative model can be
expressed as:

p(x≤T , z≤T ) =
T∏

t=1

p(xt | zt)p(zt | z<t, zt−1). (16)
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The term p(xt | zt, z<t) can also be written as p(xt |
zt, ht−1), due to the recursive structure of the GRU, where
ht−1 is recursively computed based on x<t.

Similarly, the inference model is derived as:

q(zt | x≤t, zt−1) = N (zt | µt
i(x

≤t, zt−1), σt
i(x

≤t, zt−1))

= N (zt | µt
i(h

t−1, xt, zt−1), σt
i(h

t−1, xt, zt−1)).

(17)

This approximated posterior of zt accounts for the long-
term dependencies conveyed by x<t via ht−1, the neighboring
relationship with zt−1, and the subsequence xt itself.

3) Integration and joint learning: We would like to learn
both time series subsequences and the entire time series
{(z1L, · · · , z11), · · · , (zTL , · · · , zT1 )}. The combining prior of
(12) and (15) can be written as:

p(zt | zt−1, ht−1) = p(ztL | zt−1
L , ht−1)

L∏
i=1

p(zti | zti+1)

p(ztL | zt−1
L , ht−1) = N (ztL | µt

L(z
t−1
L , ht−1), σt

L(z
t−1
L , ht−1))

p(zti | zti+1) = N (zti | µt
i(z

t
i+1), σ

t
i(z

t
i+1)). (18)

and the inference model as follow:

q(zt | x≤t, zt−1) = q(ztL | x≤t, zt−1
L )

L−1∏
i=1

q(zti | zti+1, x
t)

q(ztL | x≤t, zt−1
L ) = N (ztL | µt

L(z
t−1
L , x≤t), σt

L(z
t−1
L , x≤t))

q(zti | zti+1, x
t) = N (zti | µt

i(z
t
i+1, x

t), σt
i(z

t
i+1, x

t)). (19)

the generative model is then:

p(xt | zt1, x<t) = p(xt | zt1, ht−1)

= N (xt | µt
i(z

t
1, h

t−1), σt
i(z

t
1, h

t−1)) (20)

According to [20], our objective function (ELBO) will be
as follow:

Lenc =
T∑

t=1

{
Eq(zt|x≤t,zt−1

1 ) log p(x
t | ht−1, zt1)

−
L−1∑
i=1

KL
(
q(zti | zti+1, x

t)∥p(zti | zti+1)
)

− KL
(
q(ztL | x≤t, zt−1

L )∥p(ztL | x<t, zt1)
)}
. (21)

The initial component of Lenc represents the reconstruction
error for LTVLSTM, capturing the discrepancy between the
input xt and the reconstructed output xt generated using zt1
and ht−1. The subsequent terms act as regularization compo-
nents, ensuring that the latent random variables are encoded
in a manner that effectively represents the local structures
of individual subsequences while also modeling the temporal
dependencies across the entire time series. The expected value
of Lenc is computed using Monte Carlo sampling, and the final
value is obtained as the average of Lenc across all time series
samples.

For the final time series prediction, we utilize ht and zt,
where the predicted output, ŷ, is computed as ψ(ht, zt). Here,
ψ(·) represents a single-layer fully connected neural network.
The forecasting error is quantified by (23):

Lpred = Err(y, ŷ) (22)

Err(y, ŷ) =
1

n

n∑
i=1

(yi − ŷi)
2 (23)

Then the overall objective function minimises the negative
ELBO of LTVLSTM and the forecasting loss:

L = −Lenc + Lpred (24)

III. DATE AND MODEL

A. Data Description

The ”Medical Information Mart for Intensive Care (MIMIC-
IV)” [21] is a modern electronic health record dataset that
spans a decade of patient admissions from 2008 to 2019.
MIMIC-IV offers comprehensive data for retrospective clinical
studies and critical care operations, featuring high granularity
on aspects such as re-admissions, length of stay, prescriptions,
caregivers, and diagnoses and procedures (ICD-9). As shown
in Fig.2, MIMIC-IV separates patient information in the
Emergency Department (ED) and Intensive Care Unit (ICU).
We focus on exclusively on ICU data, supported by with
demographic data, as ICU data contains longer time-series
inputs and less missing data (further details are provided in
the following subsections).

Fig. 2. structure of MIMIC-IV constructed in this paper
MIMIC-IV

Note
radiology reports,

discharge summaries

Hospital
demographics, lab
tests, medications

ICU
IV medications,
observations,

treatments

Diagnostic
Electrocardiogram
10 seconds, 12-lead

Emergency
Department
vital signs,

triage, diagnosis

Chest X-ray
DICOM images
and annotations

B. Data preprocessing

Gupta et al. [22] contains extensive data processing pipeline
for MIMIC-II, yielding optimal result with MIMIC-IV 2.2.
Consequently, this paper adhered to this version of MIMIC-
IV.

1) Outlier removal: During the preprocessing, we cleaned
the original dataset by removing outliers, allowing us to impute
missing entries. Following the approach in [22], we identified
statistically extreme values, unlike the method in [23], where
only values labeled 999999 and the negative (infeasible)
values were removed as in [17]. We customized the two-tailed
threshold to 95th percentile, which means all extreme values
outside this percentile range should be removed.
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2) Missing values: Missing data can lead to issues such as
distorted patterns, trends, and biases in parameter estimation
[24]. We adopt the approach of [25], excluding variables with
more than 20% missing data (table I. For variables with less
than 5% missing data, missing values in continuous variables
that exhibit a normal distribution were imputed using the mean
specific to the patient group. For continuous variables with
skewed distributions, the median was used as replace missing
values [26]. For variables with more than 5% missing data,
we implemented a method adapted from [9], a benchmark
from MIMIC-III. This approach imputted missing values using
the most recent measurement when available, or a predefined
’normal’ value otherwise (for further details, see [9]).

TABLE I
PERCENTAGE OF MISSING VALUES FOR VARIOUS VARIABLES

Variables Percentage of missing values
Heart rate 4.23%
Respiratory rate 4.89%
MBP 4.39%
SBP 7.81%
DBP 7.81%
AOS 10.93%
Glucose 12.68%
Temperature 19.54%

3) Time-series representation: The following continuous
data were extracted from MIMIC-IV ICU: heart rate (HR),
systolic blood pressure (SBP), diastolic blood pressure (DBP),
mean blood pressure (MBP), respiratory rate (RR), body tem-
perature, Arterial O2 Saturation (AOS) and Glucose. Next, we
applied the pipeline from [22], these variables were organized
into uniform 4-hour intervals for consistency. The time-series
data is typically recorded every 4 hours, so we opted for a 4-
hour interval for consistency. If a patient has multiple entries
within a 4-hour period, the mean value was computed and
replaced by those entries with a single value for consistency.
Conversely, if there are no measurements within a 4-hour slot,
we addressed this as a missing value issue and resolved it using
the method outlined in [9]. Since the average stay in the ICU
is 11 days (with a standard deviation of 13), we limited the
selection to patients who stayed in the ICU for more than 10
days. For each binned time interval, the pipeline assigned a
feature value of 1 if it is recorded during that interval, and
0 otherwise. This preprocessing resulted in a matrix of size
60×860 \times 860×8 for each stay, with records exceeding
10 days excluded, leaving a total of 51,080 stay records. The
10-day threshold was chosen to focus on longer ICU stays,
which provide more reliable temporal data. Additionally, since
the data were extracted from department where all subjects
have relatively severe health issues, facing a survivorship bias
problem [27]. This means the inference model may show
higher accuracy for severe patients.

C. Model Implementation

We selected 3 previously proposed methods for clinical
time-series forecasting to compare with our approach: the
classical statistical model [8], the RNN-based method [10],

and the VAE+RNN-based method [14]. Since none of these
methods have been evaluated on the MIMIC-IV dataset, we
retrained them on the new dataset using carefully chosen
parameters, which are explained in detail below.
The models were implemented with T4 GRU, with all tempo-
ral features re-scaled in value between -1 and 1. The training
took approximately 3 hours to complete for CVLSTM and
6.5 hours for LTVLSTM. We search the optimal number of
lag (past time series values) from 1 to 10, and use the same
strategy to search optimal (the number of past observations)
and (the size of moving average window) for ARIMA, with the
optimal differencing degree searched from 0 to 4. For VRNN,
we serch the optimal batch size from {32, 64, 128} and set
the maximum iteration to be 50 epoches. The learning rate is
searched from {0.001, 0.01, 0.1}. The dimension of the LSTM
hidden states are searched from {8, 16, 32, 64, 128}, and the
number of layers is no more than 3.

1) Implementation detail of CVLSTM: Table II shows the
implementation details of CVLSTM, where X and Z denoted
the dimension of xt and zt respectively. This table also
includes details on the number of hidden layers, batch size
and epoch. The batch size selection was guided by prior
research [15]. For the choice of the number of hidden layers
and their size, we experimented with many combinations,
including setting from previous work[28]. The final choice
of the hidden size, number of layers and number of epochs
were based on test set performance. However, the optimal
values produced the best result in the test set was different
from any of the settings in [12][19][28]. There are about

TABLE II
IMPLEMENTATION DETAILS OF CVLSTM

Model X Z No. Layers Hidden Batch Epoch
CVLSTM 8 2 2 60 128 50

13000 unique disease diagnosis in MIMIC-IV. To simplify the
calculation and prevent overfitting, we group all disease into 5
main categories (matching with the dimensions in II-A1): heart
disease, blood pressure disease, kidney disease, respiratory
disease, and Others. Therefore, the latent classifier variable
w ∈ R5. This provided the model with priori information on
potential patient pattern as described earlier.

2) Implementation detail of LTVLSTM: For layer size and
subsequence length are searched from {2, 4, 6, 8, 10} and
{10, 20, 30, 40, 50, 60} respectively. When the subsequence
length is 60, we actually have the whole time series. We run
each method 50 times and report the average accuracy as the
final results.

D. Performance Metric

We use the oftenly used Root Mean Square Error (RMSE)
as our evaluation metric. This can be written as

RMSE =

√√√√ 1

M

M∑
i=1

(yi − ŷi)2 (25)
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where M denotes the size of the test dataset; yi and ŷi are the
vectors representing the true and predicted values of all eight
temporal features for the ith patient.

IV. RESULTS

In this section, we first report the average Root Mean Square
Error (RMSE) on the test dataset. Even-though we only have
the result for one step ahead prediction due to training time
of LTVLSTM model, I believe it still could demostrate our
model’s robustness. We have present the result in table III.

TABLE III
RMSE WITH ROUNDED STANDARD DEVIATIONS ON ONE AHEAD

FORECASTING TASKS ON TEST DATA

Step
Size

AR ARIMA LSTM

1 0.02220 ± 0.0139 0.01914 ± 0.0143 0.01420 ± 0.0068
Step
Size

VRNN CVLSTM LTVLSTM

1 0.01220 ± 0.0040 0.01032 ± 0.0024 0.00962 ± 0.0023

ARIMA shows lower RMSE than AR, which is expected
since ARIMA extends AR by incorporating differencing to
account for non-stationary and integrating moving average
terms. However, both AR and ARIMA perform worse than
LSTM because they assume a linear relationship in the data
and lack the capacity to capture complex non-linear temporal
dependencies. In contrast, LSTM, being a recurrent neural
network architecture, is specifically designed to learn long-
term dependencies in sequential data, making it significantly
more effective for time series forecasting tasks where such
patterns are present.

VRNN further improves upon LSTM by introducing a
probabilistic framework, which accounts for uncertainty in
the latent space. This enables VRNN to model the variability
in the data more effectively, leading to lower RMSE than
LSTM. Despite this advantage, VRNN still falls short of
CVLSTM models because additional latent classifier helps the
model to learn the local patterns better. LTVLSTM shows
a slight improvement over CVLSTM by explicitly learning
local patterns, which enables the model to capture more local
details. However, according to table IV, we see that the
improvement of LTVLSTM to CVLSTM is not significant.
Neverlessthly, the comparisons involving CVLSTM models
demonstrate statistically significant differences. The p-value
of 0.050 for VRNN versus CVLSTM shows that CVLSTM’s
ability to explicitly model local patterns through the additional
latent classifier leads to a significant performance gain. Fur-
thermore, the p-values of 0.032 for VRNN versus LTVLSTM,
respectively, highlight the impact of explicitly learning local
patterns in LTVLSTM. It shows that our new model CVLSTM
and LTVLSTM outperforms the previous model on the new
dataset MIMIC-IV.

Furthermore, the standard deviations for AR and ARIMA
are larger, indicating these models are less consistent across
different test instances. In contrast, LSTM, VRNN, CVLSTM
and LTVLSTM exhibit much smaller standard deviations,

TABLE IV
MANN-WHITNEY U TESTS ARE PERFORMED TO FIND IF THE
ERROR DIFFERENCES ARE SIGNIFICANT USING STANDARD
α = 0.05. THE RESULTING P-VALUES FOR BOTH STATISTICAL

TESTS ARE PRESENTED.

Step
Size

ARIMA <
LSTM

LSTM <
VRNN

VRNN <
CVLSTM

VRNN <
LTVLSTM

CVLSTM <
LTVLSTM

1 0.078 0.24 0.050 0.032 0.10

reflecting more stable and robust prediction. This further
underscores the limitations of traditional statistical models,
as their assumptions about data linearity and stationary of-
ten do not hold in complex time series datasets. Figure 3

Fig. 3. one step predicted values for all 8 temporal variables from three
randomly chosen patient

shows the one-step-ahead prediction of VRNN, CVLSTM,
and LTVLSTM for three representative patients. The ground-
truth series for each of the eight features (HR, SBP, DBP,
MBP, RR, Tempt, AOS, and Glucose) is plotted in red.
As can be observed, CVLSTM and LTVLSTM outperform
VRNN on most of the features—particularly on MBP, SBP,
Glucose, and AOS—across all three patients. LTVLSTM, in
particular, produces extremely close prediction to the ground
truth, which appears at first glance to contradict the average
results shown in Table III. However, this discrepancy arises
because these three patients happen to be cases in which
LTVLSTM’s prediction align especially well with the true
values. By including additional patient-diagnosis information,
the CVLSTM framework already benefits from more contex-
tual data, and LTVLSTM adds yet another layer of temporal
modeling that can further boost performance. Overall, the plots
indicate that LTVLSTM may slightly outperform CVLSTM on
these specific patients, consistent with the notion that richer
temporal modeling yields more accurate forecasts.

V. CONCLUSION

This paper introduces two innovative models, CVLSTM
and LTVLSTM, to improve clinical time series forecasting by
integrating disease classification and hierarchical variational
modeling. CVLSTM outperforms traditional models by incor-
porating disease class information, while LTVLSTM further
refines prediction by explicitly learning local subsequences
and their temporal dynamics. Extensive experiments on the
MIMIC-IV dataset confirm the robustness of our methods,
with LTVLSTM achieving the best overall performance in
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terms of RMSE. Our findings highlight the value of incor-
porating latent class information and hierarchical variational
structures to address the complexity of clinical data, paving the
way for more accurate and actionable prediction in healthcare
applications. Future work could explore multi-step forecasting
to extend the applicability of these models to longer-term
predictions. Additionally, applying these methods to diverse
clinical datasets could further validate their effectiveness and
generalizability in improving patient care and hospital effi-
ciency.
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