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Abstract 
Background: In the heart data mining and machine learning, dimension reduction is needed to 

remove the multicollinearity. Meanwhile, it has been proven to improves the interpretation of the 

parameter model. In addition, dimension reduction is also can increase the time of computing in high 

dimensional data.  

Methods: In this paper, we perform high dimensional ordination towards event counts in intensive 

care hospital , following emergency department (ED 1), First Intensive Care Unit (ICU1), Second 

Intensive Care Unit (ICU2), Respiratory Care Intensive Care Unit (RICU), Surgical Intensive Care 

Unit (SICU), Subacute Respiratory Care Unit (RCC), Trauma and Neurosurgery Intensive Care Unit 

(TNCU), Neonatal Intensive Care Unit (NICU) which use the Generalized Linear Latent Variable 

Models (GLLVM’s).  
Results: During the analysis, we measure the performance and calculate the time computing of 

GLLVM with employing variational approximation and Laplace approximation, and compare the 

different distributions including Negative Binomial, Poisson, Gaussian, ZIP, and Tweedi, 

respectively.  

Conclusions: In a nutshell, GLLVM’s leads as best performance reaching the accuracy  98% 
comparing other methods. In line with this, we get the best model negative binomial and Variational 

approximation which provides the best accuracy by accruacy value of AIC, AICc, and BIC. In a 

nutshell, our best model is GLLVM-VA Negative Binomial with AIC 7144.07 and GLLVM-LA 

Negative Binomial with AIC 6955.922. 

Keywords:  GLLVM; Poisson ; Negative Binomial; Laplace; Variational Approximation 

 

 

Background 

 

Big data is a collection of huge data and more 
complex, especially from new data sources [1]. 
The data set is large enough so that software for 
traditional data processors not good enough to 
manage it, but this massive amount of data can 
be used to overcome a variety of business 
problems that previously could not be solved 
and the need for decision making [2]. The most 
straightforward and obvious explanation is that 
Big Data is the collection and use of 
information from various sources to provides 
important information. Big Data is also a 
concept of the ability to collect, analyze, and 

understand a large amount of data on a very 
broad range of activities. 

Big Data is beneficial for the hospital 
service system itself. One of the classic 
problems which have existed that there are too 
many staff or too few staff so that the hospital 
will risk incurring additional costs than they 
should. Not only that, hospitals that lack staff 
also will jeopardize the quality and 
performance of services provided. If a few 
teams handle many patients, this will have an 
direct impact the services provided to these 
patients will be of poor quality and 
unsatisfactory. The primary key to 
implementing hospital orientation is the patient. 
Then, the patient satisfaction is the success of a 
hospital in managing health care services. 



 

Customer satisfaction is an abstract thing, and 
the results are very varied.  

However, perceptions depend on each 
person and tend to be different. The availability 
of medical personnel with high knowledge and 
skills is essential for patients in choosing a 
health service as a place that can help them 
recover from the disease. The core business of 
the hospital is to provide health services. A 
good hospital cannot only offer professional 
medical personnel but also provides the best 
facilities and an excellent patient-care system 
[3]. At the same time, monitoring patient 
clinical status is essential, particularly in 
intensive care units (ICUs) [4].  During that 
time, the teleporter plays the role of "facilitator" 
and "supporter." It is one of the medical team's 
valuable members and the connection window 
between the unit and the department. The 
transmission staff is responsible for assisting 
the patient's medical treatment or acting as a 
helper for the family to take care of the patient. 
It must have sufficient resilience to respond to 
the emergency that may occur, and the 
transmission process must strictly follow the 
actual transfer and relevant safety rules. The 
mastery, accuracy, and completeness of the 
delivery service time relate to the smooth 
connection of medical services, so it must have 
a certain degree of job sensitivity and excellent 
communication skills. Furthermore, with the 
increasing needs and desires of patients in 
obtaining the best services, it is necessary to do 
the right planning, especially in the intensive 
care center room.  

The most crucial point is to place 
appropriate medical personnel in the intensive 
care center. If the placement of medical staff is 
proper, hospital services will be better, and 
patients will be treats faster. Then another thing 
is to provide training to improving the work of 
medical personnel. If the  human resources are 
of high quality and in line with company 
expectations, then the company has high 

competitiveness. Therefore, the products and 
services produced are also of high quality. 

Intensive care units (ICUs) of university 
hospitals and advanced medical centers are 
indispensable for providing critical and 
intensive care for patients who have undergone 
major surgery or have received emergency care. 
Hospitals can obtain higher revenue from 
national insurance by a short admission in the 
ICU than by admission to other hospital 
departments. Intensive care units are the 
foremost part and are very important in the 
hospital. Intensive care units act as the main 
gate of entry for emergency patients and 
patients with mild conditions. Good or bad 
service in the intensive care unit will give an 
overall impression of hospital services. 
Analysis of the number of events in the ICU is 
also essential to do to analyze. The cost 
estimation and a profit and loss analysis are 
necessary for health care practice [5]. 

A significant part of this work is to 
decide whether ICU procedures of care can 
improve results for those identified as frail. 
Instances of procedures that may have a 
differential way in the individuals who are 
slight incorporate wholesome help; sedation 
rehearses the force of assembly/restoration.  In 
other words, an analysis of the number of 
medical personnel needs is essential due to  in 
the ICU room, a first aid kit is needed quickly 
and temporarily given to a person suffering 
from an injury or sudden illness. A fundamental 
objective of first aid is to provide care and 
health services that will benefit these people in 
preparation for further treatment. 

The emergency is a condition that is 
related to a disease or other life-threatening 
conditions. In contrast, a crisis is a sudden and 
unforeseen condition, an immediate or urgent 
need [6]. Due to the emergency room's 
operational nature must be fast, precise, and not 
limited by the time [7]. At the same time, we 
need to be concerned about the ideal 
performance of the emergency room is highly 
dependent on human resources and proper work 
procedures. Moreover, supporting examination 



 

facilities to support the diagnostic process, 
adequate drug support, and medical 
consumables clear patient in and outflow, ready 
operating room, and ambulance transport 
support that focuses on patient safety. 

Big Data Analysis offers an excellent 

opportunity for improving the strategic unit 

management and to handling of concrete 

clinical cases [8] [9].Moreover, different 

biomedical and medicinal services devices 

produce a primary measure of information. We 

must think about and evaluate what can be 

accomplished by utilizing this information [10]. 

The problem that cannot be separated from big 

data is the selection of methods for large-

dimensional data, many attributes, and causing 

some algorithms not to get good performance. 

Therefore, the solution offered is to do feature 

selection or dimension reduction by using PCA 

[11], K-means [2], CCA [12], Factor analysis 

[13] [14], XGBoost [15] [16],  Bayesian 

[17][18]. Nowadays, there is a challenge to 

measure statistical parameters in vast data sets, 

and most traditional statistical methods cannot 

handle high dimensional data and including 

large numbers of parameters  [18] [19] [20]. 

Assuming, casually, we let p mean the 

unknown element and let n as a known element. 

Then it will reach until limited to small p and 

large n. This situation additionally normally 

mirrored the contemporary impediments of 

computing. In short, this research will get an 

ordinance of intensive care hospital rooms so 

that it can be used to calculate and predict daily 

and hourly how many patients are expected to 

be in the room. The remainder of the paper is 

organized as follows. Section 2 explains the 

methods. Section 3 presents the application of a 

high dimension. Finally, conclusions and future 

research directions are indicated in Section 4. 

 

METHODS 

 

GENERALIZED LINEAR LATENT 

VARIABLE MODELS  
 

The classical linear model was initially more 

widely used in the field of statistics or better 

known as straight-line equations [21]. The 

traditional linear models were commonly used 

in the field of statistics, especially for modeling 

data count [22]. The simplest classical linear 

model is defined in Eq (1). 

 𝒚 = 𝒇(𝒙, 𝜷, 𝜺) = 𝜷𝟎 + 𝜷𝒙 + 𝜺                    
(1) 

 

Where y is the dependent variable whose value 

depends on the independent variable x, β is an 

unknown parameter in the model. At the same 

time, ε is a random variable that differs from the 

actual value of y with its estimated value [23]. 

The random variable ε is assumed to follow the 

normal distribution(𝟎, 𝝈𝟐). The development of 

linear models was very rapid after the discovery 

of the normal distribution, until the beginning 

of the 19th century. To begin with, [24] 

published a research in the field of agriculture 

using design experimental. Simple GLM is the 

development of a classic linear models (LM’s) 

with many predictors or called Multiple Linear 

Regression [25].  The least-square method by 

Gauss remains the basis for estimating model 

parameters. However, the classical assumptions 

on LM’s also carry over to GLM is 𝜺 follows 

the normal distribution (𝟎, 𝝈𝟐).  The predictor 

does not have to be continuous. Category 

predictors also underlie Fisher's research in 

experimental design. Under the auspices of the 

normal distribution assumption, linear models 



 

can be written in general, or general terms 

define GLM’s as in Equation (21). 

 𝒀𝒏𝑮𝒏 = 𝑿𝒏𝑩𝑯𝒏 + 𝒁𝒏𝜣𝑸𝒏 + 𝑬𝒏                
(2) 

 

Where 𝒀𝒏 n is a random matrix of size 𝒏 × 𝒎. 𝑮𝒏 is the matrix 𝑿𝒏,  𝑯𝒏 , 𝒁𝒏  and 𝑸𝒏  are 𝒏 ×𝒑, 𝒒 × 𝒌, 𝒏 × 𝒖  and 𝒗 × 𝒌  matrices, 

respectively. B is the matrix 𝒑 × 𝒒  of the 

unknown parameter. Θ is a random matrix u × 
v  and 𝐄𝒏  is the matrix 𝒏 × 𝒌 of the random 

error that is normally distributed (0, ). The 

model in Eq 2 represents a GLM that various 

linear models. Such as linear regression 

(including simple or multiple) and Multivariate 

regression [26]. The parameter estimation 

technique is also developing. Regarding to the 

least square [27] the parameter estimation can 

be obtained by using the H-likelihood [28], 

Double H-likelihood [29], and Bayes 

estimation approach [30]. In Eq (1), we can 

apply to negative binomials  𝒀~𝑵𝑩𝒊𝒏(𝒌, 𝝅) 

[31] so that it can be  written in Eq (3) as 

follows. 𝒇(𝒚) = (𝒚 − 𝟏𝒌 − 𝟏) (𝝅)𝒌(𝟏 − 𝝅)𝒚−𝒌                              

(3) 

Then, Eq(3) will be changed in the Exponential 

Family form. 𝒇(𝒚; 𝜽, 𝝓) = 𝐞𝐱𝐩 {𝒌 𝐥𝐨𝐠 𝝅 +

(𝒚 − 𝒌) 𝐥𝐨𝐠(𝟏 − 𝝅) + 𝐥𝐨𝐠 (𝒚 − 𝟏𝒌 − 𝟏)} 

Moreover, can be written in Eq(23): 

 𝒇(𝒚; 𝜽, 𝝓) = 𝐞𝐱𝐩 {𝒚 𝐥𝐨𝐠(𝟏 − 𝝅) +𝒌 𝐥𝐨𝐠 ( 𝝅𝟏−𝝅) + 𝐥𝐨𝐠 (𝒚 − 𝟏𝒌 − 𝟏)} (4) 

 

From Eq (4) we can determine the value of 

Expectations of Eq (5), Variance Eq (6) and 

Deviance Eq (7), respectively: 𝑬(𝒀) = 𝒃′(𝜽) 𝒃(𝜽) = −𝒌{𝐥𝐨𝐠(𝟏 − 𝒆𝜽) − 𝐥𝐨𝐠(𝒆𝜽)} 𝑬(𝒀) = −𝒌{𝐥𝐨𝐠(𝟏 − 𝒆𝜽) − 𝟏} 𝑬(𝒀) = −𝒌 { 𝒆𝜽(𝟏 − 𝒆𝜽) − (𝟏 − 𝒆𝜽)(𝟏 − 𝒆𝜽)} 𝑬(𝒀) = −𝒌 {− 𝟏(𝟏 − 𝒆𝜽)} = 𝒌𝝅 

(5) 𝑬(𝒀)𝑽𝒂𝒓(𝒀) = 𝒃′′(𝜽)𝒂(𝝓) 𝑽𝒂𝒓(𝒀) = 𝒌 {−(𝟏 − 𝒆𝜽)−𝟐(−𝒆𝜽)} 𝑽𝒂𝒓(𝒀) = 𝒌 { 𝒆𝜽(𝟏 − 𝒆𝜽)𝟐} 𝑽𝒂𝒓(𝒀) = 𝒌(𝟏 − 𝝅)𝝅𝟐  

(6) 

 𝑫(𝒚;�̂�)𝝓    = 𝟐[𝒍(�̂�, 𝝓; 𝒚) − 𝒍(�̂�, 𝝓; 𝒚)] 𝑫(𝐲; �̂�)𝝓  = 𝟐 {[𝒌 𝐥𝐨𝐠 𝒚+ (𝒚 − 𝒌) 𝐥𝐨𝐠(𝟏 − 𝒚)+ 𝐥𝐨𝐠 (𝒚 − 𝟏𝒌 − 𝟏)]− [𝒌 𝐥𝐨𝐠 �̂�+ (𝒚 − 𝒌) 𝐥𝐨𝐠(𝟏 − �̂�)+ 𝐥𝐨𝐠 (𝒚 − 𝟏𝒌 − 𝟏)]}  = 𝟐{𝒌 𝐥𝐨𝐠 𝒚 − 𝒌 𝐥𝐨𝐠 �̂� + (𝒚 − 𝒌) 𝐥𝐨𝐠(𝟏 − 𝒚)− (𝒚 − 𝒌) 𝐥𝐨𝐠(𝟏 − �̂�)} = 𝟐 {𝒌 𝐥𝐨𝐠 (𝒚�̂�) + (𝒚 − 𝒌) 𝐥𝐨𝐠 (𝟏−𝒚𝟏−�̂�)}   (7) 

GLLVM is the extended version of GLM’s with 

a latent variable [32]. The marginal density of 



 

the manifest variables can be rewritten as Eq (7) 

[33]. 

 𝑳(𝝎, 𝝓) = ∫ 𝐞𝐱𝐩 (𝒑 ∑ 𝟏𝒑 [𝒚𝒊𝒋𝜽𝒊𝒋 − 𝒃(𝜽𝒊𝒋)𝝓𝒋
𝒏

𝒊=𝟏+ 𝒄(𝒚𝒊𝒋, 𝝓𝒋)] 𝒉(𝒖𝒊)) 𝒅𝒖𝒊      
(8) 

 

Since we assume the latent variable 𝒖𝒊  to 

follow a standard normal distribution such that 

we have Eq(9) and Eq(10), respectively.  𝒉(𝒖𝒊) = 𝟏(𝟐𝝅)𝒒𝟐 𝐞𝐱𝐩(−𝒖𝒊′𝒖𝒊𝟐 ) (9) 𝐥𝐨𝐠 𝒉(𝒖𝒊) = −𝒖𝒊′𝒖𝒊𝟐 − 𝒒𝟐 𝐥𝐨𝐠(𝟐𝝅) (10) 

 

Model Selection 

 

The model selection criteria are statistical tools 

that identify an “optimal” statistical model from 
among a set of models. Meanwhile, the set is 

usually called a set of candidate models. A 

model is considered as an optimal model if it 

satisfies three essential features: 

generalizability, parsimony, and goodness-of-

fit. The principle of generalizability is the 

capability of the fitted model to describe or 

predict new data. The purpose of statistical 

modeling should be to predict new data as 

opposed to precisely characterizing the actual 

model that generated the data. On the other 

hand, the candidate models are significant in 

analyzing the selection criteria. 

The criteria can be used following  

Akaike Information Criterion (AIC), Akaike 

Information Criterion Correction (AICc), and 

Bayesian Information Criterion (BIC) [34].  

Lastly, the selection of models should take the 

generalizability, parsimony, and goodness-of-

fit into account. The motivation behind 

measurable demonstrating ought to be that of 

anticipating new information rather than 

unequivocally describing the genuine model 

that created the information. Where k is the 

dimension of the parameter 𝜽,  and n is the 

sample size. 𝑨𝑰𝑪 =  −𝟐 𝐥𝐧 𝒇(𝒚, �̂�) + 𝟐𝒌. 
(11) 𝑩𝑰𝑪 =  −𝟐 𝐥𝐧 𝒇(𝒚, �̂�) + 𝒌 𝐥𝐧  (𝒏) 

(12) 𝑨𝑰𝑪𝒄 =  −𝟐𝒌 [ 𝒏𝒏 − 𝒌 − 𝟏]. 
(13) 

However, the researcher leans toward BIC to 

AIC, since BIC may possible prompts choosing 

a more closefisted fitted model than AIC. It 

demonstrates that BIC is steady, yet it is not 

asymptotically productive. In addition, AICc is 

useful in the small dataset 

 

HIGH DIMENSION DATA 
 

In this paper, we use the event count data that 

occur in the intensive care center to meet the 

needs of medical operations. The operations 

include pushing hospitalized patients for 

hemodialysis treatment, receiving emergency 

treatment drugs, transferring specimens, and 

collecting blood, and related services such as 

respirators, oxygen cylinders, and other 

equipment or items required for the treatment.  

The specifications are as follows:  Emergency 

Department (ED 1), First Intensive Care Unit 

(ICU1), Second Intensive Care Unit (ICU2), 

Respiratory Care Intensive Care Unit (RICU), 

Surgical Intensive Care Unit (SICU), Subacute 

Respiratory Care Unit (RCC), Trauma and 

Neurosurgery Intensive Care Unit (TNCU), 

Neonatal Intensive Care Unit (NICU).   

The data starts from June (33561 cases), July 

(31557 cases), August (35689 cases), 

September (34293 cases), and October (35310 

cases). In total, the matrix dimension is (170410 

x 7). Because in this paper used eight types of 

ICU rooms. To get the ICU ordination per room 

will be transposed to (7 x 170410). Then the 

dimension matrix is reduced again to retrieve 

the total daily occurrence data. Also, we get a 

matrix (153 x 7) and the projection can be 

represents in Figure 1 

 





 

 

 

 
Figure 1. Example of projection 

 

RESULTS AND DISCUSSION 
 

As explained in the previous section, we are 

using the daily data of the number of cases of 

incentive care rooms. Then, the matrix 

dimension is quite large. So computation [35] 

time will be calculated on selected distributions 

such as negative binomials, Poisson, Gaussian, 

ZIP, and Tweedie. We successfully compared 

with two types of optimization including of 

variational approximation, and Laplace 

approximation. Also, we make a comparison 

with the number of latent variables. Table 1 

explains that the best model is the smallest AIC, 

AICc, and BIC values for the negative 

distribution of GLLVM-VA and GLLVM-LA 

binomials. Figure 2a and 2b are explains that 

information. In general, VA (1) gives promises 

to complete computing time compared to LA 

(2).  

Based on this simulation, we get the 

insight the difference in the number of latent 

variables used does not affect the accuracy 

results.  Besides, the recognizable proof of the 

estimation model is that there are sufficient for 

each latent variable. The decision of connection 

capacity ought to be founded on hypothetical 

contemplations and model fit. The scope of 

qualities it creates for the mean 𝝁𝒊 = 𝒈−𝟏  𝒗𝒊 
can be contemplate when picking link function. 

For example, the logit and probit interface 

capacities are the regular decision when the 

reaction variable is two-fold since they limit the 

likelihood 𝝁𝒊 within the interval [𝟎, 𝟏] Another 

factor to consider identifies with the 



 

understanding of the relapse parameters [35]. 

However, 𝒗𝒊 = 𝒙𝒊′𝜷   utilize an identity link 

function relates to addictive impacts of the 

covariates on the mean and a log link compares 

to multiplicative impacts. Another significant 

thing in GLLVM’s the decision of the 

dissemination. The decision of dissemination 

depends on the kind of reaction variable, the 

procedure that may produce the reaction and the 

state of experimental dispersion. For instance, 

for parallel reactions, the undeniable decision is 

the Bernoulli dissemination while for counts. In 

line with this, the Poisson dispersion is 

regularly picked for fitting the model. 

 

 

TABLE 1. GLLVM Performance 

 LV Family 
Selection Criteria 

DF 
log-

likelihood: 

Time 

Computing AIC AICc BIC 

GLLVM- 

VA 

 

1 
Negative 

Binomial 
7144.07 7151.123 7207.709 21 -3551.035 00.13,23 

2 
Negative 

Binomial 
7309.096 7321.192 7390.918 27 -3627.548 00.05,85 

3 
Negative 

Binomial 
7472.096 7489.696 7569.07 32 -3704.048 00.06,11 

1 Poisson 7693.37 7699.733 7753.978 20 -3826.685 00.01,22 

2 Poisson 7693.37 7699.733 7753.978 20 -3826.685 00.03,60 

3 Poisson 7685.202 7695.439 7760.963 25 -3817.601 00.12,20 

1 Gaussian 7260.324 7267.378 7323.964 21 -3609.162 00.01,32 

2 Gaussian 7409.686 7421.782 7491.508 27 -3677.843 00.03,42 

3 Gaussian 7570.224 7587.824 7667.198 32 -3753.112 00.09,10 

GLLVM- 

LA 

1 
Negative 

Binomial 
6955.922 6962.976 7019.562 21 -3456.961 00.41,30 

2 
Negative 

Binomial 

-

6762265517 

-

6762265505 

-

6762265435 
27 3381132785 00.47,11 

1 Poisson 7736.851 7739.895 7779.277 14 -3854.426 00.05,32 

2 Poisson 7387.098 7393.462 7447.707 20 -3673.549 00.44,47 

3 Poisson 7227.31 7237.546 7303.07 25 -3588.655 01.17,90 

1 Gaussian 7107.34 7114.393 7170.979 21 -3532.67 00.01,72 

2 Gaussian 7103.672 7115.768 7185.494 27 -3524.836 00.02,22 

3 Gaussian 7110.665 7128.265 7207.639 32 -3523.333 00.01,88 

1 ZIP 7637.484 7644.538 7701.123 21 -3797.742 00.31.38 

2 ZIP 7326.899 7338.995 7408.721 27 -3636.449 00.59.18 

1 Tweedie 7010.549 7022.645 7092.371 27 -3478.275 45.11,33 

Long story short, we are using different 

distributions such as Negative Binomial (1), 

Poisson (2), Gaussian (3), ZIP (4), and Tweedie 

(5). As shown in Figure 5, running a Tweedie 

distribution will take a very long time. The 

power parameters are vital to discuss. In tweedy 

probability density cannot be closed from, so it 

is slow to finish computing. To solve this 

problem, quasi and pseudo-likelihood can be 

used for Tweedie.  

For the Tweedie distribution can only be 

analyzed with use Laplace approximation 

GLLVM. Indeed Variational approximation is 

a bayesian inference to solve complex statistics. 

For a more precise explanation about 

Variational approximation, refers to Ormerod 



 

[36]. On the other hand, bayesian along these 

lines[37], certainly relies upon the researcher’s 

capacity to compute integrals concerning the 

posterior distribution. Be that as it may, this is 

a troublesome issue and separated from the 

conjugate models, the explicit type of the 

thickness a posteriori is regularly accessible just 

to a factor 

 𝝅(𝒙|𝒚𝟏, … , 𝒚𝑵) ∝ 𝒑𝟎(𝒙)𝒑(𝒚𝟏, … , 𝒚𝑵|𝒙) 

 

 

 
Figure 2. Time Computing Optimization (A) and Type of Distribution(B) 

During the experimental, we compare 

GLVVM’s to PCA, Factor Analysis Extraction 

Maximum Likelihood, K-Means 2 cluster, 

Canonical Correlation Analysis, and Global 

Multidimensional Scaling. However, by using 

K-means only use 2 groups in accordance with 

the number of groups that have been previously 

determined. To determine the group members 

can be done by calculating the minimum 

distance of the object. The value obtained in the 

membership of data at the distance matrix is 0 

or 1, the value 1 for data allocated to group A 

while the value 0 for data allocated to group B. 

In this simulation obtained distance centroid 

B 

A 



 

(Cluster 1 to Cluster 2 = 24.6436). Table 2 

provides of information (%) of each methods. 

 

TABLE 2. Comparsion Performance 

 

Methods  Information 

(%) 

PCA 78.5% 

Factor Analysis Extraction 

Maximum Likelihood 

75.2% 

K-Means 2 cluster 51.070% 

*Ours (GLLVM) 98% 

Canonical Correlation 

Analysis 

70.2% 

Global Multidimensional 

Scaling 

68.5% 

 

Meanwhile, two significant methodologies 

have shown up in measurements, such as 

approaches dependent on the characterization 

of the posterior and approximation. For a 

differential condition whose arrangement is not 

easy work, at any rate, the Laplace 

approximation can tell the arrangement is the 

inverse Laplace likewise; the underlying 

conditions are folded into the strategy for the 

arrangement from the beginning. Nevertheless, 

with bayes, we do not have the entirety of the 

underlying derivatives, so we need to keep 

some of them around as free parameters.  The 

Laplace for the most part, is not in nonlinear 

issues, because we do not receive a decent 

arithmetical condition in return [38] [39]. One 

exception is that the Laplace change of a 

convolution is only an item, which is helpful 

[40]. The data matrix is usually a proximity 

matrix (a matrix that has a distance between 

objects) and including ordinal data types. This 

result is expected to be robust because the 

configuration results are obtained from its 

iteration. However, due to the reduction in 

dimensions, the process will also lose some 

information. The ordination is also useful for 

reducing the dimensions of data from several 

variables so that there are new variables that are 

no longer correlated and have as much 

information as possible from the original data. 

After getting the best model that is negative 

binomial on two different optimizations VA 

and LA, it is necessary to find linear predictors 

with residuals in both of these models.  

 Figure 3a and 3b are represent of scale 

location. The line starts off horizontal at the 

beginning of our predictor range, slopes up to 

around 2, and then slopes down around 3. In 

contrast with Laplace approximation, the line is 

flattened around 2.5 because the residuals for 

those predictor values are not more spread out. 

The development of the GLLVM ordination 

will continue by using Variational 

approximation with the assumption that it 

provides speed in computing with accuracy 

differences that are not significant as Laplace 

approximation.Figure 4 a and b are explain how 

linear these predictors are at residuals. Then the 

normal QQ-plot describes theoretical quantiles 

following the normal distribution and the points 

forming a roughly straight line. 

 



 

 

 

 
Figure 3. Scale Location GLLVM Negative Binomial with 1 Latent Variable Variational 
Approximation (A) Scale Location GLLVM Negative Binomial with 1 Latent Variable Laplace 
Approximation (B) 
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Figure 4. GLLVM Negative Binomial with 1 Latent Variable Variational Approximation Residual 
VS Predictor (A) GLLVM Negative Binomial with 1 Latent Variable Laplace Approximation 
Residual VS Predictor (B) 
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However, Figure 5 a explains the ordination in 

7 different room types. It seems so clear that 

each room has a different ordination. In 

addition, Figure 5 b represents the number of 

manpower based on best model. The type of 

ICU room requires more manpower than other 

rooms. Nevertheless, visually ICU and RICU 

rooms have the same characteristics compared 

to the others. Overall different ordinances are 

ICU2 rooms and different ordinations in the 

RICU room. At the same time, the ordinations 

look similar in ED1 and TNCU rooms, 

respectively. Otherwise,  Figure 6 explains the 

distribution of frequency of events data in the 

Intensive Care Units' room if there are several 

similarities between one day and another. The 

highest number of cases occurred on Monday 

and Saturdays and Sundays decreased quite far. 

If the hospital wants to focus on maximum 

service, it might be better to consider the 

appropriate number of medical staff on a 

specific day. Each room has its tasks such as the 

First Intensive Care Unit (ICU1), Second 

Intensive Care Unit (ICU2). The content of the 

hospital's transfer staff is to transfer patients to 

outpatients, wards, inspections and other units. 

The transfer methods include leadership, bed 

and wheelchair push, and the receipt and 

transfer of medicines, blood, specimens, 

articles, instruments and stationery to other 

units.  





 

 

 
 

 

 
 

Figure 5. GLLVM Ordination (A) and Prediction manpower (B) 
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B 





 

 

 

The outsourcing business of the hospital's labor 

service is also to maintain the business activity 

. The staff is responsible for it, and it includes 

the ward, medical department, or particular 

operation unit's internal labor service. It is 

fixedly dispatched to the demand unit. Non-

medical care services, such as ward 

replenishment, hand sanitizer, and redemption 

of infectious devices, medicine ladders, 

cleaning of dirty clothes, extra isolation clothes, 

etc., work items will follow the general ward. 

Moreover, emergency characteristics of 

intensive or special wards and departmental 

treatment units may be different.  

 
 

Figure 6. HEATMAP EVENT COUNTS 





 

 

 

Still, the work they perform is non-medical 

affairs, and responsible for such work belongs 

to internal staff. This mode's transmission 

requirements are mainly related to the relevant 

operational processes required for the treatment 

of inpatients. The examinations are X-rays, 

ultrasound, electrocardiograms, computed 

tomography (CT) examinations or anesthesia 

visits before the operation of the patient; or 

pushing inpatients for blood Dialysis treatment, 

receiving emergency treatment medicines, 

transferring specimens, and related operations 

such as respirators, oxygen cylinders, and other 

Equipment or items required for treatments.  

Thereupon, Figure 7 represents the transfer 

process is the application of the "Hospital 

Transfer Operating System" by the ward 

nursing station, and the dispatching method is 

based on the delivery center. The cases are 

general, urgent,or scheduled categories. The 

application event is transmitted to the service 

center to print the document. The service center 

dispatches personnel to perform the 

transmission operation build upon the priority 

of the event transmission or the application 

sequence. When the transmission staff 

completes the task, they return to the service 

center to wait for the assignment of the next job. 

 
Figure 7. HOSPITAL TRANSFER OPERATION FLOW 

 

  An ICU is an Intensive Care Unit, and CCU, 

for the most part, represents the Cardiac Care 

Unit. An emergency unit a basic consideration 

unit that concedes therapeutic and careful 

patients who are fundamentally sick or harmed, 

while a Cardiac Care Unit concedes patients 

with heart issues, generally medicinal 

cardiovascular issues. Respiratory intermediate 

care unit (RICU) ought to be practically 

incorporated with the intensive care hospital 

room, the general ICU, and the restorative or 

different wards. These units ought to be 

described by higher self-sufficiency than the 

checking units because of the more elevated 

level of care [41]. Subsequently, patients with 

intense on the incessant respiratory 

disappointment of any level of seriousness 

ought to be admitted to these units except for 

the individuals who are as of now intubated. 

Moreover, fundamentally sick patients with 

weaning issues could be admitted to the RICU. 

On the other hand, The Surgical Intensive Care 

Unit provides care for patients who have 

undergone a myriad of critical surgical 

procedures. SICU will cover of Pediatric 

Vascular, Gastrointestinal Liver, Renal, Renal-



 

Pancreas Transplantation Orthopaedics, 

Plastics, Otolaryngology, Urology Thoracic, 

Surgical Oncology, Oral Maxillo-Facial 

Obstetrics, and Gynaecological Surgery. 

Management of patient trauma is essential, and 

this treatment is carried out at the trauma care 

centre plus (TNCU).  

Traumatic patients need airway evaluation and 

management, respiratory support, handling of 

bleeding cases, rapid, swift.  Patients who come 

to the emergency unit must go through triage, 

which is the process of evaluating the patient's 

condition to determine the emergency level. 

Patients will be treated according to the 

category of triage, videlicet, triage one, patients 

with conditions that are life-threatening or loss 

of limb function and require immediate action 

or intervention with a waiting time of 0 

minutes.  

Then, triage two is a patient with a non-

life-threatening condition, but has a potential 

threat to limb function and requires prompt 

medical intervention or action with a waiting 

time of 0-5 minutes. Triage three are patients 

with acute conditions, but not urgent (mostly 

stable), there is no potential to experience 

worsening, and do not require immediate 

medical intervention or intervention with a 

waiting time of 5 to 15 minutes. NICU stands 

for neonatal intensive care unit is an intensive 

care room in the hospital that is explicitly 

provided for newborns who experience health 

problems [42].  

Generally, babies are placed into the 

NICU room in the first 24 hours after birth.  The 

length of stay in the NICU room varies, 

depending on the condition of each baby. The 

more serious the health problem is experienced, 

the longer he will be in the NICU room. There 

are many reasons why babies need to be cared 

for in the NICU room but aim to get the child 

under intensive supervision and care. The 

NICU room is a sterile area that cannot be 

entered by just anyone. Each hospital has a 

different blueprint regarding the number and 

hours of parents visiting the NICU room. 

However, all hospitals must provide soap or 

hand sanitizers to ensure that visiting guests are 

sterile. In general, NICU room conditions are 

tranquil because the babies in it are susceptible 

to sound and light. The babies in the NICU 

room are usually in the incubator to keep their 

body temperature stable. In terms of hospital 

delivery business, it is roughly divided into 

first, patient escort: during the patient's medical 

treatment process, the patient is pushed for 

examination, surgery, kidney dialysis or related 

treatment. Additionally,  Non-patient 

transmission: similar transmission of 

specimens, drugs, blood, documents, medical 

records or medical supplies. 

 This research transmission business is aimed at 

the business of front-open patient escort and 

non-patient transmission.  According to the 

different work attributes of each ward, medical 

department or operating unit, the required 

human resources are divided into four 

categories, and various types of human 

resources are ordered according to their 

complexity or danger. 
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