Predicting Length of Stay in

(NICU)

Supervisor : Dr Aynaz Nourani

Presented by : Bita Almasi

2222




Table of Contents

Neonatal Intensive Care Unit

- Definition and Role of NICU
- Main Roles of NICU

- Reasons for Neonatal Admission to NICU

Length of Stay Prediction
- Definition of Length of Stay
- Challenges
- Factors Affecting Length of Stay in NICU
- Impact and Importance of

. LOS Prediction

Decision Support Systems (DSS)

- Definition of Decision Support Systems (DSS)
- Types Of DSS in NICU

- Types of DSS Based on Rule-Based Approach

- Traditional Statistical Models in NICU

Machine Learning

- Machine Learning Algorithms Used in NICU
- Deep Learning Algorithms Used in NICU

Article

- 5 related articles




Definition and Role of NICU
(Neonatal Intensive Care
Unit)

A specialized hospital unit providing intensive

medical care for premature, low-birth-weight, or

critically ill newborns.




Main Roles of NICU

Continuous monitoring of vital signs using advanced equipment (ventilators, phototherapy).

Providing appropriate feeding through feeding tubes, breastfeeding, or a combination.

Treating common issues like apnea, jaundice, infections, and respiratory problems.

Offering education, counseling, and emotional support to parents facing stress and anxiety.



Reasons for Neonatal Admission to NICU

Congenital Anomalies (Heart Defects, NEC, etc.)
10%

Prematurity & Low Birth Weight

Infections (Sepsis, Pneumonia, GBS) 45%

12%

Respiratory Distress (RDS, TTN, MAS)
25%
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Length of Stay (LOS) prediction refers to the process of

estimating the duration a patient will remain hospitalized,

especially 1n intensive care units like NICU.

It 1s a critical factor for healthcare planning, resource alloc:

and 1mproving patient outcomes.



Why is LOS Prediction Challenging?




Challenges

Patient Variability Complexity of Medical Data

Differences 1n :_gatient Diverse sources (Vital signs,
conditions, such as prematurity, lab results, medical history)
birth weight, make data integration difficult.

and congenital disorders.

Limited Data for Rare Conditions

Unpredictable Complications

Sudden infections or other Insufficient data for accurate

medical 1ssues can prolong predictions 1n uncommon

stay. cases.



Factors Affecting Length of Stay in NICU

Clinical Factors Non-Clinical Factors

Birth Weight

Resource Availability

Gestational Age .

Hospital Protocols

Underlying Conditions '

Socioeconomic Status

Complications During Birth .

Geographical Factors




Impact and Benefits of
LOS Prediction

o
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Resource Management: Treatment Planning: Parental Satisfaction

*  Optimized Staffing * Personalized Care Plans * Clear Expectations

* Efficient Bed Management  Early Identification of High-Risk Cases * Reduced Anxiety

* Cost Control » Enhanced Coordination * Improved Communication



The Role of Data and Artificial
Intelligence in Healthcare and LOS

Prediction

O

Benefits of AI in LOS Prediction

* Electronic Health Records * Predictive Modeling * Improved Accuracy
* Real-Time Monitoring * Risk Stratification * Time Efficiency
* Data Integration * Automated Decision Support * Enhanced Patient
* Natural Language Processing Outcomes
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Traditional Statistical Models in NICU

Linear Regression

Predicting continuous
outcomes such as birth weight

or length of stay in the NICU.

Logistic Regression
Predicting the likelihood of a

neonate developing a specific

condition (e.g., sepsis)

Poisson Regression

Predicting the number of

complications or infections in

the NICU.
Cox Proportional Hazards

Estimating the length of stay in NICU

or the time to a specific clinical event.






Definition of Decision Support Systems
(DSS)

A Decision Support System (DSS) is a
computer-based system that supports
healthcare professionals in making
informed clinical decisions by analyzing

complex medical data.




Definition of Decision Support Systems
(DSS)

Components: Benefits:

Data Management: Collects and stores patient data Improved Accuracy: Reduces diagnostic errors.
(EHRs, lab results, imaging). Time Efficiency: Speeds up decision-making.
Model Management: Utilizes algorithms Personalized Care: Recommends treatments based on

(Al, machine learning) for data analysis. patient data.

User Interface: Provides a user-friendly interface for

healthcare providers.



Types Of DSS

Knowledge-Based Systems Non-Knowledge-Based Systems

Rely on medical guidelines and Use machine learning to generate

expert knowledge. insights




Types of DSS Based on Rule-Based Approach

@ Rule-Based @ Non-Rule-Based

Operate using predefined rules and Use data-driven methods, including machine

clinical guidelines (IF-THEN logic). learning and Al, rather than fixed rules.

Example: "IF body temperature > 381C, Example: Predicting the risk of sepsis in

THEN suggest antipyretic medication." neonates using a neural network.

Advantages: Transparent, easy to Advantages: Can learn from data and improve

over time.

understand and modify.

Limitations: Limited to predefined rules, Limitations: May lack transparency (black-box

may not adapt to new conditions. nature).




Types of DSS Used in NICU

Types Definition Example
Clinical Decision Support Systems Provides diagnostic and treatment Suggesting antibiotic therapy for
(CDSS) recommendations based on patient suspected neonatal sepsis
data
Monitoring Decision Support Analyzes real-time vital signs to Detecting respiratory distress or
Systems detect abnormalities (heart rate, apnea in neonates.

oxygen saturation).

Predictive Decision Support Systems Predicting the risk of prolonged
Utilizes machine learning models to NICU stay for a premature infant.
forecast outcomes (length of stay,
complications).

Medication Management Systems Recommends safe dosages of Adjusting antibiotic doses for low
medications based on weight, age, birth weight infants.
and health status.

Parental Guidance Systems Educates and supports parents with  Interactive apps providing feeding
neonatal care instructions. and hygiene guidelines for parents.
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Machine Learning Algorithms Used in NICU

Random Forest
Predicting length of stay, risk of

complications, and disease

classification.

Support Vector Machine
Classifying neonatal conditions

(sepsis, respiratory distress)

XG Boost

Predicting patient outcomes,
disease risk, and NICU stay

duration

K-Nearest Neighbors

Predicting patient conditions based

on similarity with historical cases.
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Deep Learning Algorithms Used in NICU

Long Short-Term Memory

Predicting time-series data such as
patient vitals (heart rate, oxygen

levels) over time

CNN

Analyzing medical images like
X-rays, ultrasound scans, and CT

SCANs

Artificial Neural Networks
Predicting neonatal outcomes
like mortality, complications,

and length of stay

Generative Adversarial Networks

Data augmentation for rare

conditions, synthetic medical data

generation.
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To predict the length of stay (LoS) for neonates in
NICU using machine learning algorithms for better

resource and staff planning.

- Retrospective study on 453 NICU patients in
Turkey.

- Used 12 prenatal and clinical features from
epicrisis reports.

- Applied multiple classifiers (RF, CatBoost,
XGBoost, etc.).

- Developed a two-stage hybrid model CF-LoS using

Voting Classifier.

- Random Forest achieved the highest accuracy:
97.7 %,

- Soft Voting Classifier reached 96.3% accuracy and
AUC: 0.947.

- LoS prediction supports NICU resource

management and patient admission decisions.
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To develop a robust and simple model for predicting
NICU length of stay (LOS) for preterm infants using

data available on the first day after birth.

Data: 5,263 preterm infants from one NICU and 8,858
from another for external validation.

Techniques: Quantile Regression, Random Forest,
XGBoost, and variable selection methods

(LASSO, AIC, FDR).

Focused on a simplified model using only 4 features
(GA, BW, APGAR, Sex).

Validated using 10-fold CV, test set, and external data.

- MAE: 6.26 days (internal), 6.04 days (external)

- R2: 0.76 on external data

- Model is accurate, stable, interpretable, and
accessible via an online tool (calculLOS).

- Outperformed existing LOS prediction models in

early prediction.
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To develop and validate a web-based CBR system for
predicting neonatal survival and length of stay (LOS)
in NICUs.

Dataset: 1,682 neonatal cases with 17 variables (mortality)
and 13 variables (LOS)

Model: K-Nearest Neighbor CBR system

Internal validation (336 cases), external validation (92 cases)
Usability and acceptability tested in a real hospital

environment

Survival prediction:

Accuracy: 97.02% (internal), 98.91% (external)
F-score: 0.984 — 0.993

LOS prediction:

RMSE: 4.78 days (internal), 3.27 days (external)
Usability score (SUS): 80.71

High physician acceptance and trust in system predictions
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Predict hospital length of stay (LOS) in VLBW preterm
infants using machine learning.

Compare performance of different ML algorithms.

Retrospective cohort of 3519 infants from Taiwan
Neonatal Network (2016-2018).

21 clinical features used.

Outcome: continuous (LOS) and categorical (late vs.
non-late discharge).

Algorithms: Linear Regression, MLP, SVM, KNN,
REPTree, Random Forest.

10-fold cross-validation.

- Median LOS: 61 days.
- 59% of deaths occurred within first 7 days.
- Poor performance for continuous LOS (R?2 < 0.6).
- Best classification performance:
- Logistic Regression (AUC: 0.724)
- Random Forest (AUC: 0.712)
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Develop an interpretable dynamic model to predict

remaining LOS in NICU

Used EMR data of 4624 discharges (2008-2015).

Built dynamic survival models with Random Survival
Forest (RSF).

Involved neonatologists to define health variables.

Rolling predictions based on daily updates.

Test R? > 0.8 after 55% of patients discharged.
Outperforms AFT and LSTM models.

AUC > 0.88 for 7/14/30-day discharge prediction.
Key predictive features: gestational age (day 0),
feeding and respiratory status (day 7/14).

Enables census prediction and real-time resource planning.







