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Project Abstract 

Digitalization in healthcare has led to the increasing 

use of digital medical systems in the Intensive Care 

Unit (ICU). They generate a large amount of data, 

such as the vital signs of patients, the blood gas 

analysis results, and the medication that a patient 

receives. This data can be analyzed using machine 

learning and data analytics techniques to help 

clinicians identify clinical deterioration in patients 

earlier and determine if a patient's treatment is 

working. However, due to the lack of industry 

standards, the data format from the medical 

systems differs between different manufacturers. 

This issue makes it hard to employ machine 

learning and data analytics techniques on the raw 

data since they often require the input data to be 

structured. A solution would be to create a generic 

data processing pipeline capable of producing 

structured data from data in different formats in 

terms of the data type, data value unit and the data 

frequency. This project aims to build such a pipeline 

by focusing on data from medical systems in the 

ICU. Moreover, the project also strives to 

implement a visualization system capable of 

visualizing both the raw unstructured data and the 

final structured data to better inform the clinicians 

on how the data is processed. 

 

 

Background and Motivation 

Motivation - Clinical deterioration can occur to a 

patient in a hospital at any time. The risk of clinical 

deterioration is even greater for patients that have 

just been operated on. These patients require 

constant monitoring to detect complications from 

the surgery or the onset of clinical deterioration. In 

order to achieve this, they are placed in a critical 

care ward, i.e. Intensive Care Unit (ICU), where 

clinicians constantly monitor their health condition 

and provide care to them during their entire stay. 

In the ICU an ever increasing amount of digital 

medical systems are deployed to assist the 

clinicians in their work. An example of such a 

system is the bedside monitor that measures the 

vital signs of patients. It is capable of operating 

around the clock, and is built with alarms that 

trigger when the vital signs of a patient exceeds a 

predefined threshold provided set either manually 

by clinicians or by manufactures based on large 

scale studies. While this reduces the need for 

clinicians to be constantly present at a patient's 

bedside, the use of a predefined threshold to 

trigger alarms is not a robust method to do so. The 

normal ranges of a patient's vital signs can vary 

greatly from one patient to another due to the 

physiology of the patient. This can easily result in 

multiple false alarms, which in turn lead to alarm 

fatigue [4]. 

A solution to the aforementioned problem is to 

build an intelligent system that adaptively adjusts 

the threshold of the alarms based on the physiology 

and underlying health condition of the individual 

patient (personalization). This can be done by using 

machine learning and data analytics techniques to 
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analyze data generated from the bedside monitor 

and other digital medical systems such as the 

electronic perfusor that regulates the medication 

provided to the patients and the blood gas analyzer 

that analyzes blood gas, pH and electrolytes in 

blood samples [5]. However, before the raw data 

from the systems can be used for analysis, they 

need to be processed into structured data first. This 

is because the data format, which includes the data 

type, data frequency and data value unit, from the 

devices are determined by individual 

manufacturers due to the lack of industry 

standards. 

Therefore, this work aims to develop a processing 

pipeline that creates structured data using the raw 

data generated by the medical devices. More 

specifically, they are two main objectives in this 

work. Firstly, this work tries to develop a concept 

for a structured data format that can be used 

robustly for machine learning and data analytics 

models. Secondly, this work tries to develop a 

visualization system that allows a user to easily 

navigate and inspect the structured data.  

Background - There exist research works in the 

literature on analyzing the data generated in the 

ICU for tasks such as predicting patient mortality, 

estimating the length of patient stay, and predicting 

the onset of a certain clinical deterioration (i.e. 

kidney failure) [8,9,10,11,12,13]. 

A common challenge that these works encounter is 

how to process the raw patient data. Unlike the 

structured data in other computer science fields 

such as images in computer vision or sequences of 

words in natural language processing, the raw 

patient data does not come in a structured data 

format and suffers from the following three main 

issues that makes it unsuitable for data analysis 

purposes. Firstly, the data consists of different 

measurements that are taken at different 

timestamps which can range from every 5 seconds 

to once every few hours. Secondly, the patient data 

is not always complete, meaning that a significant 

amount of measurement values can be missing. 

This can pose a problem for models that expect 

constant data streams as input. Thirdly, the data 

may contain duplicate, redundant or even 

unreliable information due to the information 

being manually recorded by the clinicians. 

There are works that attempt to tackle these issues 

by developing their own data preprocessing 

pipelines [12,13]. However, these pipelines often 

focus only on the frequently recorded time series 

data and are built for a specific dataset [M3]. Unlike 

previous works, we would like to develop a generic 

data processing pipeline that is able to process a 

wide range of data and can be easily extended to 

include new forms of data. For this work we will be 

focusing on two large-scale public ICU datasets, 

eICU [1] and MIMIC-IV [2]. Additionally, we might 

also look at a recently published dataset, HIRID [3]. 

 

 

 

 

Student’s Tasks Description 

A general outline of the student’s tasks is as follows: 

 Literature review on SOTA works  working on 

ICU data [8,9,10,11,12,13], with a focus on the 

strategies used to preprocess raw ICU data. 

 Develop a pipeline concept to process 

unstructured raw ICU data [1,2] (opt. [3]) into 

structured ones. The works in [6,7,12,13] can 

be used as references. 

 Implement the concept pipeline in Python. 

The pipeline should ideally be compatible with 

the framework in [7]. 

 Implement a visualization tool to intuitively 

visualize the processed data. 

 Write a final technical report/documentation. 

 Present the concept and implementations.  

 

This work allows the student to have an insight into 

the patient data that is collected and used by 

clinicians in the ICU to monitor and treat patients. 

Moreover, the student will have the opportunity to 

understand the complexity and challenges of 

working with real world data for ML projects, which 

is often not covered in ML courses.  
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Technical Prerequisites 

 Intermediate or advance programming 

experience with Python3. 

 Basic knowledge on database (SQL). 

 (Optional) Experience using one or more of 

the following python libraries: Matplotlib, 

Plotly, OpenCV, scikit-learn. 
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