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Abstract—Rescue stations around the world receive millions
of emergency rescue calls each year, most of which are due to
health complications. Due to the high frequency and necessity of
rescue services, there is always an increasing demand for quick,
accurate, and coordinated responses from rescue personnel to
save lives and mitigate damage. This paper introduces a rescue
health management software solution designed to improve the
efficiency and effectiveness of rescue situational awareness by
rapidly assessing the health status of emergency patients using
AI-driven decision support systems. The novelty in this software
approach is it’s user-centered design principles to ensure that its
solutions are specifically tailored to meet the unique requirements
of emergency responders. It used pre-trained machine learning
models with rescue data and accepted new patient’s input data
to provide a probability of the major health complications so
that rescue personnel can expedite treatment plan following
the outcome. The paper focuses primarily on the software
development and implementation steps with three use cases, while
also providing a short overview of the previous machine learning-
based development phases.

Index Terms—Artificial intelligence, health software, machine
learning, rescue management, smart health

I. INTRODUCTION

Rescue emergencies are generally quite strenuous and chal-
lenging because they deal with human lives in a situation
where it is difficult to accurately assess the health status of a
distressed patient due to personal and work limitations. Often
rescue personnel face high levels of mental and physical stress,
trauma, and emotional stress during rescue operations, espe-
cially when dealing with injured and vulnerable victims. This
certainly impacts their decision-making abilities and overall
well-being. Time, the main constraint in such rescue situations,
also plays a vital role in decision making. Therefore, it is
necessary to recognize relevant situations, i.e., health compli-
cations of the rescue patients on site, and to take appropriate
first aid measures. To help rescue personnel identify the health
complication of a patient in such stressful situations, a machine
learning (ML) based software solution can be provided that
can save time and improve care management. The principal
advantage of using ML in healthcare is its ability to analyze
large amounts of data in a short period of time to provide a
quick diagnosis.
Artificial intelligence techniques ranging from machine learn-
ing to deep learning are widely used in health care for disease

diagnosis, treatment path recommendation, and patient health
management. Machine learning (ML) algorithms, for example,
support vector machine (SVM), K-nearest neighbors (KNN),
extreme gradient boosting (XGB), etc. are widely used in the
prognosis of diseases like skin cancer, diabetes, epilepsy, and
others [1]. The purpose of using artificial intelligence in the
modern health sector is to reduce the workload of physicians,
minimize errors and diagnostic times, and improve perfor-
mance in the prediction and detection of various diseases.
In this paper, we discuss a software solution developed with
multiple ML algorithms that can provide a quality health
diagnosis so that the treatment path can be expedited. The
data used to develop the AI algorithms were obtained from the
Rescue Station in Siegen-Wittgenstein. Although the detection
precision achieved through AI algorithms is quite significant,
it should be mentioned that the experience of physicians in
diagnosing such complications is undeniable [2]. The inter-
pretability of AI-driven disease recognition systems can pose a
challenge, as the algorithms may lack transparency in decision-
making processes, making it difficult for healthcare providers
to understand and trust algorithmic output [3]. Therefore, the
software developed in our study is intended to assist rescue
teams in their decision-making process, rather than serving as
the primary solution. The focus was to design reliable and
robust software that can consider dynamic changes in patient
health data and support decision-making.
The structure of the rest of the manuscript is as follows.
Section II presents a meta-analysis of the current research,
methods, and techniques by various authors. Section III covers
the organization and management of the raw rescue data
obtained from the rescue station. Section IV briefly discusses
the machine learning algorithms employed to create the detec-
tion model. The significance of health management software
is discussed in Section V. The section also explains the
requirement analysis of the software developed in our research.
The design steps of the software and its implementation
process are analyzed in Section VI. To assess the impact and
performance of the software, Section VII provides examples
of use cases. Finally, Section VIII concludes with a discussion
of the existing challenges and future possibilities.
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II. LITERATURE REVIEW

Health management software to support rescue personnel
identify the correct health complications is unique research and
novel in this field. From our exploration, we have found plenty
of medical research on developing ML-based software for
disease identification and care management. However, we dis-
covered that although machine learning has been successfully
applied in various scientific domains of health management,
including the detection of health complications, its importance
in aiding emergency rescue patients remains under explored.
The type of data that we are utilizing to develop the software,
namely rescue data, is unprecedented and novel work in this
research field.
We found some important studies highlighting the potential
of machine learning algorithms in predicting complications,
mortality rates, length of hospital stays, and overall health im-
provement [4]–[6]. The researchers have used ML algorithms
in different healthcare specialties, including ophthalmology,
dentistry, and prosthodontics, demonstrating their versatility
and effectiveness in care management. Machine learning has
been found to be particularly significant in the diagnosis
of metabolic diseases like diabetes or in the prediction of
stroke based on early patient analysis and the integration of
various data sources like clinical symptoms, laboratory tests,
genetic information, and imaging results [7], [8]. Our previous
studies [9], [10] on predicting cardiovascular and respiratory
complications in emergency patients demonstrated a precision
that exceeded 90% with XGB as it was found to be the
model with the best performance. There are other significant
healthcare studies similar to ours showing ML, in particular,
the XGB model demonstrating an accuracy greater than 90%
for neurological or cardiovascular diseases [11], [12].
The significance of health management software is well recog-
nized with the advancement of deep learning algorithms. Many
of these software are capable of analyzing electroencephalog-
raphy or electrocardiography signals, radiography, X-rays, or
CT scan images to detect the actual condition of a patient [13],
[14]. Yang et al. [15] had provided a conceptual overview on
how integration of machine learning and deep learning-based
health care system promises to deliver precise prognostic pre-
dictions for diseases like COVID-19, thus improving physician
decision making.

III. RESCUE DATA MANAGEMENT

The data used in this research were collected through a
KMU-Innovativ research project-‘KIRETT’ from Germany
where the aim was to detect rescue situations to expedite
treatment path of patients. The Siegen-Wittgenstein rescue
station provided these data for research purposes, which was
recorded from January 2012 to August 2021 in various res-
cue scenarios in the city of Siegen, Germany. The data set
contains anonymous information on 273,183 previous rescue
events, each identified with various health complications and
comprising more than 452 unique attributes. The rescue cases
represent the history of rescue operations for different patients
suffering from various complications. Each case was recorded

with information-like rescue protocols used, the location of
the rescue events, the clinical record of the patients, the health
prognosis, vital signs, the initial impression of the rescuers and
the treatment performed.
The data from the rescue station was recorded in an emergency
environment where the collection of information is quite diffi-
cult and sometimes gets distorted. Hence, it was not surprising
to find misspelled text information, and abnormal values of
health vitals like blood glucose, respiratory rate, pulse rate, etc.
It initiated the need to perform data preprocessing techniques
to make the data usable for machine learning applications.
The following preprocessing steps were considered to make
the raw data usable:

• Data Integration: More than 80 rescue files were ob-
tained from the rescue station, each containing unique
information about patients involved in similar rescue
incidents. Using the case number as the data key, these
files were merged to make a unique database containing
all the information from a single rescue event.

• Data Reduction: The rescue data set contained 452
columns, in which many of those columns did not contain
any significant information. Some columns had duplicate
statistics, which were removed or unified. Finally, 380
columns were left to be used for the next process.

• Data Filtering: There was a lot of misspelled and am-
biguous information in the database which was filtered
through multiple steps. Firstly, the health vital informa-
tion was checked through the Interquartile Range(IQR)
using python. It identified all rescue cases with outliers
that were later replaced with the average value of the
respective health vital calculated from the database. Cor-
recting textual information was challenging due to the
size of the data and identifying whether the data should
fall under a misspelled category or acronyms used due
to a lack of time. Eventually, parsing the data was not
the only solution. So, Microsoft Excel data processing
techniques like filtering and sorting and natural language
tool kits in Python were utilized to unify similar words.

IV. ALGORITHM DEVELOPMENT

Machine learning algorithms are a state-of-the-art technol-
ogy used to aid medical professionals in the early detection of
diseases or identifying health complications to assess the risk
and prognosis of the disease [16], [17]. The health manage-
ment software presented in this paper is also developed with
ML as it’s core in diagnosis of the major health complications
observed in rescue record: Cardiovascular, Respiratory, Neu-
rological, Psychiatric, Abdominal, and Metabolic. As machine
learning is not the main focus of this paper, only a short
overview of the development steps are given below.

• Feature Selection: The plan was to develop individual
ML models for each major health complication. So, for
each ML model, we had to identify compatible features to
prepare the training data. To select the initial features of
a health complication detection model, we discussed with
medical professionals and conducted our own research to



identify which of these features are related to a health
complication. Not all relevant features were available in
the data set. In addition, some features were extracted
from textual information using natural language process-
ing tool kits and later converted to categorical features.

• Selection of Algorithms: Based on our findings on state-
of-the-art research [18], [19], we selected seven algo-
rithms like Extreme gradient boosting (XGB), Support
vector machine (SVM), Random forest (RF), K-nearest
neighbor (KNN), Naive Bayes (NB), Logistic regression
(LR), Artificial neural network (ANN) with 2 hidden
layers. All models were developed as a binary prediction
model.

• Feature Optimization for the Individual Model: Not
all features are suitable for a machine learning algorithm
in terms of achieving the highest accuracy. So, the recur-
sive feature elimination with cross-validation (RFECV)
technique was applied to identify these trivial features
and remove them. For the algorithms where RFECV is
ineffective, we checked the feature importance score and
correlation values to eliminate unnecessary features. The
finally selected features contained information as follows:

– Health vitals: Blood pressure, Respiratory rate, Cir-
culation state, Mean arterial pressure, Body tem-
perature, SpO2, Blood glucose, Pulse rate, Glasgow
comma scale value

– Pre-illness information
– Health abnormality symptoms pertained to certain

complication
– Neurological disturbances
– Patient’s intoxication with drug or alcohol

• Hyperparameters Tuning: To find a set of optimal
hyperparameters that can tweak the model performance,
we chose ‘Grid Search’ and ‘Random Search’ tuning
algorithms. For ANN algorithms, we also used ’Hy-
perband’ and ’Bayesian Optimization’ and then passed
combination of specified hyperparameters to choose the
best one. The purpose of tuning was to maximize the
model’s performance without overfitting, underfitting, or
creating a high variance.

• Model Training and Evaluation: The next step was
to train the ML models for each complication to find
the model that delivers the best performance. Individual
training data for each complication were prepared with
output labels 1 and 0. 1 indicates whether a feature vector
in the training data corresponds to patients, and 0 for
non-patients. The evaluation criterion considered to judge
their performance was precision, accuracy, and recall.
After testing the algorithms with an unknown test set,
we found that, as expected, the XGB model delivers the
best performance for all six complications. In Table I, the
detailed results of the XGB models for each complication
are provided.

Although XGB model displays the best performance, we also
considered deep learning model like artificial neural network

TABLE I: PERFORMANCE OF XGB MODEL FOR SIX MAJOR HEALTH
COMPLICATIONS

Health
Complicatrion

Precision Accuracy Recall

Cardiovascular 98.51% 96.66% 94.22%

Respiratory 93% 92.55% 91.57%

Neurological 84.2% 85.93% 87.99%

Psychiatric 89.63% 87.81% 87.07%

Abdomen 93.48% 93.42% 94.34%

Metabolic 86.41% 86.86% 81.04%

in our software due to its capability of modelling biological
system with big data and fast learning of new data [20].

V. RESCUE HEALTH MANAGEMENT SOFTWARE

Rescue health management software is a subset of health
management software that focuses on supporting rescue per-
sonnel to identify a patient’s health situation and expedite
the treatment path. The health management software used by
clinical institutes or hospitals is nothing more than a com-
bination of specialized digital tools or platforms designed to
improve various aspects of healthcare delivery, such as patient
care, administrative tasks, and data management. Currently,
many medical organizations are also using it as a clinical
decision support system to support healthcare providers in
quickly accessing patient information, monitoring treatment
plans, and tracking health outcomes, which ultimately leads to
improved patient care and treatment results [21]. The software
developed in this research is expected to play an important role
in emergency events by providing a comprehensive decision
support system that can minimize the risk of errors associated
with manual decision-making for situation recognition.

A. Requirement Analysis

Software requirements are specifications that define the
functionalities, constraints, and attributes of a software system.
According to IEEE, the requirements are like feature or non-
functional constraint that the software must provide to fulfill
the needs of users and other stakeholders [22]. Some of
the common software requirements we found relevant to our
software are:

• Functional Requirements: Identify the components and
methods that are necessary for the software. The require-
ment must describe the interactions between the system
and its environment, independently of their implementa-
tion process.

• Non-Functional Requirements: These requirements
specify the characteristics of the system, including per-
formance, usability, reliability, flexibility, and scalability.
The performance of the software can be verified with two
criterion: response time and the ability to interpret the
outcome of machine learning algorithms apprehensively.

• System Requirements: These requirements are to ensure
that the software is compatible with smart devices and
operating systems used by rescue personnel.



• User Requirements: The most important requirement is
intended for specific users, i.e., rescue personnel. The
software should be designed considering rescue situa-
tions, the rescuers’ work procedure, and the environment.
It should not add additional responsibility; instead, it
should shorten the work load with quality improvement.

VI. SOFTWARE DESIGN AND IMPLEMENTATION

The software was developed using Python version 3.11
and Pycharm interactive development environment(IDE) in
windows operating system. The Python object-oriented pro-
gramming paradigm was utilized, which is basically a com-
puter programming design philosophy or methodology that
organizes or models software architecture around data or
objects, rather than functions and logic [23]. Python project
template cookiecutter was used and customized to design the
high-level template of the software architecture [24]. For low-
level design, the classes and methods intended to integrate the
ML algorithms and required test data were outlined in a virtual
environment. The complete software architecture can be seen
in Fig. 1.
The SW architecture is defined with four main blocks. The
data storage block contains six test case data with each
having 32 health characteristics of the patients. The features
represent patient’s health vitals, pre-illness information, injury
or trauma, any communication or consciousness disorder, or
presence of complication-specific abnormal signs. As the test
data cannot be used directly to test the algorithms rather need
to be preprocessed like converting to tensors for PyTorch
model or scaling, the Data Modification block was designed.
A method for modifying the health vital information of the

Fig. 1: Rescue Health Management SW Architecture to Predict Probability of
Health Complications

test data is also defined in this block. The method will adjust
the health vital according to user preferences and evaluate the
impact of these changes on the performance of the ML models.
ML-algorithms block saves all the models i.e. ANN models
and best performing XGB models that have been created for
each complication. The ANN models were created using both
the Keras and PyTorch frameworks to flexibly support future
deployment at different hardware platforms. Another sub-
block in that block was the ’PredictionModel’ which is the soul
of the software and runs the major operations i.e., predicting
test data modified from the DataModification block using the
savel ML algorithms. The Test & Evaluate block contains a
software test script and is intended to present the prediction
results in a structured manner, making it easier to comprehend
the software output and decide on subsequent steps. When test
data are provided as input to the ML algorithms, this block
displays the probability percentage of the six complications
derived from the algorithms. If a user wants to implement
the software, the following procedures are required to be
performed:

• Run the file ’Demonstration.Py’ through Python terminal.
It will ask for the test file where the use cases were saved.

• Select the test file and a test case
• An option will be provided to the user if a change in test

data is intended. The user needs to type yes or no based
on his requirement.

• If yes was selected in the previous step, the program will
ask how much deviation in percentage is intended

• Finally, the software will show the percentage probability
of each complication for the selected test data. The
probability outcome will be displayed for both Keras and
Pytorch models. If modification was done, then the results
based on modification will also be displayed in parallel.

During the software design phase, after defining the classes
and methods, each of them was carefully tested so that any
flaw can be identified at the beginning. Detecting issues in the
primary stage helps developers minimize the chances that these
issues will be affected in later phases. Furthermore, tackling
and fixing problems early is simpler, more economical, and
reduces the need for redundant work [25], [26].

VII. SOFTWARE TESTING AND EVALUATION

Software testing is a significant approach in the software
development lifecycle that ensures the successful functionality
of a software program. It involves verifying and validating
that a software application is free of bugs and meets the
functional, non-functional, and user requirements set at the
planning phase without any contrast. For the proposed health
management software, a testing environment is established to
assess its performance according to the requirement analysis
detailed in Section V-A. In this study, three randomly chosen
use cases will serve as test data to assess the effectiveness
of the software. The data of the use cases, as can be seen in
Table II, were extracted from the original rescue events with
the diagnostic information of the rescue personnel and not
used during the training of the ML models.



TABLE II: PATIENT DATA FROM USECASES

Patient Data Usecase 1 Usecase 2 Usecase 3
Respiratory rate 18 12 11
Blood pressure 145/91 142/85 132/82
Arterial pressure 104.4 104 99
Pulse rate 105 106 83
Blood glucose 124 139 105
SpO2 97 100 86

Observation

Chest pain

Respiratory ok

No injury

Mentally fit

Conscious

Not alcoholic

No Chest pain

Respiratory ok

No injury

Abdominal pain

Pre-abdominal
illness

Mentally unfit

Conscious

Not alcohlic

No Chest pain

Respiratory low

Head injury

Mentally unfit

Conscious poor

Head discomfort

Pre-neurological
illness

Alcoholic

A. Use-Case 1

Original diagnosis: Unexplained chest pain - Cardiovascular
complication.

The outcome of the XGB and ANN models in Table III
suggests that the patient is experiencing a cardiovascular
complication. The patient had chest pain, which was the
deciding factor. The second highest probability is for res-
piratory complications, as respiratory-related chest pain is a
common symptom and can suggest a serious or potentially
life-threatening condition [27].

B. Use-Case 2

Original diagnosis: Appendicitis, cyst on the right - Abdom-
inal complication.

As can be seen in Table IV, the models suggested that the
patient had abdominal complications that matched the original
diagnosis of the rescue personnel. The deciding factor was the
presence of abdominal pain which was diagnosed as appen-
dicitis. The patient also had a history of abdominal disease.
The other probabilities were not high enough, except for the
outcome of the PyTorch model for metabolic complication.
Because, during training period, the model found a close

TABLE III: HEALTH COMPLICATION PROBABILITY PREDICTION FOR USE
CASE - 1

Complication
Probability

XGB
(%)

Probability
Keras
(%)

Probability
Pytorch

(%)
Cardiovascular 95.3 100 98.94
Respiratory 70.76 66.18 76.81
Neurological 8.15 13.86 9.61
Psychiatric 7.28 18.8 18.07
Metabolic 7.02 2.92 12.32
Abdominal 5.9 9.93 15.35

TABLE IV: HEALTH COMPLICATION PROBABILITY PREDICTION FOR USE
CASE - 2

Complication
Probability

XGB
(%)

Probability
Keras
(%)

Probability
Pytorch

(%)
Abdominal 83.3 74.43 65.94
Cardiovascular 41.09 28.24 47.5
Respiratory 25.41 27.63 27.87
Psychiatric 20.34 32.23 34.56
Metabolic 10.26 38.41 63.24
Neurology 8.15 13.86 9.61

relation of abdominal diseases with metabolic complication.
Although, the patient was not fit mentally, the models showed
a low probability of psychiatric complication as the other
symptoms did not suggest that.

C. Use-Case 3

Original diagnosis: Suicidal tendency - Psychiatric com-
plication. Differential diagnosis: Laceration, Craniocerebral
injury - Neurological complication.

The patient in case 3 was mentally ill with poor con-
sciousness. The patient was also found to be alcoholic during
rescue showing signs of mental instability. In addition, the
patient had an accident that caused a serious head injury.
The outcome obtained from Table V shows that the patient
should be treated first for neurological complication, which
is justified because the patient complained of head discomfort
and the head injury should be prioritized. Moreover, the patient
had a history of pre-neurological illness. An important insight
into the outcome suggests that although the patient had a
low respiratory rate and oxygen saturation, the probability
of respiratory complication is not very high. According to
Goldman et al. in [28], patients with neurological injuries
frequently exhibit irregular breathing patterns that can hinder
oxygen from entering the bloodstream.
Patient data taken in rescue events often show dynamic char-
acteristics because health vitals are generally not stable and
change over time. So for use case-3, the data were modified
by a 20% increase in health vital values. The results can be
shown in Table VI which is similar to the unmodified data
indicating that our models were reliable and robust. Based on
our research, we also discovered that robustness is attributed to
machine learning algorithms that generate output considering

TABLE V: HEALTH COMPLICATION PROBABILITY PREDICTION FOR USE
CASE - 3

Complication
Probability

XGB
(%)

Probability
Keras
(%)

Probability
Pytorch

(%)
Neurology 99.32 99.09 99.6
Psychiatric 84.29 96.23 89.99
Abdominal 23.77 22.09 8.76
Metabollic 21.78 52.79 74.49
Cardiovascular 18.87 0 44.38
Respiratory 11.8 15.52 27.87



TABLE VI: HEALTH COMPLICATION PROBABILITY AFTER MODIFYING
HEALTH VITAL DATA OF USE CASE - 3

Complication
Probability

XGB
(%)

Probability
Keras
(%)

Probability
Pytorch

(%)
Neurology 99.32 99.09 99.6
Psychiatric 80.98 94.82 89.78
Abdominal 5.65 22.14 9.99
Metabollic 11.57 36.5 33.45
Cardiovascular 25.46 0.01 43.33
Respiratory 49.02 14.79 27.87

not only the individual feature but also the interrelationships
between features.

VIII. CONCLUSION

The health management software we developed showed a
high accuracy for all the use cases and considered multiple
aspects in situation recognition. To work with the software
in real life events, data collection will be a critical aspect
to consider. To function properly, the software requires both
health vital data collected from sensors and categorical data
to be collected from a set of questionnaire. A comprehensive
approach can be to deploy the software in wearable devices
which may ease the data collection procedure. Also, the
approach used in the software can be further discussed with
medical professionals which in turn can improve the decision
based outcomes.
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