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Abstract

The arterial blood pressure waveform (ABPW) serves as a less invasive technique
for evaluating hemodynamic parameters, offering a lower risk compared to the
more invasive pulmonary artery catheter (PAC) thermodilution method. Various
studies suggest that deep learning models can potentially predict the hemody-
namic parameters of ABPW. However, the scarcity of ground truth data restricts
the accuracy of these models, preventing them from gaining clinical acceptance.
To mitigate this data and domain challenge, this work proposed a self-supervised
generative learning model for hemodynamic parameter prediction, called SSHemo
(Self-Supervised Hemodynamic model). Specifically, SSHemo suggests first to
leverage large amounts of unlabeled ABPW data to learn the representative
embedding and then to fine-tune for the downstream task with a small amount of
hemodynamic parameters’ ground truth. To verify the effectiveness of SSHemo,
we utilize the public available VitalDB data set to train the model, and evaluation
was conducted on two public datasets: VitalDB and MIMIC. The experimental
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results reveal that SSHemo’s regression mean absolute error (MAE) improved sig-
nificantly from 1.63 L/min to 1.25 L/min when predicting cardiac output (CO).
The trending tracking ability for CO changes meets clinical acceptance (radial
limit of agreement (LOA) is ±25.56°, less than ±30°). In addition, SSHemo
demonstrates robust stability in various conditions and cohorts, as evidenced by
subgroup analysis, varying range of systemic vascular resistance (SVR) analysis,
and rapid CO analysis, compared to the most widely used commercial devices,
the EV1000. Computational analysis further underscores the value and potential
of practical application of the model in various settings.

Keywords: Hemodynamic prediction; ABPW; self-supervised learning

1 Introduction

Hemodynamic monitoring is the study of blood flow and circulation in the body and
plays an important role in perioperative and critical care, acting as a valuable tool for
the diagnosis and management of critically ill patients [1, 2]. Among hemodynamic
variables, CO is crucial, as the precision of numerous other hemodynamic measures
depends on the precision of the estimated CO. Table 1 presents an overview of all hemo-
dynamic variables in conjunction with their respective measurement or calculation
methods.

Although CO measurement is crucial, the current gold standard in clinical set-
tings is the thermodilution method through a PAC, termed COTD [3], this approach
is invasive and involves considerable risks associated with placement, which limits its
use primarily to cardiac surgeries, liver transplants, and certain critically ill patients.
In contrast, recent advances have led to the development of minimally invasive or
non-invasive techniques such as Doppler of the aortic, pressure waveform analysis,
and bioimpedance [4]. Among these methodologies, CO derived from ABP wave-
forms (COABP ) is gaining popularity due to their lower risk of complications. This
approach is particularly advantageous, as cannulation of the radial artery is commonly
performed in surgical and ICU settings, providing easy access to the necessary data.

COABP is typically derived by modeling the dynamics between blood flow, blood
pressure, and power, based on the analysis of waveform signals. This process requires
extensive experiments to achieve calibration and determine correction factors [5–8].
On the other hand, machine learning-based models [9–12] have recently been intro-
duced for advanced time series and waveform analysis of ABPW, allowing accurate
prediction of hemodynamic parameters without a non-trivial procedure. However, data
acquisition remains necessary, particularly the COTD records, which are difficult to
obtain due to the invasive nature of the procedures involved, making data acquisition
a persistent obstacle that must be addressed. Meanwhile, as a vital signs monitor, the
ABP waveform is a common signal with widespread adoption in medical settings.

The ABPW method involves the analysis of the ABP waveform, which is based
on the modeling of the waveform and the examination of its characteristics. This
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Parameter Equation Unit
Cardiac Output (CO) Measured or SV ·HR/1000 L/min
Heart Rate (HR) Measured bpm
Systolic Blood Pressure (SBP) Measured mmHg
Mean Arterial Pressure (MBP) Measured or (SBP + 2 ·DBP )/3 mmHg
Diastolic Blood Pressure (DBP) Measured mmHg
Central Venous Pressure (CVP) Measured mmHg
Right Atrial Pressure (RAP) Measured mmHg
Pulmonary Artery Wedge Pressure (PAWP) Measured mmHg
Cardiac Index (CI) CO/BSA1 L/min/m2

Stroke Volume (SV) (CO/HR) · 1000 ml/beat
Stroke Volume Index (SI) (CI/HR) · 1000 ml/beat/m2

Systemic Vascular Resistance (SVR) 80 · (MBP −RAP )/CO dynes · sec/cm5

Systemic Vascular Resistance Index (SVRI) 80 · (MBP −RAP )/CI dynes · sec/cm5/m2

Pulse Pressure (PP) SBP-DBP mmHg
Systolic Pressure Variation (SPV) max(SBP)-min(SBP) mmHg
Pulse Pressure Variation (PPV) max(PP )−min(PP )/[(max(PP ) +min(PP ))/2] · 100 %
Stroke Volume Variation (SVV) max(SV )−min(SV )/[(max(SV ) +min(SV ))/2] · 100 %

1BSA (Body Surface Area) is used in medicine to estimate the total surface area of a person’s body.

Table 1 The measurement and estimation of hemodynamic parameters. [13, 14]

approach enables a more detailed understanding of the waveform signal, allowing the
identification of specific patterns and trends that can affect hemodynamic status.

To improve hemodynamic status prediction, it is crucial to overcome the limita-
tion of requiring a substantial amount of labeled data (gold standard: COTD). The
abundance of ABP waveforms in surgical and ICU settings, as generated by monitor-
ing equipment, presents an opportunity for analysis. Using these unlabeled data, we
can pre-train models to recognize basic waveform patterns, similar to how natural lan-
guage processing (NLP) models predict subsequent tokens based on historical context.
This approach enables models to have essential waveform recognition capabilities, thus
unlocking the full potential of ABP waveform analysis and significantly improving
predictive model performance. This method also facilitates the utilization of previ-
ously underutilized data sources, resulting in more accurate and reliable predictions
of hemodynamic status. This research work made several contributions.

• This research focuses on the use of the ABP waveform as input to forecast hemody-
namic parameters as output. To address the challenge of limited ground truth data,
this paper introduces a novel self-supervised learning approach, termed SSHemo
(Self-Supervised Hemodynamic predicting model), which offers a promising solution
to this issue.

• The pre-trained stage of SSHemo employs a pretext-generative and waveform fore-
cast strategy, leveraging unlabeled historical waveform data to predict subsequent
waveform data. Using VitalDB public data sets, a total data set of 3, 500 surgi-
cal cases comprising 41, 733, 506 samples is used for the waveform forecast task,
divided into training ((2, 800 training cases with 32, 685, 454 samples), validation
(350 validating cases with 4, 470, 710 samples), and testing sets (350 testing cases
with 4, 577, 342 samples) to facilitate model development and evaluation.

• The SSHemo model undergoes fine-tuning for the downstream task - CO prediction,
using the limited CO values obtained from the pulmonary artery thermodilution
(COTD), the gold standard for CO monitoring. Using a data set comprising 57
surgery cases with 242, 496 samples, the model is fine-tuned and evaluated, with
47 cases (with 202, 091 samples) used for training, 5 for validation (with 18, 807
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samples), and 5 for testing (with 21, 598 samples), reflecting the approach used in
VitalDB public datasets.

The SSHemo model’s performance was assessed in terms of consistency and track-
ing capabilities. In particular, SSHemo outperformed supervised learning models in
both aspects. It achieved MAE of 1.25 L/min, exceeding the MAE of the supervised
learning model of 1.63. Furthermore, SSHemo demonstrated superior tracking abili-
ties with a radial LOA of ±25.56°, meeting the clinical standard of < ±30.00° and
outperforming the radial LOA of the supervised learning model of ±37.19°. SSHemo’s
performance is also evaluated in various clinical scenarios, from minimally invasive
surgery to the ICU, with MAE of 1.52 L/min with MIMIC-II and MIMIC-IV datasets,
respectively, demonstrating its generalizability in various clinical scenarios.

Furthermore, SSHemo’s performance is compared to commercial hemodynamic
monitoring devices, including the EV1000 with FloTrac algorithm. Additional ana-
lyzes, such as subgroup and varying SVR range evaluations, as well as rapid CO
evaluations, demonstrate SSHemo’s stability across diverse conditions and cohorts,
compared to EV1000 and COTD. Computational analysis also reveals that this model
has practical application and potential value.

2 Related Work

In a previous deep learning-based study, Yang et al. [15] used SSL and the transfer
learning method to estimate SV or CO values based on the ABP waveform. However, in
the pre-training tasks, their work uses the labeled SV values from a commercial APCO
device (Vigileo or EV1000 with the FloTrac algorithm). It also relies on labeled data
collection, albeit with relatively easier-to-collect labels. Moreover, Yang’s pre-trained
work relies heavily on the CO or SV from EV1000, which makes its performance highly
dependent on EV1000. Meanwhile, the downstream tasks were limited to predicting
hemodynamic parameters, which restricted the applicability of the model.

In [16], a CNN-based network has been proposed to predict CO from ABPW data.
The training data set consists of labeled Vigilance II data, which provides the gold
standard ground truth. The final data set has 293 cases with 232, 148 samples for
training, 125 cases with 99, 492 samples for validation, and 69 cases with 154, 555
samples for testing. The performance of the supervised learning method highly depends
on the amount of labeled data, which is not only expensive to collect, but also scarce
depending on the specific clinical scenarios.

Moon et al. [11] built a deep learning-based ABPW algorithm to predict SV values
using data from liver transplant patients. However, their work considers the patient
information using the individual scale coefficient (ISC) to scale, and the number of
training data sets (34 patients, 484, 384 samples) is also limited due to the scarce
ground truth data.

Kwon et al. [12] use the 1D CNN model to estimate the variation of the stroke
volume (SVV) from ABPW. In that study, the labeled SVV value used is from a
commercial device EV1000. Although the data set in this investigation is improved
to 8, 512, 564 data sets from 557 patients (training (n = 210, data = 3, 620, 386),
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validation (n = 217, data = 3, 944, 244) and test (n = 130, data = 947, 954)), the
ground truth may still be associated with the unreliable estimation of SVV.

All the aforementioned works [11, 12, 15, 16] have introduced the deep learning
method to the hemodynamic domain, especially the estimation based on ABPW, but
some issues still need to be addressed. Research efforts on how to deal with the scarcity
of gold standard ground truth is one of the important aspects to be investigated
further. Similarly, with a small number of high-quality ground truths, it is worthwhile
to investigate improving the prediction accuracy and compare the performance of
different deep learning frameworks based on the waveform data. The generalization
of deep learning models, when they are extended to different clinical scenarios, also
needs to be studied further. This study aims to take a further step in the discussion
of these issues.

3 Methods

AI or data-driven models suffer from bias in the data, especially the gold standard or
labeled data. In the healthcare or clinical domain, high-quality and valued labeled data
require clinical expert annotation, unique experiments, or special measurements, which
is costly and time consuming. Using limited labeled data with expert information and
achieving high performance is a critical issue in the healthcare and clinical domain [17].

Since valuable data labeled with expert domain knowledge is scarce [18] and the
amount of labeled data set affects the final performance [19], it is essential to solve data
issues. There are many methods that deal with a small amount of labeled data: semi-
supervised learning [20], transfer learning [21], active learning [22], self-supervised
learning [23], few-shot learning [24], data augmentation [25], etc.

Self-supervised learning (SSL) is a machine learning technique in which a model
learns to make predictions about certain aspects of the input data without explicit
supervision. The purpose of this project is to learn useful representations from
unlabeled data by defining pretext tasks that do not require manual annotations. Fur-
thermore, the learned representations are fine-tuned on a small amount of labeled data
for the target task. In recent years, labeled data have gained popularity because they
are limited, expensive, or difficult to obtain, but there is an abundance of unlabeled
data that can be used to learn useful representations. Therefore, SSL is widely used
in NLP, video processing, speech recognition, medical image analysis, etc [15, 26].

Inspired by the SSL approaches used in language models such as BERT [27], wave-
form data are also treated as a unique ”language” of sensor monitors. An automatic
self-generated labeling mechanism is utilized to mask the future waveform portions and
predict them using previous waveform data (past predictions of the future), eliminat-
ing the need for any labeled data. The auto-labeling mechanism enables the effective
utilization of large amounts of unlabeled data for pretext tasks, which can subsequently
be fine-tuned with a limited set of labeled data to achieve optimal performance in a
specific downstream task. Specifically, in this research, we designed SSHemo, a self-
supervised learning framework to improve the prediction performance of hemodynamic
parameters with limited data labeled with the gold standard and a large amount of
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waveform data, as shown in Fig. 1. The model for predicting hemodynamic parame-
ters is based on the ABPW method. SSHemo designs a model for a regression task to
predict hemodynamic parameters (CO, HR, SBP, MBP, DBP) using a 10 second wave-
form with a sliding time window. Our research draws on previous work and clinical
experience, using a 10 second ABP waveform as input data. This approach aims to min-
imize the effects of intrathoracic pressure fluctuations caused by respiratory periods
on arterial pressure waveforms, thus improving the precision of our findings [11, 28].
The training process is structured into two stages. Initially, a large dataset of unla-
beled ABP waveform data is utilized in a pretext generation and waveform forecasting
task to learn meaningful representations of waveforms through a sliding time window.
This enables accurate pattern recognition and interpretation of the implied hemody-
namic information from the biological waveform signal. Subsequently, the model is
fine-tuned with a small amount of labeled data (the golden standard data) to estimate
hemodynamic parameters through a regression task, allowing for precise prediction of
hemodynamic parameters.

Fig. 1 The schematic diagram of the framework and pipeline of SSHemo.

The framework is described in the following three parts: the definition of the pretext
task and the downstream task; input data preparation and preprocessing; and model
pretraining and fine-tuning.

3.1 The definition of pretext task and downstream task

3.1.1 Pretext task and generalization

In the field of hemodynamic estimation based on ABPW, algorithms that predict
hemodynamic parameters are based on the theoretical assumption that the charac-
teristics of the ABP waveform reflect the underlying hemodynamic state. Accurate
feature extraction from biological waveform signals is crucial for model performance,
enabling precise recognition of patterns and interpretation of hemodynamic status.
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Key features, such as peak and trough points representing SBP and DBP, part area
under the pressure curve identifying MBP, and dicrotic notch indicating aortic valve
closure. Traditional mathematical and fluid mechanics modeling [29], as well as feature
engineering [9], are previous approaches to improving feature extraction and improving
hemodynamic parameter prediction.

Our objective in the pre-trained stage is to develop a waveform forecasting model
that captures the characteristics and representations of blood pressure waveforms,
providing information on the hemodynamic status of a patient and the underlying
physiological processes. To achieve this, we design a mechanism that generates auto-
label data and creates pretext tasks based on a sliding time window [30], where the
model predicts the future waveform based on historical data within a specified time
frame, specifically forecasting the next 1 second waveform from a 10 second waveform
input.

The reason why a waveform forecasting task is defined as using a second waveform
10 to predict the second waveform 11 is to reduce the impact of respiratory periods on
hemodynamic data. Mechanical ventilation and spontaneous breathing cause fluctua-
tions in intrathoracic pressures, affecting heart function. The increase in inspiratory
pressure has a dual effect, initially increasing left ventricular stroke volume and arte-
rial pulse pressure, while decreasing right ventricular stroke volume. These fluctuations
are used to assess the sufficiency of ventricular filling, particularly in critical care and
anesthesiology, where heart-lung interactions are crucial. To estimate hemodynamic
parameters, a time window of at least one respiratory cycle (typically 3-5 seconds) is
considered, with previous studies using input vectors ranging from 10-20 seconds to
account for standard respiratory rates and reduce the impact of respiratory periods
on hemodynamic data. Our research adopts a 10-second time window, balancing real-
time responsiveness with the need to cover most types of patient, allowing timely and
efficient processing. More specifically, a vector length of 5-10 seconds is typically suf-
ficient to cover one complete respiratory cycle, allowing accurate estimation of CO.
However, to account for variations in respiratory cycles, particularly in severely ill
patients, a 10-second time window is often adopted. This duration balances the need
for accurate estimation while minimizing the impact of respiratory cycles, allowing
timely and efficient estimation of CO without compromising real-time changes.

Meanwhile, the prediction window is set at 1 second, aligned with the average
heartbeat duration of 0.8 to 1 second. This prediction time window effectively cap-
tures most of the useful features within a heartbeat cycle, providing a comprehensive
representation of cardiovascular characteristics. By accurately forecasting the ABP
waveform for one second, the model can effectively capture key characteristics or infor-
mation involved of the cycle characteristics from heart beats, making it applicable to
most downstream tasks, clinical scenarios, and covering almost all kinds of patient.
Specific, analyzing heartbeat cycles, and vector length play a crucial role in determin-
ing the model’s learning capacity. A vector length of less than 1 second often fails
to capture a complete cycle, compromising the model’s ability to comprehend its fea-
tures. Conversely, a vector length exceeding 1 second encompasses multiple cycles but
may decrease the model’s responsiveness and potentially introduce respiratory cycle
interference, ultimately impacting predictive accuracy.
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Therefore, the waveform forecasting task is designed to utilize a 10-second input
waveform to predict the subsequent 1-second waveform, thus mitigating the impact
of respiratory periods on hemodynamic data. This configuration enables the model
to maintain its responsiveness and real-time capability, yielding accurate and timely
outputs. By setting the input vector to 10 seconds and the output vector to 1 second,
the model effectively captures both respiratory and cardiac cycles, minimizing the
influence of respiratory cycles on CO and allowing extraction of characteristics from
the entire cardiac cycle.

The dataset in this stage is automatically generated from the input waveform data
itself using a sliding time window, without the need of manually labeled data. Data on
ABPW and related vital signs are commonly collected by vital signs monitors, hemo-
dynamic monitors , etc.. Therefore, the amount of data on blood pressure waveforms
is very large.

The model learns useful representations of the data without explicit supervision
based on the data generalization process and the pretext task. Based on a large amount
of unlabeled ABPW data from vital signs or hemodynamic monitors, a pre-trained
model with good capabilities of representation of waveform signals was trained.

3.1.2 Downstream task and fine-tuning

The ultimate goal of SSL is to take advantage of the representations learned during the
pre-training phase to improve performance on downstream tasks that require labeled
data. Therefore, the purpose of the downstream task is to transfer the waveform
representation capabilities to other tasks. At this stage, we use the gold-standard
labeled data to achieve the tuning targets as a regression issue.

Specifically, we used 10 second ABPW data to predict hemodynamic parameters
(CO, as well as HR, SBP, DBP, MBP) at the last timestamp in the time window
and used expert knowledge [31, 32] to calculate other hemodynamic parameters (CI,
SV, SI, SVR, SVRI, PPV, and SVV, etc.), as shown in Table 1. The labeled data are
COTD (from the hemodynamic monitor using thermodilution methods [4]) and HR,
SBP, DBP, MBP (from the vital signs monitor or the hemodynamic monitor).

The subsequent task is the hemodynamic parameter prediction task. The label
data comes from the gold standard hemodynamic parameters. Among hemodynamic
parameters, CO is considered the most important and others could be inferred from
the combination of CO and some common vital signs (HR, SBP, MBP, DBP and
similar others). The gold standard technique in CO estimation is the thermodilution
method according to PAC Swan-Ganz to measure the temperature change due to
blood flow [33]. This method is limited in surgery or the ICU with a poor and invasive
prognosis for patients. Therefore, the number of labeled hemodynamic parameters is
small and a scarce resource [34].

3.2 Data preparation

3.2.1 Data collection

In this research work, we utilize the VitalDB public data set for training and testing.
VitalDB [35] is a public database collected by Vital Recorder [36], an open source
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tool to collect multi-parameter vital signs for surgery and anesthesia. This data set
contains both time series data (1 data points per 1 − 7 seconds) and high resolution
waveform signal data (62.5–500 Hz) from 6, 388 surgery cases at Seoul National Uni-
versity Hospital, Seoul, Korea from August 2016 to June 2017. 12 kinds of monitoring
waveform records, 184 intraoperative physiological numeric data tracks, 74 perioper-
ative clinical parameters, and 34 laboratory results. The total number of data tracks
is 486, 451 with an average of 2.8 million data points for each case.

According to the requirement of our research, this data set provides ABPW (up
to 500 Hz) from the monitor SolarTM8000M (vital sign monitor of GE Healthcare,
Chicago, IL, United States) with an ADC equipped with the TramRac-4A mod-
ule (an analog to digital converter). Vigilance II (hemodynamic monitor of Edwards
Lifesciences) provides the labeled gold standard CO parameters. The EV1000 clin-
ical platform (hemodynamic monitor of Edwards Lifesciences, Irvine, CA, United
States) provides continuous CO values based on the commercial FloTrac algorithm.
Other parameters, such as HR, SBP, MBP and DBP, are provided by the monitor
SolarTM8000M . An example of segmentation is shown in Fig. 2.

Fig. 2 The example of one data segmentation in VitalDB, showing the sampling situation of real
devices.

To extend the diversity of experimental scenarios and to further evaluate the gen-
eralization performance of the model, additional datasets,, the MIMIC series datasets,
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are used. In this research, we used MIMIC-IV and MIMIC-II public ICU datasets to
expand the evaluation.

MIMIC-IV [37] is the fourth version of the MIMIC series dataset, which was
released on PhysioNet [38] in 2021 for the ICU (Intensive Care Unit) scenario. It
contains patient measurements, orders, diagnoses, procedures, treatments, and free-
text deidentified clinical notes, with a decade of admissions between 2008 and 2019,
from the Beth Israel Deaconess Medical Center (BIDMC) in Boston, Massachusetts,
USA. Combined with MIMIC-IV, the MIMIC-IV waveform database [39] collects
physiological signals and measurements from patients in the ICU, including elec-
trocardiograms, photoplethysmograms, respiration, invasive and non-invasive blood
pressure, etc. These two databases are linked with subject id and hadm id. MIMIC-IV
and MIMIC-IV waveform have almost 180, 000 patients (statistical analysis of the sub-
ject ID from admission table) with high-frequency monitoring waveform signals (ECG
(Electrocardiogram) waveform, PPG (Pleth, Photoplethysmography), ABP, and Res-
piration), low-resolution physiological time series records (HR, SBP, MBP, DBP, RR
(Respiratory Rate), Temperature, SpO2 (Oxygen saturation), etc.), clinical events,
Laboratory events, demographic information, etc. The waveform data are recorded in
the MIMIC-IV waveform database. The time series data are recorded both in the table
chartevents of the module icu from the MIMIC-IV database and in the numeric files
in the MIMIC-IV database.

The MIMIC-II Waveform Database Matched Subset [40] is the second version of
the MIMIC series data set. It contains 4, 897 waveform records and 5, 266 numeric
records of bedside patient monitors in the ICU of the MIMIC-II Waveform Database,
which have been matched and time-aligned with 2, 809 MIMIC-II Clinical Database
records [41]. Sun et al. [42, 43] extracted data for CO estimation studies based on
MIMIC-II. In this research, the specific dataset is utilized for external validation.

Consequently, both data sets provide ABPW (up to 125Hz), along with numeric
data from time series: cardiac thermodilution output, HR, SBP, MBP and DBP. When
evaluating a model based on an ICU-related dataset, it is crucial to assess its gen-
eralization ability from one scenario, such as surgery, to the broader ICU domain.
This process involves validating whether the performance of the model remains consis-
tent and reliable when applied to various aspects of intensive care beyond the specific
context of surgery.

3.2.2 Data preprocessing and splitting

In the application scenarios of this research, predictive precision is prioritized at each
moment, with performance and loss evaluations based on time windows. To achieve
this, both the pre-trained task of waveform forecasting and the fine-tuning task of
hemodynamic parameter prediction employ a sliding time window ABP waveform as
input for data segmentation. Furthermore, our research assumes that vital patient
information can be inferred from intrinsic waveform characteristics. By excluding
patient-specific details in both pre-trained and fine-tuning phases, the model remains
unbiased toward individual patients or procedures, facilitating its application across
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various clinical settings. Therefore, the primary focus of data preprocessing is on wave-
form data, specifically within defined time windows, to ensure synchronization between
various biological signals and hemodynamic parameters.

The process is divided into two parts based on the two training phases: a) the pre-
training of the pretext task to learn the capabilities for representation waveform data
and b) the fine-tuning of a downstream task to transfer the previous capabilities to the
prediction of hemodynamic parameters. In addition, the evaluation process involves
preprocessing three databases: vitalDB, MIMIC-IV, and MIMIC-II.

1. Data preprocessing and splitting for pretext task training
The data pre-processing and splitting procedure for pre-trained and waveform

forecasting is shown in Fig. 3. In this task, the VitalDB database is used for the
data sources. At this stage, we are only extracting the ABPW, sliced into 11-second
segments. Each sample of 11-second segments splits into two parts: the previous 10-
second waveform for predicting the future waveform, and the 11th-second ABPW
for ground truth. As the ABPW continues to be recorded based on monitoring
devices in the clinical scenario, we define a rolling time window to split the waveform
to output the 11-second segments (10s + 1s waveform) and the rolling frequency is
1s. The pretext task masks the 11-second waveform patch and uses the 10-second
waveform to predict the masked part.

As blood pressure is a generally low-frequency signal and higher resolution intro-
duces noise and artifacts without adding meaningful information to the waveform,
a sampling frequency of 100Hz is used in our research as a balance between captur-
ing essential information and minimizing data processing and storage requirements.
The ABPWs are resampled from 500Hz to 100Hz from the VitalDB database in
the pre-processing procedure.

In practice, ABPW data often contains noise and abnormalities (NaN, negative
values, values exceed the range of common clinical sense, etc.). To address this,
deep neural networks are utilized, taking advantage of their complex structures
and non-linear activation functions to learn underlying patterns and exhibit noise
tolerance. Meanwhile, the SSL process further enhances the adaptation to noisy
data. To prepare the ABP waveform data for modeling, a minimalist approach is
employed, involving only resampling and zero-fill methods to ensure correct input
for the model. This straightforward technique enables efficient processing of diverse
waveforms, streamlining model training and inference. By minimizing preprocess-
ing, the model’s generalization capabilities and practical problem-solving abilities
are enhanced, allowing it to handle noise or these abnormal signals and perform
effectively in practical scenarios with diverse and unpredictable data.

Finally, out of all 6, 388 cases in vitalDB, we can obtain effective waveform data
for 3, 500 cases, while 2, 881 cases have no ABPW data and 7 cases have NaN or
negative data.

2. Data preprocessing and splitting for downstream task training
The data pre-processing and splitting procedure for the downstream task: fine-

tuning for waveform regression is shown in Fig. 4. The objective is to predict the last
time-stamp hemodynamic values (COTD, HR, SBP, DBP, MBP) using a continuous
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Fig. 3 Data pre-processing and splitting procedure in the pretext task. i) The data used in this
task is the ABPW for the forecasting task. ii) The data is split by patients or cases and shared
with the next task: the regression task in the fine-tuning stage. This partitioning method can help
mitigate overfitting issues caused by data leakage in medical prediction tasks, ensuring better model
generalization and evaluation [44]. iii) The 32, 685, 454 data samples are for model training; 4, 470, 710
data samples are for model validation and early stopping to adjust the hyper-parameters; 4, 577, 342
data samples are for model testing.

10-second ABPW. Therefore, the input data is the 10-second ABPW. The labeled
data includes hemodynamic parameters such as CO, HR, SBP, MBP, and DBP.

The waveform data is separated into the sample segmentations according to the
labeled hemodynamic data’s timestamp: get the last timestamp of hemodynamic
data at T0 and ABPW with a time window of 10 seconds (T0−10S , T0). Combined
with the labeled values of hemodynamic parameters, one segmentation or sample
contains 10s ABPW data, the hemodynamic parameters at the last timestamp of
the 10s time window. According to the pretext task, the ABPW is also re-sampled
to 100Hz. Similarly, in the fine-tuning task, the ABPW used is 100Hz. The ABPW
process and filter method are the same as the pre-training stage.

3. Data preprocessing and splitting for testing and evaluation
This task utilizes two databases to evaluate the model’s generalization abil-

ity: the VitalDB public database for the surgery scenario, and the MIMIC public
database for the ICU cases, shown in Fig. 5. The first evaluation of the clinical
environment is surgery with minimally invasive ABP measurement. The other clin-
ical practice extends from the operating room to the intensive care unit, where
more critically ill patients are cared for with more sophisticated blood flow and
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Fig. 4 Data preprocessing and split procedure in the downstream task. i) The dataset is from the
VitalDB database and the data used in the multi-regression tasks is ABPW, time series records
(COTD (CO from Vigilance II hemodynamic monitor), and DBPART , MBPART , SBPART , HR
(DBP, MBP, SBP, and HR from GE Solar 8000 vital sign monitor)). ii) Data splitting is based on
patients or cases, sharing with the previous task: the waveform forecasting in the pretext task to
avoid data leakage problems. iii) 202, 091 samples are for training; 18, 807 samples are for validation
and early stopping for better hyperparameters; 21, 598 samples belong to the testing case, recognized
as one evaluation case: hemodynamic status prediction in the surgery scenario.

circulation in the body. The publicly available data extracted from MIMIC-IV and
MIMIC-II is used to evaluate the broader performance of model training in the
ICU scenario. In addition to the clinical domain, ethnicity is another variable as
the patients recorded in vitalDB are Asian and the patients recorded in MIMIC-IV
and MIMIC-II are American.

21, 598 samples are used to evaluate the basic performance of SSHemo. Besides,
88, 679 samples from 24 cases are extracted from the VitalDB database using
the EV1000 (a hemodynamic monitoring system with the FloTrac algorithm from
Edwards Lifesciences) to compare the performance between SSHemo and other
commercial hemodynamic monitors. In total, 3, 103 samples from 250 patients after
the preprocessing procedure were extracted from the MIMIC-IV and the MIMIC-
II database. The MIMIC-IV waveform database has an initial ABPW frequency
of 64.725Hz, while the MIMIC-II database has a 125Hz ABPW. To keep the same
sampling frequency, the MIMIC-IV waveform data was upsampled to 100Hz and
the MIMIC-II waveform data was downsampled to 100Hz.

By combining these two databases, the evaluation scenarios extend to clinical
practical cases, resulting in a comprehensive evaluation of the model’s general-
ization ability. Moreover, the SSHemo model proposed in this paper is compared
with a commercially available hemodynamic monitor device. The device is based
on minimally invasive ABP monitoring and provides continuous real-time monitor-
ing of various hemodynamic parameters [45]. As a standard commercial model, the
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Fig. 5 Evaluation cases for various clinical scenarios or models. i) 21, 598 data samples from 5 cases
of surgery situations, and 3, 103 data samples from 250 cases of ICU scenarios. ii) 21, 598 data samples
from 5 cases for SSHemo, and 88, 679 data samples from 24 cases for the standard of commercial
devices: Edwardz EV1000 hemodynamic monitor with the FlocTrac algorithm.

comparison offers a qualitative and intuitive assessment of the existing commercial
devices.

3.3 Models

In the field of hemodynamic monitoring, particularly in the area of ABPW analysis
(APWA), the model is responsible for extracting features from the waveform signal
and predicting hemodynamic parameters. Extensive research has established a strong
relationship between ABPW and key hemodynamic parameters such as CO, HR, BP,
and SV. The extraction of features from waveform data is an essential technique that
significantly improves the performance of the algorithm. There are three main types of
modeling methods: circulation mechanics with fluid dynamics modeling [5, 46], feature
engineering with machine learning [9, 42] and deep learning [16]. Circulation mechanics
with fluid dynamics modeling is based on physical or mathematical modeling, which is
sophisticated and requires large-scale experiments to calibrate and obtain correction
factors [8]. Feature engineering focuses on signal analysis and extracts statistical,
time, and frequency domain features from waveform data. It depends on data analysis
and is easily influenced by noise and some artifacts [9, 47]. Recently, more advanced
deep learning-based time series or waveform analysis models have been introduced to
analyze hemodynamic parameters [11, 12, 16].

Based on the above description, both non-deep learning and deep learning models
rely on a large amount of labeled data for calibration or training. The collection of
gold standard labeled ground truth (thermodilution-based data) is time-consuming
and difficult to collect because it requires invasive procedures. The ABPW is a kind
of common data produced by vital signs monitors or hemodynamic monitors because
the pressure signal is easy to capture based on the use of a minimally invasive or
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non-invasive piezoelectric sensor [31]. In this research, we trained SSHemo, a self-
supervised model based on an unlabeled and large amount of ABPW to get feature
extraction or waveform representation capabilities. We then transferred these abilities
and fine-tuned them to predict the final hemodynamic parameters. Through these two
phases of processes, SSHemo does not need too much gold standard labeled data and
sophisticated designed models. Meanwhile, performance shows improvement compared
to supervised learning, predicting with the full use of unlabeled and labeled data.

3.3.1 Pre-trained model

In this task, the pre-trained model is a forecasting model and is responsible for extract-
ing the features or representation from the waveform signal instead of traditional
mathematical modeling and feature engineering. These models input historical data to
predict future data within the sliding time window and do not require human-labeled
data. A high-performance forecasting model is indicative of its strong capability to
extract features or patterns from waveform data.

In the field of deep learning, the models to process the waveform data is a
general aspect of the time series or sequence process research, and each network archi-
tecture (RNN (Recurrent Neural Network [48])-based, CNN (Convolutional Neural
Network [49])-based, and Transformer [50]-based) has its associated representative
models.

Specifically, our research addresses the input data consisting of 10 seconds of
waveform samples at 100 Hz, resulting in 1000 data points. This long sequence is a
significant challenge in time-series modeling. The CNN-based model achieves strong
capabilities in processing long sequences by employing multiple layers to expand the
receptive field, effectively capturing contextual information. Meanwhile, the trans-
former uses the attention mechanism to capture long-distance dependencies, allowing
it to proficiently handle past memories and lengthy data sequences. Therefore, we
employ two prominent backbone architectures: CNN-based and Transformer-based
models, represented by InceptionTime [51] and patchTST (Patch Time Series Trans-
former) [52], respectively. These models are chosen for their ability to effectively
process long sequences, outperforming traditional RNN-based approaches, which are
often hampered by the limitations of the sequence length [53].

1. InceptionTime and CNN-based models. CNN models are known for their ability
to effectively extract features from input data. Convolutional layers are used to
detect various features, such as contours, inflection points, and patterns. When
combined with subsequent layers, higher-level representations of the input data
are produced. In the field of time-series and waveform data processing, time-series
data is usually defined as one-dimensional (1D) data, and 1D-CNN can be used to
process them. Recently, transformer-based architectures have shown a good ability
to handle longer sequences by using receptive fields instead of memories.

InceptionTime is a deep CNN model inspired by the Inception v4 architecture.
The model uses the Inception module for different lengths of input time series. In
addition, residual connection, cascading of multiple Inception modules, and global
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average pooling improve the performance of the network. Compared with the HIVE-
COTE algorithm, InceptionTime is more accurate and scalable.

2. PatchTST and Transformer-based models. Transformer models and their self-
attention mechanisms have demonstrated strong performance and effective pro-
cesses in capturing short-term or long-term dependencies and learning complex
patterns within sequential data. In time series forecasting and other sequential
data processing tasks, transformer models have shown promise in capturing tem-
poral patterns, handling irregular time intervals, and making accurate predictions.
Moreover, transformer-based architectures show a good ability to deal with longer
sequences using attention rather than memory.

PatchTST is a transformer-based model for long-term time series forecasting.
PatchTST leverages patching and transformer structures to handle multivariate
time series, extract local semantic information, reduce model complexity, and enable
longer input sequences. In research experiments, PatchTST outperformed MLP-
based models such as N-BEATS and N-HiTS, demonstrating superior performance
with the lowest MAE and mean squared error (MSE). The model’s evaluation
highlights its potential in long-term forecasting tasks.

3.3.2 Fine-tuning model

During the downstream task and the fine-tuning stage, we preserve the feature pro-
cessing layers to maintain the ability to process waveforms and feature extraction. We
then modify the pre-trained backbone model structure, particularly the last few mod-
ules or layers, to meet the final requirements for multi-parameter regression. Modified
network structure trained using a smaller amount of labeled data with pre-trained
parameters, we fine-tuned the final results of the entire model. The main principle for
change and fine-tuning is clearly outlined in the following content, as demonstrated in
Fig. 6.

Fig. 6 The schematic diagram of the network structure and layer definition of fine-tuning.
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1. The design of features extracted parts. The final model structure comprises a feature
extraction module and an output module. The feature extraction module inherits
from the backbone model and extracts features from the input waveform data. The
output module assembles and processes the extracted features to predict multiple
outputs. The features of the backbone models are usually two-dimensional with
time-step information and feature information. The main part of feature extraction
is to compress or extract the features and adjust the dimensionality of the feature for
downstream tasks. Specifically, Global Average Pooling (GAP) layers are used for
the InceptionTime backbone model and history-extracting layers for the PatchTST
backbone model.

2. The design of output parts. The research objective for the fine-tuning task was
shifted from waveform forecasting to multiparameter regression using labeled data
(, e.g. COTD, HR, SBP, DBP, and MBP). One is to leverage fully connected (FC)
layers to transfer features or information for the outputs. The loss function and
validation metrics were adjusted to align with the final tasks. The other is to utilize
features as input and other machine learning models for the following prediction
tasks, such as Random Forest [54], Decision Tree [55], XGBoost [56], and similar
others.

Meanwhile, if shifting from a regression task with a single parameter, such
as CO, to multiple parameter regression (e.g. CO, HR, MAP, SBP, DBP), two
key adjustments are necessary to modify the output part. The model’s final layer
must be redesigned to accommodate multiple outputs, allowing it to efficiently pro-
cess and generate results with several parameters. Furthermore, a well-structured
loss function that considers multiple parameters and incorporates normalization
techniques is crucial to prevent biases and ensure accurate loss calculation, with
the option of using a combination of linear functions as a loss function based
on the range of hemodynamic parameters, as Equation 2 shows. The weights are
determined and adjusted on the basis of the range of different parameters.

Ltotal =
∑
i

wiLi (1)

= wCOLCO + wHRLHR + wSBPLSBP + wMBPLMBP + wDBPLDBP (2)

3. Parameters freezing and fine-tuning. During the fine-tuning procedure, the feature-
extracting module’s parameters are initialized based on the trained parameters
of pre-trained models. The remaining parameters in the output module are ran-
domly initialized. During the fine-tuning process, there are two options for updating
parameters: freezing the parameters in the feature-extracting module and training
the output module’s parameters, or unfreezing all parameters and updating them
during training with labeled data to predict the output. The optimal choice should
be based on the results of the evaluation.
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4 Results

4.1 Experiments

In the pre-trained process, the input data is the first 10 seconds (100Hz × 10s=1, 000
data points) and the output is the last second (100Hz × 1s=100 data points) of the 11
second waveform segmentation. In total, 3, 500 surgical cases with 41, 733, 506 samples
(2, 800 training cases with 32, 685, 454 samples, 350 validating cases with 4, 470, 710
samples, and 350 testing cases with 4, 577, 342 samples) with a split ratio: of 8 : 1 : 1 by
the patient, without overlapping patients in both cohorts, as shown in Fig. 3. During
the fine-tuning process, the input data is the 10-second waveform (100Hz × 10s=1, 000
data points). The output is the hemodynamic parameters (CO, HR, SBP, DBP, MBP)
at the last timestamp (1 data point for uni-parameter regression or 5 data points for
multi-parameter regression). In the VitalDB database, we finally extracted 57 surgery
cases with 242, 496 samples (47 training cases with 202, 091 samples, 5 validation cases
with 18, 807 samples, and 5 test cases with 21, 598 samples). Similarly, the separation
principles are the same for pretraining and patient-based, as Fig. 4 shows.

We use two different time-series forecasting models as our backbone model: Incep-
tionTime and PatchTST. The model structure and initial parameters are successfully
taken from the backbone model in pre-trained tasks, and modified according to the
fine-tuning tasks. We keep the layers and parameters for feature extraction and change
the various output modules or layers of the model for the predicted purpose [57].

For both a forecasting task and a multiregression task, the loss function is MSE [58].
Adam (a gradient descent optimizer) and early stopping were used to update the
parameters [59–61]. The batch size for pre-trained training is 1, 024 and the batch
size for fine-tuning training is 256. Model training was stopped when validation errors
(MSE) stopped decreasing after 10 iterations with a dynamically changing learning
rate of 0.5 times.

The GPU we used is Nvidia RTX 4090 with 24G GPU (Graphics Processing Units)
memories. For the pre-trained model training, 4 GPU units are used for parallel train-
ing, and for the fine-tuning model training, 1 GPU unit is used. The experiment
environment is based on Pytorch Version 2.0.1 [62], Fastai Version 2.7.13 (a deep
learning library that provides the high-level components to provide state-of-the-art
results in standard deep learning domains) [63], and Tsai version 0.3.7 [64] library
(state-of-the-art Deep Learning Library for Time Series and Sequences).

4.2 Result analysis

4.2.1 Cohort analysis

The characteristics of the patient cohort and the dataset are shown in Table 2. In
the pre-trained task, the patient demographics were similar across the training, vali-
dation, and test datasets due to the large amount of data. In the fine-tuned task, the
patient demographics are slightly different among the training, validation, and test-
ing datasets. Meanwhile, the evaluated datasets are analyzed. Based on demographic
statistics of patients, the more data, the more similar the distribution of demographic
information between different data sets.
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4.2.2 The performance comparison between supervised learning
and self-supervised learning

In this paper, we integrate three types of evaluation methods to evaluate the perfor-
mance of the proposed model. The box plot shows the distribution or spread between
the model prediction results and the ground truth. The final task is to predict the
hemodynamic parameters for the last time in a time window. Therefore, regression
task evaluation metrics are introduced to evaluate the accuracy of the model. MSE,
MAE, Root Mean Squared Error (RMSE), R-squared (R2), mean absolute percentage
error (MAPE), etc. [65] to summarize predictive capabilities.

In addition, in the hemodynamic domain, especially in the CO prediction task, the
meta-analysis describes the relationship between COTD and predicted CO [66, 67].
The meta-analysis includes four plots and their associated parameters: the scatter-
plot with slope and correlation coefficient (r-value); the Bland-Altman plot with bias
and limits of agreement (lower LOA and upper LOA); the four-quadrant plot with
concordance rate; and the polar plot with angular bias and radial LOA. The scatter
plot and fitted curves illustrate the linear trend or consistency between the ground
truth and the predicted value. The data points are close to the line of identity x = y
to obtain good agreement, where x is the labeled data and y is the predicted results
[68]. The plot Bland-Altman is a way to assess the bias between the mean difference
and an agreement interval, illustrating the mean of the differences (the middle hor-
izontal line) and the 95% LOA (thick horizontal lines top and bottom) between the
reference method and the test method [69]. In addition to absolute accuracy and pre-
cision, it is also important to assess the ability to track changes in predicted values.
The ability of the multi-beat analysis method to track relative changes is shown in
a four-quadrant plot with a central exclusion zone of 15%, an area of nonsignificant
change [70, 71]. The polar plot is used for the analysis of trend capability based on
the polar coordinate transformation [72].

Each model or method is assessed using the aforementioned three types of
evaluation to measure both accuracy and tracking performance.

Fig. 7 shows the evolution of performance from supervised learning to self-
supervised learning.

From the results in Fig. 7, the SSL training framework shows better concordance
and tracking capabilities compared to the direct supervised learning method. Consider
the backbone network as a feature extractor that follows a machine learning model,
such as a random forest that gets more accurate results. Meanwhile, SSL shows better
generalization abilities from surgery cases to ICU cases when evaluated based on the
MIMIC series dataset. The radial LOA of SSHemo is ±29.38° and ±25.56°, within the
clinically acceptable trend tracking ability for CO changes (radial LOA≤ ±30°) [31,
66].

4.2.3 The comparison between SSHemo and other commercial
devices

To verify performance in the medical practical situation, a comparative performance
analysis with commercial hemodynamic monitors has been devised. This experimental

20



Fig. 7 The performance comparison between supervised learning and SSL, showing SSL’s effect on
prediction ability improvement. Supervised learning means directly training with the backbone model.
i) SSHemo (FC layers) means pre-trained with pretext task and fine-tuned based on labeled data,
keeping the feature-extracted layers from the backbone network and changing the output module to
the FC layers for downstream prediction tasks. ii) SSHemo (Random forest) means considering the
backbone network as a feature extractor and following a random forest as a regressor in the final
prediction task. iii) The VitalDB dataset is for basic test and evaluation and the MIMIC series dataset
is for generalization evaluation. iv) (A) is the comparison of consistency or concordance evaluation.
The grey line in this sub-figure means the MAE result of the standard commercial device (EV1000)
and below it, the model’s performance is better than the current standard commercial device. v)
(B) is the comparison of trend-tracking abilities. The orange line in this sub-figure means the radial
LOA result of clinical acceptance and below it, the tracking ability meets the requirement of clinical
acceptance and has real practical meanings.

framework not only assesses the capabilities of SSHemo but also replicates and builds
upon existing research models in the field. Specifically, EV1000 with the FlocTrac algo-
rithm represents the commercial standard for ABPW modeling, whereas DLAPCO
and related research embody the current state of AI algorithms in this field [15, 16].
To accommodate data set limitations (VitalDB, MIMIC-II and MIMIC-IV), expand
various clinical scenarios, and ensure consistent comparative conditions, the DLAPCO
model has been tailored by integrating relevant research and omitting disparate ele-
ments, thus synthesizing a unified approach. A network architecture is achieved, and
we call it the Yang-modified model. The Yang-modified model builds on the same
network architectures with inception blocks. Key modifications include adjusting the
duration of the input vector from 20 seconds to 10 seconds, eliminating the ICD-9-
CM-3 codes, and shifting the output from SV to CO. These adjustments aim to tailor
the model to the specific requirements of our research for comparison. Both algorithms
use minimally invasive measurement techniques during surgery, and the evaluation
parameters are calculated between COmodel (the prediction of a model) and COTD.
The results are shown in Fig. 8 with the boxplot and the four meta-analysis plots.

The results indicate that the SSHemo predicted values are more closely aligned
with COTD. In particular, SSHemo demonstrates better concordance performance,
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with a slope of 0.30 in the scatter plot, outperforming EV1000’s slope of 0.19 and
Yang’s modified model of 0.16. Furthermore, SSHemo exhibits better tracking ability,
with an angular LOA of ±27.35 °, surpassing the LOA of EV1000 of ±35.78 °. A
comparative analysis reveals that Yang’s modified model exhibits lower predictive
accuracy, yet demonstrates a similar trend performance to SSHemo. In contrast, the
EV1000 algorithm displays diminished capabilities in tracking trends, as is evident
from the results.

Fig. 8 The evaluated performance between SSHemo, commercial device, and related research paper
[73], showing the comparison of different models or algorithms integrated with commercial devices.
(A) are the five results plots of SSHemo; (B) are the five results plots of a standard commercial device:
EV1000 hemodynamic monitor with the FlocTrac algorithm from Edwards Lifesciences; (C) are the
five results plots from the model of reproducing and modifying current research papers [15, 16].

Due to data issues, in this investigation, we only compare SSHemo with a commer-
cial device, EV1000 from Edwards Lifesciences, as the standard hemodynamic monitor.
Because the objective quantitative comparison is based on clinically collected data and
evaluation metrics, more performance results about other commercial hemodynamic
monitors are investigated [73]. Table 3 concludes the results of the quantitative eval-
uation and the conclusions of the investigation. All results are compared to COTD,
the CO of the intermittent transpulmonary thermodilution. The Bland-Altman anal-
ysis shows that the commercial devices exhibit a smaller bias. However, a larger radial
LOA from the trend analysis for commercial devices did not meet the criteria for
acceptable performance. Notably, SSHemo meets the clinical acceptance based on the
radial LOA evaluation results.

In particular, reducing the number of samples in the newly generated data set
produces different evaluation results compared to the test data sets. This discrepancy
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arises primarily from the removal of samples lacking EV1000 recordings. As such, the
model evaluation is contingent on the test data set, and the current results are specific
to the existing data set. Therefore, compared with commercial devices mentioned in
the other literature, the data is necessary for experimentation, and the current results
have a limited reference value.

Model or device Bias (L/min) LOA lower (L/min) LOA upper (L/min) Radial LOA (°)
SSHemo1 1.62 -5.20 1.96 ±27.35
EV10001 -0.80 -2.58 4.18 ±35.78
FloTrac/Vigileo2 -0.28 -2.39 2.39 −−
LiDCORapid2 -0.26 -2.81 2.81 −−
PiCCO22 -0.86 -1.41 1.41 −−
Nexfin2 -0.93 -2.25 2.25 −−

1The evaluated results are based on experiments using publicly available datasets.
2The evaluated results are derived from investigations of published research papers.

Table 3 Bland-Altman analysis of SSHemo and other commercial devices

4.2.4 The analysis of predicting performance in cases of varying
SVR

As Fig. 9 shows, the experimental results indicate that the predictive performance
of the model remains relatively stable across various SVR ranges, with a notable
exception where it performs better at lower SVR levels.

Furthermore, compared to the results obtained from the EV1000 device, it is
observed that the EV1000 predictive results tend to be lower than the gold stan-
dard COTD, whereas the SSHemo model’s predictions are more closely aligned with
the gold standard. This suggests that the SSHemo model demonstrates superior pre-
dictive accuracy, particularly compared to existing devices like the EV1000, and its
performance is less affected by variations in SVR.

Fig. 9 A comparative analysis of CO values among COTD (red), COSSHemo (blue) and COEV 1000

(orange) with differences across various SVR ranges.
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Sub-group Evaluated metrics Male (N: 9459) Female (N: 12139) All (N: 21598)

Sex
MAE 1.22 1.28 1.25
Radial LOA 25.63 25.49 25.56

Table 4 Sub-group analysis for Sex.

Sub-group Evaluated metrics Lower range Normal range Higher range All

BMI
<18.5 (N: 5648) 18.5∼24.0 (N: 4779) >24.0 (N: 11171) (N: 21598)

MAE 1.66 1.22 1.05 1.25
Radial LOA 26.79 24.32 27.78 25.56

Age
<18 (N: 0) 18∼60 (N: 13661) >60 (N: 7937) (N: 21598)

MAE N/A 1.36 1.05 1.25
Radial LOA N/A 26.68 24.77 25.56

CO
<4.0 (N: 2141) 4.0∼8.0 (N: 11066) >8.0 (N: 8391) (N: 21598)

MAE 2.7 1.13 1.05 1.25
Radial LOA 35.43 25.66 24.43 25.56

HR
<60 (N: 0) 60-100 (N: 15804) >100 (N: 5794) All (N: 21598)

MAE N/A 1.29 1.14 1.25
Radial LOA N/A 26.7 25.21 25.56

MBP
<70 (N: 15776) 70-105 (N: 5750) >105 (N: 72) All (N: 21598)

MAE 1.21 1.34 1.43 1.25
Radial LOA 24.75 28.46 26.67 25.56

SBP
<100 (N: 13657) 100-140 (N: 7773) >140 (N: 168) All (N: 21598)

MAE 1.28 1.2 1.43 1.25
Radial LOA 25.59 27.95 22.87 25.56

DBP
<60 (N: 17681) 60-90 (N: 3881) >90 (N: 36) All (N: 21598)

MAE 1.24 1.31 1.39 1.25
Radial LOA 25.11 28.76 33.62 25.56

Table 5 Sub-group analysis for different cohorts.

4.2.5 Sub-group and patient-Specific analysis

To further enhance the study, additional experiments and discussions are analyzed,
including subgroup analysis based on key demographic and physiological factors.
Specifically, dividing the data by age, sex, BMI, HR, SBP, DBP, MBP, and COTD

will provide valuable insight into how these variables influence the results. The results
are shown in Table 4 and Table 5.

The SSHemo model exhibits better performance in terms of concordance and track-
ing ability when applied to populations with specific characteristics, including a higher
body mass index (BMI > 18.5), advanced age (age > 60), lower CO (CO < 4 L/min),
increased heart rate (HR > 100 bpm), and relative lower blood pressure (MBP < 70
mmHg, SBP < 140 mmHg or DBP < 60 mmHg).

In particular, the concordance evaluation of the SSHemo model showed more
differences in these subgroups, indicating its improved ability to accurately predict
hemodynamic parameters in these specific patient populations. This suggests that the
SSHemo model may be particularly useful in clinical settings where patients exhibit
these characteristics, providing valuable information for personalized patient care and
management.

Furthermore, a comparative analysis of two distinct patients highlights the efficacy
of SSHemo. Notably, the results obtained from SSHemo demonstrated a closer align-
ment with the established gold standard, underscoring its reliability and accuracy in
producing high-quality outcomes, as Fig. 10 shows.
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Fig. 10 The CO value comparison among the COTD (red), COSSHemo (blue) and COEV 1000

(orange) for two patients in a single surgery.

4.2.6 Rapid change for hemodynamic status

Our research work also focuses on the detailed analysis of rapid changes in CO during
a single surgery or over a specific period. This in-depth examination aims to assess
the predictive performance of our model, particularly its tracking ability, in response
to rapid fluctuations in CO. By dissecting the CO changes within a specific interval,
we seek to evaluate the model’s capacity to accurately capture and adapt to these
dynamic changes. Some example results are shown in Fig. 11 and Fig. 12.

Fig. 11 The first example of rapid CO.
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Fig. 12 The second example of rapid CO.

The experimental results show that when rapid changes in CO occur, the model
often exhibits opposite or more subdued predictions compared to the gold standard,
which requires a certain delay to catch up with changes. However, the overall trend
remains consistent with the gold standard.

4.2.7 Other parameters prediction results

The prediction of hemodynamic parameters is not only the estimation of CO val-
ues, but also other related parameters. Table 1 shows the related parameters derived
from CO and other primary hemodynamic variables (HR, SBP, MBP, DBP, CVP and
others). Therefore, in this research, the model also estimates HR, SBP, MBP and
DBP, and other hemodynamic parameters are calculated from mathematical equations
in Table 1. It can be seen that HR, SBP, MBP, and DBP are parameters directly
estimated from the ABPW signals. The supervised learning with the InceptionTime
network obtained acceptable results, shown in Fig. 13. From the results, the consis-
tency error of the parameters related to BP is approximately 2 mmHg and the HR
prediction error is less than 3 bpm, which are acceptable results.

4.2.8 Computing stabilities in training process

The direct supervised learning process is often hampered by limited labeled data,
resulting in instability and fluctuations. Utilizing a pre-trained backbone model can
significantly enhance stability and robustness during fine-tuning, yielding more sta-
ble validation results. The pre-trained model provides a strong foundation, allowing
the model to leverage knowledge and features learned from a large-scale dataset,
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Fig. 13 The performance of predicting other hemodynamic parameters: HR, MBP, SBP, DBP. i)
Two plots with parameters represent the consistency of the estimated results: Bland-Altman plot
with bias (mmHg) and LOA (mmHg) and scatter plot with slope and r value (−1 1). Besides, MAE
as the regression evaluated parameters are also noticed. ii) Subfigure (A)(B)(C)(D) stands for the
MBP, HR, SBP, and DBP evaluation results.

thus improving generalization and reducing overfitting risks. By adopting a pre-
trained backbone model, the fine-tuning process becomes more stable and effective,
particularly when dealing with limited labeled data, as shown in Fig. 14.

The efficiency of the training procedure also shows significant variability. Notably,
SSL leverages the pre-trained model’s extracted waveform features, enabling a rapid
fine-tuning process that adapts and specializes to achieve faster and more stable
convergence in subsequent downstream tasks, such as hemodynamic regression, with
enhanced efficiency and an accelerated convergence rate. Direct supervised learning
often faces challenges during the initial training phase, exhibiting unstable conver-
gence and requiring extensive training to understand the intricate relationship between
waveform data and hemodynamic status. This leads to a larger amount of time
and resources being devoted to achieving convergence, since multiple iterations are
necessary to refine the model’s understanding of these complex relationships.

4.2.9 Execution time and real-time efficiency

To expand the real scenario practice, the models are evaluated on four computing plat-
forms, including CPU, NVIDIA Jetson Nano 8G edge computing platforms, NVIDIA
Jetson AGX Xavier edge computing platforms, and all-in-one PCs with NVIDIA RTX
3000 graphics card. The running time for an estimation of one sample (10 seconds
ABP waveform to predict the CO value) is shown in Table 6.

Based on the execution time of different models with various computing platforms,
the efficient performance of real-time prediction capabilities is demonstrated, as shown
in Table 6. The model facilitates real-time prediction of hemodynamic parameters,
operating in a subsecond time frame. This enables beat-by-beat or second-by-second
analysis, making it highly suitable for practical application scenarios where timely and
accurate data is crucial.
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Fig. 14 One case of training process comparison between SSHemo and supervised learning, showing
the promotion of computing efficiency and stability from supervised learning to SSL. i) the backbone
network is both based on InceptionTime and the fine-tuning methods are FC layers. ii) the training
processes are based on 111 epochs to ensure complete convergence in the training process, 0.0001
learning rate, and 1024 batch size. iii) (A) The training and evaluation loss curves for supervised
learning show fluctuations during the initial stages. As the training progresses, the loss starts to
decline in a fluctuating trend, indicating that the model is gradually converging towards a more
stable state. iv) (B) shows the training and evaluation loss curves of SSHemo, an SSL framework.
The training process was remarkably stable, with a steady decrease in loss in the evaluated data
set, resulting in rapid convergence. In general, the model training was very efficient. Compared to
direct supervised learning, the model converged significantly faster, with an efficiency improvement
of approximately threefold.

Computing platforms
Baseline model
InceptionTime patchTST

CPU (12th Gen Intel(R) Core(TM) i7-1260P 2.10 GHz) 87.01 ms 62.65 ms
Edge-computing platform (NVIDIA Jetson AGX Xavier) 16.40 ms 12.50 ms
Edge-computing platform (NVIDIA Jetson Orin Nano 8G) 10.46 ms 10.30 ms
All-in-One PCs (with graphics card of NVIDIA RTX 3000) 10.39 ms 7.85 ms

Table 6 The running time comparison among various baseline models and different
computing platforms.

5 Discussion

5.1 Other methods for limited labeled data

In order to optimize the learning process with data or computational constraints and
using the information present in unlabeled data, several methods have been proposed,
such as semi-supervised learning [20] and the teacher-student method [74]. Semi-
supervised learning is a machine learning procedure in which a model is trained on a
combination of labeled and unlabeled data, helping to improve the model’s general-
ization capabilities and performance. The teacher-student method is also a technique
in machine learning in which a smaller and more computationally efficient model (the
student model) learns from a larger and more complex model (the teacher model). By
transferring knowledge from a larger teacher model to a smaller student model, the
teacher-student method improves efficiency and performance on a variety of specific
tasks.
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Semi-supervised learning uses the structure or distribution of the unlabeled data
to improve learning. Self-supervised learning [23] depends on learning rich data rep-
resentations from large amounts of unlabeled data by creating a pretext task with
automatically generated labeled training data, such as predicting part of the data
given another part. The teacher-student approach aims to transfer the knowledge and
replicate the teacher’s performance more efficiently. It is used for model compression
and to improve computational efficiency, allowing the deployment of high-performing
models on devices with limited computational resources.

In the hemodynamic status prediction research domain, the key issue is fully under-
standing the representation of the ABPW and the relationship between waveform data
and hemodynamic parameters. Therefore, SSL is much more suitable for the research
field.

5.2 Contributions for limited labeled data in medical domain

This research first utilizes the SSL framework for the ABPW-hemodynamic prediction
domain and improves the model performance in terms of both accuracy and tracking
capabilities. The SSL method solves the problem of limited labeled data in the hemo-
dynamic domain. Meanwhile, scarce and high-cost labeled data is a general issue in
the medical domain, and there is a large amount of unlabeled data due to the wide use
of EHR and monitors. SSL provides the ability for better representation based on sig-
nal or EHR data and is finally used in many other clinical domains. The basic method
from SSHemo could be used in many other medical scenarios: clinical prediction based
on monitoring signals, medical image processing, and patient status estimation based
on vital signs time series, etc.

5.3 Limitations

In this study, the training data is from surgical cases within the VitalDB database.
Incorporating data from broader sources provides data diversity in this research field.
This expansion not only includes a wider range of cohorts (race, age, etc.), but also
clinical scenarios (ICU or emergency cases), different types of surgery, various patient
acuity statuses, multiple centers, etc. Through the improvement of data diversity, the
generalizability and applicability of the model would improve.

Secondly, in the research work, information on patient demographics is not con-
sidered, due to the fact that the number of patients for training is too small (only 52
patients). Adding demographic information would increase the instability or overfitting
issues for the model. Another kind of clinical issue is also not considered: medications
or fluid treatments. The influence of clinical events has a significant change in hemo-
dynamic status, especially the use of vasodilators [75]. From the above description,
some clinical information, such as demographics of the patients and medical events,
must be considered in the research to meet practical situations.

In addition, the COTD in the VitalDB dataset is from the Vigilance II hemo-
dynamic monitor and the COTD in the MIMIC series dataset is from intermittent
transpulmonary thermodilution. Therefore, COTD from the VitalDB data set con-
tinues, and COTD from the MIMIC series data set is discrete. In this research, we
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consider both as the golden standard data. Meanwhile, from the sensor and data pro-
cess aspect, a deeper understanding of sensing principles, time shifts for the results, and
calibrations for continuous measurement are needed for more accurate and acceptable
results.

5.4 Future work

From the evaluation results and the limitation analysis, some future works are
considered.

1. The current model is divided into two parts: feature extraction and hemodynamics
regressor. Currently, the feature extraction module is trained based on waveform
forecast. In the future, more changes could be added to the pre-text task to get bet-
ter abilities for waveform representations. Masking the waveform randomly to fill
the blank masked patch is one kind of method to improve the pre-text task. More-
over, the Large Time Series Model [76], a large-scale collection of open time series
datasets to empower pre-training for universal forecasting and feature extracting,
is capable of addressing diverse downstream forecasting tasks, which is also another
choice for the feature extractor.

2. Secondly, increasing the amount of data, not only the labeled data but also the unla-
beled data, has a great impact on the model performance. In addition, adding more
diversity of datasets, such as multiple research centers, various clinical scenarios,
and different cohorts, would increase the generalization and practical performance
of the model. Meanwhile, comparisons with commercial devices or other meth-
ods require evaluation under unified datasets or experimental conditions to ensure
fairness in testing.

3. The hemodynamic status does not only depend on the ABPW, but also on other
factors, such as demographic information of the patient, medical events, etc. In
future research work, more clinical factors are considered in model research and
data preprocessing procedure to improve the accuracy of the prediction model.

6 Conclusion

In this study, SSHemo, a self-supervised learning framework for hemodynamic param-
eter estimation, is proposed to address the limited problem of labeled data. SSHemo
utilizes a large amount of unlabeled data for waveform forecasting as a pretext task and
a small amount of golden standard labeled data for hemodynamic parameters regres-
sion as a downstream task. The training stability and model performance of SSHemo
outperform the supervised learning model and some commercial devices, i.e., EV1000.
The final results show that the tracking abilities of SSHemo meet the clinical accep-
tance with ±25.56° radial LOA. Based on evaluation datasets from various clinical
scenarios such as surgery and the ICU, SSHemo demonstrates strong generalizability,
particularly in terms of performance tracking. Furthermore, subgroup analysis, vary-
ing SVR range analysis, and rapid CO analysis demonstrate that SSHemo exhibits
relative stability across different conditions and cohorts. Computational analysis also
reveals that this model has practical application value and potential. Future work
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would include more diversity of data, model improvement, and other considerations
of clinical parameters.
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