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Al-assisted In silico Trial for the Optimization of
Osmotherapy after Ischaemic Stroke

Xi Chen, Lei Lu, Tamas |. Jézsa, Jiandong Zhou, David A. Clifton, Stephen J. Payne

Abstract—Over the past few decades, osmotherapy has
commonly been employed to reduce intracranial pressure
in post-stroke oedema. However, evaluating the
effectiveness of osmotherapy has been challenging due to
the difficulties in clinical intracranial pressure
measurement. As a result, there are no established
guidelines regarding the selection of administration
protocol parameters. Considering that the infusion of
osmotic agents can also give rise to various side effects,
the effectiveness of osmotherapy has remained a subject
of debate. In previous studies, we proposed the first
mathematical model for the investigation of osmotherapy
and validated the model with clinical intracranial pressure
data. The physiological parameters vary among patients
and such variations can result in the failure of
osmotherapy. Here, we propose an Al-assisted in silico trial
for further investigation of the optimisation of
administration protocols. The proposed deep neural
network predicts intracranial pressure evolution over
osmotherapy episodes. The effects of the parameters and
the choice of dose of osmotic agents are investigated
using the model. In addition, clinical stratifications of
patients are related to a brain model for the first time for the
optimisation of treatment of different patient groups. This
provides an alternative approach to tackle clinical
challenges with in silico trials supported by both
mathematical/physical laws and patient-specific
biomedical information.

Index Terms—Osmotherapy, Cerebral oedema, Brain
ischaemic stroke, Deep neural network, Finite Element
Method.

|. INTRODUCTION

continuous and sufficient blood supply to the human
brain is crucial for cerebral metabolism and proper
brain functioning. However, blood vessel blockage
during an ischemic stroke can lower cerebral blood
flow and disrupt cerebral metabolism, therefore damaging the
blood-brain barrier (BBB) and increasing BBB permeability
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[1, 2]. In clinical settings, reperfusion therapy has been
employed to restore blood perfusion to the occluded brain and
elevate blood perfusion. As a result, blood components can
leak into the interstitial space through damaged BBB (Fig. 1)
and give rise to brain oedema which is marked by elevated
intracranial pressure (ICP), tissue swelling, increased tissue
stress and strain [3]. Symptoms of an elevated ICP include
headache, nausea, vomiting, and unconsciousness. An ICP of
more than 25 mmHg is usually considered life-threatening
and requires urgent medical treatment [4]. Over the past few
decades, osmotherapy has been used extensively to lower ICP
down to the typical range of 5 to 15 mmHg [4, 5].
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Figure 1: lllustration of blood leaking from a capillary vessel segment.
Oedema formation is associated with blood leaving the lumen through
the damaged blood brain barrier, filling the interstitial space, and thus
causing tissue swelling.

Mannitol, hypertonic saline, sorbitol, and glycerol are the
four types of osmotic agents that are now used for treatment,
with hypertonic saline becoming increasingly popular in
recent years [6, 7]. Hypertonic saline reduces the amount of
interstitial fluid and relieves oedema by producing an osmotic
pressure gradient that drives excessive fluid from the
interstitial space into the intravascular space. Although
osmotic agent has a number of benefits, its side-effects have
also been reported in previous studies [7, 8]. One issue is that
hyperchloremic acidosis may result from the elevated Cl'level

Tamas |. Jézsa is with the School of Aerospace, Transport and
Manufacturing Cranfield University, Cranfield, United Kingdom (e-mail:
tamas.jozsa@cranfield.ac.uk)

Jiandong Zhou is with the Department of School of Public Health,
Li Ka Shing Faculty of Medicine, The University of Hong Kong, Hong
Kong, China; Department of Family Medicine and Primary Care, Li Ka
Shing Faculty of Medicine, The University of Hong Kong, Hong Kong,
China; Department of Pharmacology and Pharmacy, The University of
Hong Kong, Hong Kong, China.

David Clifton is with the Oxford Suzhou Centre for Advanced
Research, University of Oxford, Suzhou Industrial Park, Suzhou,
215123, Jiangsu, China.

Stephen J. Payne is with the Institute of Applied Mechanics,
National Taiwan University, Roosevelt Road, Da’an Dist., Taipei City
106, Taiwan (e-mail: stephenpayne@ntu.edu.tw).

Published by IEEE. This is the Author Accepted Manuscript issued with: Creative Commons Attribution License (CC:BY 4.0).
The final published version (version of record) is available online at DOI:10.1109/jbhi.2025.3541004. Please refer to any applicable publisher terms of use.



mailto:xi.chen2@st-hildas.ox.ac.uk
mailto:xi.chen2@st-hildas.ox.ac.uk
mailto:lei.lu@eng.ox.ac.uk
mailto:david.clifton@eng.ox.ac.uk
li2106
Text Box
IEEE Journal of Biomedical and Health Informatics, Available online 12 February 2025
DOI:10.1109/jbhi.2025.3541004


li2106
Text Box
Published by IEEE. This is the Author Accepted Manuscript issued with: Creative Commons Attribution License (CC:BY 4.0).  
The final published version (version of record) is available online at DOI:10.1109/jbhi.2025.3541004.  Please refer to any applicable publisher terms of use.



in hypertonic saline [9]. Furthermore, it has been noted that
higher than 160 mmol/L concentrations of NaCl can worsen
patient outcomes and aggravate damage to the blood-brain
barrier [9, 10]. Therefore, it is essential to balance between
achieving an optimised ICP drop and controlling the side-
effects. Although osmotherapy outcomes have been
investigated in multiple studies [11-13], an optimal
administration protocol for hypertonic saline infusion has
remained controversial. Patient heterogeneity has been
postulated as the cause of the differences in previous
investigations [2].

In this study, we aim to tackle the issue by using novel
simulation tools that are jointly supported by bioinformation
and biophysical laws. The model further develops the
repository of the In Silico Clinical Trials for the Treatment of
Acute Ischaemic Stroke (INSIST) project [14, 15]. The
objective is to incorporate Al-assisted in silico osmotherapy
trial into the existing Finite Element (FE) model and explore
treatment protocols that are optimal in reducing ICP. The deep
learning model can incorporate statistics and therefore
establish a connection between patient characteristics and low
information-noise ratio clinical data using an FE model based
on mathematical and mechanical theories. Once a well-
founded model has been obtained, it can enhance the
precision of resource-intensive clinical studies, consequently
reducing the enormous associated costs. Drawing inspiration
from recent investigations on brain modelling [16-20], recent
Al applications in biomedical studies [21-23], and the
application of Al in the field of engineering [24, 25], a novel
Al-assisted in silico trial for the investigation of osmotherapy
is thus proposed here.

Here, we present the prediction of the ICP evolution using
deep neural network (DNN) model during osmotherapy
episodes on a quasi-population level. The paper comprises
following sections: (1) the FE model and the training and
testing of the neural network will be presented; (2) the effects
of physiological parameters on the main features of the
osmotherapy will be investigated; (3) the effectiveness of the
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osmotherapy will be evaluated using two criteria and the
effects of different physiological parameters will be presented;
(4) customised doses of osmotic agents will be proposed for
different levels of BBB damage and age groups.

[I. METHODS

The model consists of two components, including the FE
model and the artificial neural network. The FE models are
utilised to generate ICP data and the workflow comprises
three FE models for blood perfusion, oedema, and
osmotherapy simulations, respectively. After in silico trials,
the DNN model is trained using the ICP data and employed
for the inference of massive ICP data of virtual patient groups.

A. Perfusion Model

1) Governing Equations: In blood perfusion simulation,
the brain is considered a porous medium with three
compartments representing the arteriole, venule, and capillary
blood, respectively [18, 26, 27]. The pial surface is
subdivided into perfusion regions and perfusion in stroke
scenarios can be obtained by occluding perfusion territories
(Fig. 2a) and compared with healthy perfusion. The governing
equations of the three-compartment perfusion model are
taken directly from our previous studies:

V-(KiVpa) = —wac (Pa —Pc) (1)
V-(K:.Vp.) Wae " (Pa = Pe) — Wep " (P — Py)s
(2)

V-(K,Vpy) = e (0c —Pv)s (3)

where p,, p. and p, are the blood pressures in the
arteriole, capillary, and venule compartments respectively.
K; is the permeability tensor of compartment i, where the
capillary tensor field can be replaced with the K, scalar field.
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Figure 2: (a) Subdivided perfusion regions on the brain pial surface, where L-PCA, L-MCA, L-ACA and R-PCA, R-MCA, R-ACA denote the




posterior, middle and anterior cerebral arteries on the left and right hemisphere, respectively. Blood flow through any combination of the perfusion
territories can be blocked to obtain an occluded blood perfusion map. (b) White and grey matter in the brain model. (c) Left hemisphere oedema
volume (red) generated using the perfusion model. (d) blood pressure and interstitial pressure along the coronal plane, from left to right: healthy,
stroke, oedema, and osmotherapy. (e) Comparison of the model with clinical osmotic pressure and ICP data, adjusted from [26]

Fluid transfer coefficient between compartments i and j is
denoted by w;;. As flow parameters can be different brain
subdomains (Fig. 2b), w;; in white and grey matter are thus
represented by wY., w?. and wY,, w? in the model.

ac cv

2) Boundary Conditions: Blood flows into the human
brain through arterioles and leaves the brain through venules
at the pial surface. Hence, blood flow is non-zero only at the
pial surface of the arteriole and venule compartments. In the
model, a 90mmHg arteriole blood pressure and a 15mmHg
venule pressure are given on the pial surfaces. As
demonstrated in [28], each artery is found to supply a certain
perfusion region (illustrated in Fig. 2a). In the occluded
scenario, blood flow through the arterial perfusion territory of
an occluded arteries is set to zero-flux boundary, whereas
blood pressure in other regions is assumed to remain
unchanged. The boundary conditions of the perfusion model
can be summarised in Table 1.

TABLE 1
BOUNDARY CONDITIONS FOR THE PERFUSION MODEL. n is the
outward directed normal unit vector of the boundary region.

Ventricle
Cortical Surface
Surface
X Pe = 90 mmHg
Arteriole (non-occluded regions) K.Vpe-m
Blood K.Vps -m= 0 =0
(occluded region)
Capillary K.Vp.-mn
K.Vp.= 0
Blood =0
Venule K,Vp,-n
py = 15 mmHg
Blood =0

B. Oedema and Osmotherapy Model

1) Governing Equations: The exchange between blood
components and the interstitial fluid can be neglected in
healthy BBB. However, in the context of a damaged brain, an
extra compartment is necessary for interstitial fluid in both the
oedema and osmotherapy models to simulate the ICP change.
Furthermore, to model ICP evolution in oedema and
osmotherapy, time-dependent terms are introduced to the
governing equations:

Opw
CW%ZV'(KWVPW)-}_SCW , (4)
Opg
Cba_pt =V (KiVPs) — Wac* Pa —Pc) > 5)
P,

Cbﬁ =V-(KVp:) + wqc* (Pa —Pc)
—Wey* (Pc —Py) — Scw (6)

Opy
p a_pt =V-(K,Vp,) + @~ (Pc —Py) » @)

where c,, isthe storage factors of the interstitial fluid and ¢,
the storage factors of the blood compartments, is assumed to
be the same for arteriole, capillary and venule compartments.
The pressure of interstitial fluid and the hydraulic
conductivity of interstitial space are denoted by p,, and K,,.
ICP is assumed to be equal to p,,. The S, denotes the
leakage rate from the capillary network into the interstitial
space. In Equation 4-7, displacement terms in the poroelastic
theory can be neglected, as the pressure is found to vary at a
much slower time scale compared to tissue displacement [29].
Here, time scale separation can be used and the S, is
derived in [26] and summarised in Table 2.

TABLE 2
FLUID FILTRATION RATE FOR THE OEDEMA AND OSMOTHERAPY MODEL.

Oedema He‘althy
Tissue
L
Oedema Model  Sq, = 21, 22 [(Pc — pw) — o11c] 0
L
Osmotherapy Sew = 21y R—p [(pc — Pw) — 0
Model ¢

oll. — oyaciTyaci]

L, is the permeability of the damaged BBB, o is the
reflection coefficient of the blood plasma, n, is the volume
fraction of blood vessels in a unit volume of brain tissue, R,
is the mean radius of capillary vessel, and [I. represents the
osmotic pressure of the blood plasma before hypertonic saline
injection. The term oygcillyac; denotes the increase in
osmotic pressure in an osmotherapy episode, where oyqc;
and Ily,q denote the reflection coefficient and osmotic
pressure of the injected saline. Due to the fact that the BBB
can be much leakier in the damaged tissue, the fluid transfer
can be neglected in healthy BBB. The corresponding
simulation results are shown in Fig. 2d. The effective osmotic
pressure can be written as:

MMax
1701505 T~ O/Tiy 0<t<T;,

Onactllnact =
Mgy - € PC19) T <t <240 min.

(8)

where the infusion time T;, is fixed to be 15 min, and the
decay rate D is set to be 0.01424 min™' to match the clinical
osmotic pressure data (Fig. 2e) [26, 30]. Ijy,, is the
maximum osmotic pressure during an episode.




2) Boundary Conditions: In post-stroke oedema,
reperfusion therapy is performed, therefore it is considered
that the blood flow restores and there is no occluded region at
the pial surface. Normal range of ICP can range from 5-15
mmHg in healthy adults. In the model, we choose healthy
interstitial fluid pressure to be 5 mmHg, and the boundary
conditions can thus be summarised in Table 3.

TABLE 3:
BOUNDARY CONDITIONS OF THE OEDEMA AND OSMOTHERAPY MODEL.

Cortical Surface Ventricle Surface

Arteriole Blood Pe = 90 mmHg K.,Vp, -n= 0
Capillary Blood KVp.-n= 0 K.Vp.-n= 0
Venule Blood p, = 15 mmHg K,Vp, - n= 0

Interstitial Fluid pw = 5 mmHg pw = 5 mmHg

C. Design of Deep Neural Network Model

To facilitate the simulation process, we developed a deep
neural network (DNN) model to explore the relationship
between the parameters and the ICP change. The model has
an input of five parameters, including the tissue storage factor
Cy > tissue hydraulic conductivity K, , blood vessel
permeability Ly, arterial blood pressure ABP (p, on cortical
surface), and the maximum osmotic pressure Iy, . The
parameters Ly, ¢, and K, are varied between 0.5 to 2
times their baseline values, as these are the ranges that can be
seen in previous studies [31-34], and the blood pressure ABP
is varied between 80 mmHg to 100 mmHg [35]. Meanwhile,
the maximum osmotic pressure is 1800 Pa in 10% hypertonic
saline injection [30]. In the model, the maximum osmotic
pressure is varied between 900-3600 Pa, which corresponds
to the concentration (5%-20%) of hypertonic saline injection
in the literature [2, 36]. The output is a sequence of 49 data
points for the ICP values at different time during an
osmotherapy episode.

We tried different architectures for the DNN model design,
including the models using dense layers, convolutional layers
(Conv), long short-term memory (LSMT) layers, and residual
neural network (ResNet). More advanced DNN models, such
as transformer-based models [37], and diffusion models [38],
have also been powerful tools for the regression prediction of
biomedical data. In this study, however, we found that the
ResNet neural network is sufficient for the prediction analysis
of time series ICP data with a reasonably small loss. Using
trial-and-error, we searched for an optimal model with the
minimal error for the ICP value estimation. As shown in Fig.
3, the final searched DNN model has six convolutional layers
and two ResNet blocks. In the first ResNet block, the
convolutional layers have 48 kernels with the size of 3; and in
the second ResNet block, the convolutional layers have 64

kernels with the size of 3. Then, a dense layer is used to
produce the output for the ICP value estimation. The mean
squared error between the ICP value and the estimation,
summed over all time points, is used as the loss function. The
model was trained for 100 epochs with a batch size of 16 and
a learning rate of 0.001. Generally, the best model was
identified based on the minimal loss during training.

ResNet Block #1 ResNet Block #2

S A S S S S /
Sl Sl &l P SSRGS Qg@ / F

e « &
48@3 48@3 48@3 64@3 64@3 G4@3

Figure 3: The architecture of DNN model for the ICP value prediction.

D. Model Coupling

The geometry of oedema core is obtained from the
perfusion model and used for oedema simulation. The blood
perfusion (F) and blood perfusion reduction (AF) are defined
in Equation 9 and 10, respectively:

FF= wac_'F(pa - D) )
AF = healthy ~"occluded % 100% , (10)
Fhealthy

A blood perfusion reduction of 70% and over has been used
in clinical imaging to determine brain damage regions [39, 40]
and the threshold is thus utilised to obtain the geometry of
oedema lesion in our model (Fig. 2¢). In the oedema model,
the pressure is iterated over time steps until the ICP (defined
to be the spatial maximum of p,,) reaches equilibrium by
using the stroke simulation results as the initial condition.
Finally, the simulated pressures at the final time step in the
oedema model are imported into the osmotherapy model as
the initial conditions (Fig. 2d). A full space searching is
performed for {c,,, ABP, K, Ly, ITyqy},and 2000 in silico
cases were simulated. The data were then used to train and
test the artificial neural network, using the process shown in
Fig. 4. The model parameter was chosen from the parameter
ranges in [2, 31-36] and was validated in two steps. In the first
step, the in silico data were compared with 8 patients ICP data
who had 22 episodes from [30] and the validation was done
by calculating the mean square error between the simulated
ICP curve and the clinical data (Fig. 2¢). The data generated
from the DNN were further validated (second step validation)
with previous literature to justify the choice of FE model
parameters, as shown in Fig. 4. The parameter sensitivity test
is conducted by [26]. The baseline parameters are listed in
Table Al.

In the model, the governing equations are solved
numerically using Python with a high-performance open-
source Finite Element library, FEniCS [41]. The brain mesh
used in this study includes 1.4 million tetrahedra and a good
mesh convergence has been shown using 0.7 million and 2.8
million tetrahedra meshes. The DNN model is designed with
Tensorflow 2.2, Python 3.7.4, and the Nvidia Quadro RTX
6000 is used for the model training. The inference of trained




DNN is found to be 108 times faster than the conventional
FE simulation method and can thus be used for prediction of
osmotherapy in large population.
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Figure 4: Flowchart illustrating the coupling of the Finite Element method and bioinformatics. The data are used to generate data for deep neural

network.

Il RESULTS

A. DNN Model Training and ICP Value Estimation

We used a total of 2,000 in silico samples for the DNN
model development, out of which we randomly selected 1,600
samples for model training, and the remaining 400 samples
were held out for model testing. To obtain a reliable model,
we used 10-fold cross-validation to train the DNN model. We
divided the whole dataset into training and testing sets, the
training data were then randomly split into 10 folds. During
each training, 9 of the 10 folds were used for model training
and the remaining fold was used for validation. For each
iteration, the DNN model was trained for 100 epochs, and the
model with the minimal estimation error was stored. The
searched optimal model was then used to predict the ICP
values in the hold-out testing dataset, which had the
performance of 0.249 + 0.009 mmHg for the error of
estimating ICP.

B. Effect of Patient-specific Parameters on ICP Curve

Evolution

We first investigate the effects of the physiological
parameters on the features of ICP curves over an osmotherapy
episode. The parameters vary with patients and are
challenging to measure in clinical settings. However, previous
studies have indicated a variation of the parameters in
different patient groups. For example, the cerebrospinal fluid

(CSF) clearance rate in smokers was reported to be lower than
in non-smokers, indicating a lower tissue hydraulic
conductivity [42]. Meanwhile, the blood vessel leakage was
found to be larger in elderly patients, implying a larger value
of L, [43]. In this study, we investigate the effects of
different parameters by fixing one of the four parameter
inputs and fixing the injection dose input while the rest of the
parameters are set to be uniform random variables. The value
of the L,, K,, or ¢, range from 0.5 to 2 times the baseline
value and the ABP ranges from 80 mmHg to 100 mmHg. 2000
results are generated for each parameter using the DNN and
the initial ICP, nadir ICP, nadir ICP time, and the duration of
effect (defined as 10% ICP drop) are plotted as boxplots to
show the difference on a simulation quasi-population level
(Fig. 5).

The plots show that the L, and K, have the most
significant effect on the initial ICP, with a mean of 20.8 to
25.6 mmHg and 22.6 to 26.1 mmHg, respectively (Fig. 5g).
In contrast, the blood pressure value has only a limited effect
on the initial ICP in the range around 22.8 to 24.7 mmHg. As
to the nadir ICP values, it is noted that in both 1800 and 3600
Pa maximum osmotic pressure cases, the K, and c,
presents a strong influence on the lowest ICP whilst the
effects of the L, become less significant compared to its
impact on initial pressure (Fig. Sa&d). Similarly, the ABP
only shows a slight influence on the lowest pressure.
Meanwhile, the time point nadir values are reached are most
dependenton L, and c,,, with arange from 20-115 min. The
effect of osmotherapy lasts from 135 to more than 240 min.
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Figure 5: The features of the ICP curve as the flow parameters change. The first row shows the case where dose of injection leads to a maximum
osmotic pressure of 1800 Pa, whereas the second row represents the case where maximum osmotic pressure is 3600 Pa. The third row shows




theinitial ICP. IBP, hBP denote 80 mmHg and 100 mmHg arteriole blood pressure, respectively. Meanwhile, the IC, hC, IK, hK, ILp, hLp represents
0.5 and 2 times the baseline values of the physiological parameters, with “I” for 0.5 and “h” for 2 times respectively.

C. Evaluation of the Osmotherapy over an Episode

Based on Two Criteria

Apart from the effects of the parameters on the ICP curves,
the estimation of the effectiveness of osmotherapy is critical
in designing a proper treatment plan for different patients. The
evaluation of the effectiveness of osmotherapy has been
limited by the difficulty in measuring ICP. In some studies,
the evaluation is done via measuring the ICP nadir value or
the ICP at certain time during an episode. For example, a 10%
ICP drop 10 minutes after the end of infusion has been used
to determine a successful therapy [30]. Alternatively, the
pupillary diameter has also been used to estimate the drop in
ICP [44]. Here, two criteria are utilised to estimate the
effectiveness of the episode in the model. As the major goal
of osmotherapy is to reduce ICP below 20 mmHg, the
duration of time of the ICP below 20 mmHg in an episode is
divided by the duration of the episode to obtain a time ratio
and to indicate how effectively the ICP is reduced below this
critical threshold. In addition, the overall pressure drop is

divided by the overall rise in the osmotic pressure in the blood
during an episode of 240 min to obtain the treatment
efficiency, as shown in Equation 11:

JE*(CPe=g - ICP) - dt

E:Mean -

(11)

240 .
Jo " onactTNact - dt

In Fig. 6, the maximum osmotic pressure here is chosen to
be 1800 Pa. Virtual patient groups are generated, and 2000
episodes outcome are predicted in each group. To avoid cases
with initial pressures below 20 mmHg, only those virtual
patients with initial ICP over 25 mmHg are selected. The L,
influences both the efficiency and time ratio by around 15%,
whereas the arteriole blood pressure shows a minor effect on
efficiency but a significant impact on time ratio by 25%.
Meanwhile, the storage factor and K|, affect the time ratio
by about 17% and 16%, respectively.
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Figure 6: The treatment efficiency and the time ratio of ICP below 20 mmHg of an osmotherapy episode (240 min), where arteriole blood pressure
(ABP) shows the blood pressure increment from baseline value of 80 mmHg, ¢, is the storage factor, K is the tissue hydraulic conductivity and
L, the vessel wall permeability. The ABP’s baseline value is 80 mmHg with a uniform increment to the maximum of 100 mmHg. The boxplots
show the median and outliers in the quasi-population level trial and the dotted lines shows the average values of the different groups.

D. The Optimization of Medication Doses for Various
Brain Damage Levels

In clinical settings, the physiological parameters vary in
different patient groups, especially the vessel wall
permeability, which has been shown in the previous section
to affect the therapy significantly. The post-stroke damage to
the blood-brain barrier can vary depending on whether the
treatment is successful. It is also determined by the timing of
clinical treatment and the collateral score of the patients [45].

To investigate the optimal treatment of patients with
different BBB damage levels, L, values is varied while the
rest of parameters are uniformly random. 2000 virtual patients
are generated for each L,,. Similarly, to exclude patients with

initial ICP lower than 20 mmHg, only the cases with initial
ICP values over 25 mmHg are included (with a fraction of
around 5%, 25%, 50%, 62% for 0.5Lp,Lp, 1.5Lp, 2L, ,
respectively).

In Fig. 7a, the efficiency of treatment rises with the L,,
from a mean of around 71.249.8% to 93.31+6.8%. Meanwhile,
the distributions of time ratio in the patient groups show
similar patterns. To investigate the proper dosage for the
patient groups, bar charts for the patient number who had
ineffective osmotherapy are shown. Fig. 7b&c present the
number of patients who had time ratio of 0 and time ratio
below 25%, respectively. Here, zero time ratio means that 20
mmHg is not achieved, and below 25% time ratio means 20




mmHg is achieved less than an hour. Overall, an osmotic
pressure of 2000 Pa helps reach an ICP below 20 mmHg and
2500 Pa ensures that most patients are treated effectively.
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Figure 7: (a) The efficiency and time ratio under different L,, values (0.5, 1, 1.5, 2times the baseline) and doses of osmotic agent at each injection.
(b) Patients are categorised by the maximum osmotic pressure to show patient number with zero time ratio. (c) Patients are categorised by the
maximum osmotic pressure to show patient number with below 25% time ratio.

E. The Optimization of Drug Doses for Various Age
Groups

Here, we attempt to relate the model parameters with
certain patient groups. In clinical settings, the age of patients
is an important factor to consider as ageing changes not just
the biomedical conditions of the patient but also the
mechanical properties of the human brain. According to
previous studies, ageing is related to a softening of brain
tissue [31, 46], increased blood vessel leakage [43, 47], a
decrease in water content in the brain [48-50], a decrease in
tissue conductivity [48]. These indicate a lower tissue
hydraulic conductivity, a higher vessel leakage rate, larger
storage factor in the elder patients. Meanwhile, the mean
arterial pressure (MAP) is not found to be statistically
different between young and elderly patients [51]. The
previous studies on these parameters are summarised in Table
Bl.

Although there is a decrease in water content in the brain
tissue and a reduced hydraulic conductivity in rats,
quantitative studies on human brain tissue hydraulic
conductivity are rare. In [52, 53], a decrease in the CSF
production rate (around half CSF production rate in
individuals in their 70s compared to the 30s), whilst CSF
production rate is found not age-dependent but rather
individual-dependent in a more recent study [54]. It is
therefore inferred from the data [52-54] that individuals in
their 50s has 1.5 the hydraulic conductivity compared to the
90s as a result of the CSF production rate decrease in the
elderly’s brains. Meanwhile, the tension test of the brain
tissue shows a doubled tension shear modulus in the 50s

subjects compared to the 90s subjects [31] and there has been
shown a water content decrease with ageing [50]. This
indicates a larger storage factor in the 50s. Additionally, 1.5
times the blood vessel wall permeability is implemented to
reflect the 1.5 times difference in vessel wall leakage between
the 50s and 90s populations [43], whereas the arteriole blood
pressure at the pial surface is considered an approximation to
mean arterial pressure (MAP).

To investigate the effects of ageing, patients between 50 to
90 years old are studied and 2000 virtual patients are
generated for each group. The vessel wall permeability is
given a random number between 0.5-1.33 the baseline value
for the 50 years group, and these randomly generated values
are multiplied 1.5 to represent the 90 years group. The storage
factor is 0.5-1 baseline value in the 50s and doubled in the 90s.
Tissue hydraulic conductivity is given a random number
between 0.5-1.33 the baseline value in the 90s and 0.75-2 in
the 50s age group. In the meantime, the arteriole blood
pressure values are generated randomly between 80 to 100
mmHg for both age groups. The efficiency and time ratio for
the evaluation of osmotherapy episodes are shown in Fig. 8.
In the results, it can be seen that the 90s has a more than three
times incidence of developing oedema beyond 25 mmHg (Fig.
8a). The efficiency and time ratio of the 50s and 90s age group
are similar, with a higher risk of ineffective (20 mmHg not
achieved) in the 90s. meanwhile, Fig. 8b&c show that 1500-
2000 Pa osmotic pressure is needed to effectively treat the 50
s, whereas 2000-2500 Pa is needed for the 90s. Finally, Fig.
8d shows the probability of the time ratio of the 90s treated
with different doses. It is found that a dosage that creates
osmotic pressure of 1500 Pa and below can be ineffective in




most cases, but the effectiveness can rise significantly beyond
a certain threshold (around 2100 Pa).

IV. DISCUSSION

To the best of our knowledge, this study presents the first
osmotherapy in silico trial assisted by a DNN. In clinical se-
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Figure 8: (a) The efficiency and time ratio of the 50s and the 90s age groups. (b) Patients are categorised by the maximum osmotic pressure to
show patient number with zero time ratio. (c) Patients are categorised by the maximum osmotic pressure to show patient number with below 25%
time ratio. (d) Probability density function of the time ratio for the 90s under various maximum osmotic pressure.

-ttings, the treatment of brain oedema is usually based on the
medical history and other characteristics of the patients, for
example, the ages, sex, etc. These patient data have been
widely used to predict the outcome and the severity of oedema.
However, how the medical history and patient characteristics
are correlated with the ICP and with other flow parameters
remains unclear. In this study, a DNN is utilised to generate
virtual patients and the flow parameters are related to patient
groups of various levels of BBB damage and ages. 2000
patients are used for each patient group throughout the study
to eliminate the effects of randomness and obtain reliable
results. Here, the DNN can generate data 108 faster than the
FE model and provide flexibility in the choice of
physiological parameters. Therefore, the DNN is trained for
the investigation of osmotherapy in various patient
stratifications and utilised as the surrogate of the validated FE
model to generate large dataset. To our knowledge, this is the
first attempt to correlate the clinical statistics to a FE
mathematical model. This helps tackle the challenge in
osmotherapy studies as the ICP data can be rare in clinical
settings. More importantly, this study bridges the gap between
bioinformatics and biophysical laws by providing an
osmotherapy model that is supported by both well-founded
mathematical/mechanical theories and patient data.

As shown in Fig. 4, the model parameters are chosen from
[2, 31-36] and is validated with both the clinical curves from
[30] and bioinformation from previous literature [55-58] to
determine the best combination of model parameters. The
model generates simulation results that are in good match
with the clinical data when compared with 8 oedema patients
(average ages of 59.8+8.8) who underwent 22 episodes using
10% hypertonic saline (Fig. 2e). In section 3.2, the simulation
results show that the initial ICP ranges from around 16 to 29
mmHg, which agrees well with the clinical ICPrise to [15, 30]
mmHg [4]. Meanwhile, the effect of hypertonic saline on ICP

lasts more than 2 hours in the model, the mean of maximum
ICP drop 9.72 mmHg, and nadir values are reached between
15-115 min after the therapy. This matches excellently with
clinical studies, where the mean maximum ICP reduction is
10.1 [55] and 11.4 mmHg [56, 57], the nadir values are
achieved at 15-120 min [55, 56, 58], and the ICP usually
remain decreased 1-5+ hours after infusion [8, 58].
Furthermore, the cases with 3600 Pa maximum osmotic
pressure (20% hypertonic saline) generates a pressure drop of
around 54.3% from initial ICP (Fig. 5), which agrees well
with the retrospective studies [44, 59], where a 55.6% and
around 50% pressure drop was found in 23.4% hypertonic
saline treatment. Generally, the ICP curves generated from the
study can match the clinical data in terms of the nadir, initial
ICP values and the time these critical values are reached. It
therefore guarantees that the in silico trials are comparable to
clinical data.

However, previous clinical studies mostly focus on the
doses and types of osmotic agents and there is no existing
study on patient stratification. This is because ICP
measurement involves high risks and the patient samples are
usually small. This makes it impossible to further stratify the
patients in clinical studies. Here, in silico trials can be a nice
complementary tool to investigate osmotherapy in different
patient groups. As it is important to optimise the injection
dose in clinical settings to control the side-effects of treatment
[11-13], we thus present the first in silico trial investigation
of treatment strategy in various patient stratifications. In the
DNN predicted results, the initial ICP mainly depends on the
L,, and the hydraulic conductivity. In contrast, the effect of
arteriole blood pressure is not as significant as a variation of
ABP from 80 to 100 mmHg only leads to an around 2 mmHg
difference in the initial ICP in the virtual patients. This
indicates that fluid accumulation is highly dependent on the




restriction of the blood-brain barrier on the fluid flow through
the vessel wall. Meanwhile, the lowest ICP is strongly
affected by the choice of storage factor (Fig. 5). As brain
tissue with a small storage factor can respond to the osmotic
pressure rise in the blood vessel in a shorter period of time,
brains with a small storage factor also experience a faster
pressure rebound after the osmotic pressure drops as the drug
concentration starts dropping. Therefore, the storage factor of
the brain tissue has multiple effects on the ICP curve.
Interestingly, the virtual patient data show that a smaller
storage factor can lead to a lower minimum ICP, larger time
ratio and higher efficiency during an episode. This indicates
that a small storage factor (saturated brain) is favourable to
osmotherapy.

Furthermore, the Al-assisted in silico trial is evaluated
based on two criteria, the time ratio, and the efficiency. The
model is used to study different patient groups, including
patients with various levels of BBB damage and patients at
different ages, namely the 50s and the 90s age group
populations. In the patient groups with different L, values,
the efficiency varies whilst the time ratio shows a similar
pattern among these groups. Differing from our previous
study on osmotherapy [26], where the dose of the medication
shows a strong influence on specific cases, only patient
groups are considered in Fig. 7b&c. It is challenging to obtain
the exact value of the parameters and it is therefore reasonable
to consider an optimization on a population-averaged level.
In Fig. 7b&ec, the virtual patients show a 2000-2500 Pa
osmotic pressure is sufficient to achieve ICP below 20 mmHg
in most cases. Considering the side effects and the marginal
ICP drop, higher doses are thus not proposed unless radical
treatment is needed in clinical settings. The failure of
osmotherapy can be caused by drug insensitivity or the low
dose of injection [11]. This investigation shows that a dose of
10% (1800 Pa) can induce sufficient ICP drop in most of the
population (Fig. 7&8) and therefore other types of osmotic
agents are suggested if the treatment is ineffective when 10%
hypertonic saline has been used.

The simulation results present a higher possibility of
osmotherapy failure in the 90s population and the virtual
patient groups show that a larger dose is needed for the elderly
(90s) population to guarantee an ICP below 20 mmHg (Fig.
8). Furthermore, the density plot of time ratio in the 90s show
a threshold in the effectiveness in osmotherapy (Fig. 8d).
Therefore, a failure in osmotherapy can have multiple reasons:
ineffectiveness when using small doses below the threshold;
and insensitivity of patients to certain types of osmotic agents
[2, 30]. Therefore, the dosage needs to be sufficiently
improved before another osmotic agent or other therapeutic
strategies are considered.

Finally, the DNN model provides fast inference of ICP
curves and therefore is a tool for more in-time clinical
decision-making. DNN also provides more flexibility
compared to FE simulations and has the potential to
incorporate multi-modal data compared to traditional FEM.
The current model is only trained by biomechanical
parameters. Once there are more clinical data and improved
understanding of more complex biochemical and
physiological factors, it can incorporate more patient

characteristics, such as age, sex and medical history for better
prediction of optimised treatment strategy.

Limitations

This study has several limitations. Firstly, the multi-
compartment model comprises many model parameters and
determining the accurate values of all of the parameters is
highly challenging. Due to the limited experimental data,
there lacks comparison between the parameter values in
different studies. As far as we know, [32, 33] are the only
study on the tissue hydraulic conductivity conducted by one
group. The tissue hydraulic conductivity value is thus chosen
from the range of experimental data in [32, 33]. However,
such value can depend on the experimental methods and brain
tissue samples used, and therefore can be further examined
when more experimental data become available in parallel
studies. Secondly, the parameters including K, ¢, and L,
data for different age groups are not yet available in the
oedema brains and experimental data from healthy brains are
used [31, 43, 52-54]. The risks of in-vivo measurements of
ICP also make the existing ICP clinical data very rare and
these clinical studies are limited to only severe cases of brain
oedema. Thirdly, only normalised blood flow is considered in
the FE model after stroke treatment. In clinical settings, there
can be reduced blood flow due to vessel collapse and clot
fragmentation [60, 61], and increased blood flow caused by
hypertension after reperfusion [62]. There still lacks a full
mathematical description of these phenomena and this can
make the modelling of oedema more complicated. According
to previous studies, however, the effects of vessel collapse
and clot fragmentation are wusually local [60] and
hyperperfusion is the less common compared to normalised
blood flow [62, 63]. We thus consider the idealised scenario
of a normalised blood flow in the FE model is reasonable. A
further developed model that includes these scenarios will
require a better mathematical description of the blood flow
regulation and local occlusions. Furthermore, variations of
brain geometry are neglected as this study focuses on the
pressure evolution during osmotherapy. The deformation has
been shown to be a fast time scale variation compared to
pressure change in oedema and thus has limited impact on ICP
evolution [29]. However, the treatment of oedema can also
involve brain surgeries such as craniectomy and this will
require further future development of the model for the
simulation of brain tissue deformation. Finally, the model
only takes into account the difference in the brain mechanical
properties among patient groups. Other factors such as
biochemistry and pathology are not considered here.

V. CONCLUSIONS

In conclusion, this is the first study combining the
conventional FE model with Al methods to investigate
osmotherapy on a quasi-population level to the authors’
knowledge. The model bridges the gap between biophysical
laws and bioinformatics to provide a novel approach to
studies various patient groups in osmotherapy. Once more
accurate mechanical properties and physiological parameters
of the brain become available. The model will be able to




provide a more accurate prediction of clinical outcomes and
thus improve the clinical treatment of brain oedema.

APPENDIX

Appendix A: Parameter Value Ranges

The experimental data from the previous studies are

summarised in Table Al:

TABLE A1:
EXPERIMENTAL DATA AND THEIR SOURCES FOR PATIENTS IN 50S AND
90s.

Physiological Parameters

Arteriole blood 95+11 mmHgin 98+11 mmHgin

pressure [51] the 50s the 90s
Tension shear Around 500 Pa in Around 250 Pa in
modulus [31] the 50s the 90s
CSF production 0.41£0.24 in the 0.19£0.07 in the
rate [52] 30s 80s
Vessel wall leakage 5 5 i the 505 12 min in the 90s
rate [43]

An around two times difference are shown in L, and

tension shear modulus between the 50s and 90s groups.
Although the vessel leakage rate is measure in healthy brains,
the value is simply taken to be around 1.5 times in oedema
patients as there is not yet any relevant dataset.

Appendix B: Model Parameters

TABLE B1:
MODEL PARAMETERS.

Parameter Values
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