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Laser ablation (LA) is a minimally invasive cancer therapy that uses laser energy to selectively heat and destroy
cancerous tissues while minimizing damage to surrounding healthy tissue. Accurate temperature predictions derived
from mathematical models are instrumental in optimizing treatment outcomes. These models assist surgeons during
both pre-operative planning and intraoperative guidance. However, their accuracy can be compromised by inherent
model limitations, measurement errors, or parameter uncertainties. To address this challenge, we combined the
Delayed Rejection Adaptive Metropolis (DRAM) algorithm, an advanced version of the Markov Chain Monte Carlo
(MCMC) method, with bioheat equations to tune and quantify key parameters influencing temperature distribution.
Our findings showed that laser standard distribution, tissue absorption coefficient, and thermal conductivity impact
the temperature profile, with correlation coefficients of —0.64, —0.36, and 0.15, respectively. To validate the model,
temperature data were obtained from an experimental LA setup using ex vivo porcine liver, monitored by fiber Bragg
grating sensors. After tuning the model parameters, the simulation accurately predicted temperature distributions
within 1.0 £+ 0.5 °C. Additionally, the parameter distributions were available at each time point during ablation,

offering valuable insights for real-time decision-making, particularly regarding laser energy delivery.

1. Introduction

Laser technology has advanced significantly, prompting extensive
research into its medical applications, particularly cancer treatment
(Goldman, 2013; Fan et al., 2024). Currently, laser ablation (LA) stands
out for its minimally invasive treatment and fewer side effects compared
to conventional chemotherapy or radiation (1zzo, 2003; Vogl et al., 2014;
lancuetal., 2011). Since targeted heating causes coagulation and necrosis
of malignant tissue, precise temperature prediction is essential for
monitoring, controlling, and optimizing therapy. Robust modeling also
minimizes damage to healthy tissue and informs the development of
novel or improved clinical protocols (Singh and Melnik, 2020). Numerous
studies emphasize the importance of predictive modeling in LA, including
investigations into interstitial plasmonic photothermal therapy
(Kannadorai and Liu, 2013), Monte Carlo simulations (Kim and Kim,
2022), and tuning photothermal properties of gold nanodendrites for in
vivo cancer therapy (Qiu et al., 2016). Mathematical models have been
developed for hepatic, pancreatic, skin, and prostate cancer (Mohammadi
et al.,, 2021a; Wongchadakul et al., 2018; Wessapan et al., 2011;
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Namakshenas et al., 2023a; Marin et al., 2021), yet their predictive ac-
curacy relies heavily on thermal and optical tissue properties, which
control heat absorption and dissipation. The effect of thermal and optical
properties on temperature distribution is a well-investigated topic.

Several studies have attempted to measure the thermal (Lopresto
etal., 2019; Silva et al., 2020; Mohammadi et al., 2021b) and optical (Ritz
et al., 2001; Germer et al., 1998; Van Hillegersberg et al., 1993; Carneiro
et al., 2020) properties of biological tissues. However, these studies often
report single constant values without accounting for uncertainty, which is
critical for reliable treatment planning. Moreover, many variables influ-
encing LA are difficult to measure or model which creates discrepancies
between theoretical models and experimental observations. Most existing
measurements were performed under steady-state conditions, thereby
overlooking the dynamic processes, such as gradual temperature in-
creases and high-temperature drift, occurring during treatment.

In brief, ongoing efforts are seeking to enhance model accuracy to
improve surgical outcomes. One promising strategy involves prediction
correction methods such as Kalman filtering, which can capture the
dynamic and nonlinear behavior of processes (Schulmann et al., 2022).
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For instance, the Unscented Kalman Filter (UKF) was employed within a
data assimilation Bayesian framework to reconstruct temperature maps
by estimating both parameters and state variables (Schulmann et al.,
2022). Despite these advances, the role of uncertainties in LA remains
underexplored.

In this work, we employed Markov Chain Monte Carlo (MCMC) to
refine the parameters of the bioheat model (Mohammadi et al., 2021a)
and gain deeper insight into how tissue and laser properties affect pre-
dicted temperature distributions in laser ablation. Beyond improving
predictive accuracy, this approach clarifies how parameter uncertainties
influence temperature outcomes, offering a more robust framework for
LA treatment planning. Specifically, we reduce the bioheat model to a
fast numerical form, then tune thermal conductivity, the laser standard
deviation, and the absorption coefficient to reconcile discrepancies be-
tween experimental measurements and theoretical predictions. By
addressing poorly measured parameters and their inherent un-
certainties, our method addresses a key limitation in conventional bio-
heat modeling.

2. Material and methods
2.1. Bioheat transfer model

Pennes’s bioheat equation is widely acknowledged as a prominent
model used for predicting heat transfer in biological tissues (Wessapan
etal.,, 2011; Arkin et al., 1994; Jaunich et al., 2008; Ng et al., 2010; Paul
et al., 2014; Dua and Chakraborty, 2005; Wu et al., 2018).

oT ko[ dT\ , &T
Pcpﬁf; % (rg> +k@ + Quaser @

where the left-hand side of Eq (1) denotes the time-dependent term. The
first and second terms show the heat conduction in r and z directions,
and the last one is the laser heat source which is absorbed by the tissue.
Here, p denotes the tissue density (kg/m>), Cp represents the tissue
specific heat capacity (J/(kgeK)), k is the tissue thermal conductivity
(W/(meK)), and Qqgser is the applied laser energy. All boundary condi-
tions were considered free heat convection transfer since the experiment
was performed in a condition without any air velocity or isolated
boundaries. The model is considered two-dimensional since the cross-
section of the laser beam is circular (Fig. 1). Consequently, in cylindri-
cal coordinates, there is no heat transfer in the 8 direction (Kishore et al.,
2022; Hobiny and Abbas, 2020).

The model uses the Beer-Lambert law to describe laser absorption.
Additionally, the model and experiment are conducted under ex vivo
conditions, meaning that metabolic heat and blood perfusion are not
included in the model. Eq (2) describes the laser intensity 1(z) (W/m?)
(Saccomandi et al., 2012):

I(z) = Le(™/>"") (@)

where r is the radial distance (mm), ¢ is the width of the irradiated area
(mm), and Iy is the irradiation intensity in the surface defined as:
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Fig. 1. Schematic representation of tissue laser ablation showing heat transfer
in the radial (r) and angular (0) directions across all depths (z). The laser fol-
lows a Gaussian distribution, and the sensing length highlights the
affected region.
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where P indicates the laser power (W).

According to Beer-Lambert law, the interaction of laser light with
biological tissue can be expressed as the exponential attenuation of light
intensity, which is proportional to the product of the tissue absorption
coefficient, the path length of light through the tissue, and the incident
light intensity (Saccomandi et al., 2012):

QLaser = ”eferﬂ‘effZ (4)

where z is the depth of the tissue (m), and pis the effective attenuation
coefficient (1/m).

2.2. Numerical model to solve the governing equations

The method of line (MOL) was utilized to solve the bioheat equation.
This method transforms partial differential equations (PDE) into ordi-
nary differential equations by replacing spatial derivatives with differ-
ence expressions (Kamont, 1999). Therefore, Eq (1) was converted to
ordinary differential equations (ODE), then ODEs were solved using the
explicit Runge-Kutta method. Fig. 1 shows the coordinate of the model
presented in Eq (1). Eq (5) presents the discretized version of the main
equation, n, m, and w are discretized numbers in r, z, and time.
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2.3. Markov chain Monte Carlo

Sampling is a process used to represent a population by selecting a
subset of data. In statistical modeling, sampling techniques help esti-
mate parameters based on a target distribution (Sorensen et al., 2002).
Among these, MCMC is a simulation-based method that relies on the
generation of a sequence of random samples from a target distribution
(Brooks and Gelman, 1998). Once convergence is reached, the samples
can be used to estimate the model parameters by calculating their mean
and associated standard deviation. MCMC is especially valuable for
complex models, as it enables full posterior estimation and provides a
comprehensive assessment of parameter uncertainty (Gelman et al.,
2013). Adaptive Metropolis (AM) and Delayed Rejection (DR) are two
methods that improve the MCMC performance (Smith and Roberts,
1993). These methods have been used in different areas of science to
estimate the model-associated parameters, the unmeasured values and
the design variables (Cui et al., 2011; Mohammadi et al., 2018; Wang
et al., 2021). Moreover, in the biomedical area, few researchers have
used these methods for parameter estimation and inferencing (Paun
et al., 2020; Schiavazzi et al., 2017; Dhamala et al., 2018).

The Markov chain is a stochastic process that moves from one state to
the next using a sequential approach. It starts at the initial state x(1) and
uses a transition conditional function p(x(t)|x(t —1)) to move the next
state, x(2). In this iterative procedure, the next state of the chain at t + 1
depends only on the previous state. In this method, a Gaussian distri-
bution is calibrated using the sample path of the MCMC chain. The
Gaussian curve is centered at the current position of the Markov chain,
Xp, and its covariance is obtained by: n = s4Cov(Xo, . . ., Xn_1) + Sq€lg,
where s, is a scaling parameter that depends only on the dimension d of
the state space where 7 is defined. ¢ > 0 is a constant that should be
selected to be very small (e.g., 10> to 107%). I denotes the d-dimen-
sional identity matrix (Haario et al., 2001).

n<ng

Co
C"{ $aCov(Xo, .. Xn-1) + Sqela n > ng (6)

To start the adaptation procedure, an arbitrary initial covariance, Co,
is chosen according to a priori knowledge. A time index, ny > 0, defines
the length of the initial non-adaptation period.

The empirical covariance matrix is determined by Xo,. .., Xy € R4:

k
COV(X(), ~~~Xn—1) :% <ZX1X1T - (k+ l)A)_(k)_(lt> (7)
i=0

where X = kiﬁZLXi and the elements X ; € Rq are considered as a
column vector and the covariance C, satisfies the recursive formula
when n > ny:

(8)

Cn+1 =
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Delaying Rejection (DR) is a strategy that improves the Metropolis-
Hasting (MH) algorithm. Assuming that the position of the chain at
time (t) is X; = x, a candidate y; is generated from q;(x,dy) and accepted
with the following probability a; (x,y;) (Haario et al., 2006a):

7(y1)q1 (1, %) N,

ax,yn)=1N———-"=1AN—
o= g ey D,
The second stage proposal, i.e., g2(x,y1,Y2), depends on the initially
proposed and subsequently rejected values. Therefore, g»(x,y1,y2) can
be accepted with the following probability as(x,y1,y») (Haario et al.,
2006a):

©)
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At the ith stage, g; denotes the proposal, and the acceptance proba-
bility at that stage is as follows (Mira, 2001):

(X, y1, ., y) =1 AB: an

If the ith stage is reached, it means that N; < D; forj =1,...,i— 1,
therefore aj (x,yl,. LY ) is simply N;/D;,j=1,...,i—1 and a recur-

sive formula is obtained:
D; =qi(x,...,¥:)(Di-1 —Ni_1) 12)

which leads to:

D; = qi(x, ..., ¥)[qi1(%, .. ¥ie1)[Gi—2(%, .-, Yi2)-.. as)
(@20, ¥1,¥2)[q1 (%, y1)7(x) — N1] — No] — N3]...N 1]

Regardless of the initial state, Markov chains eventually converge to
a stationary distribution, meaning that the starting state does not impact
the final estimation (Haario et al., 2006b).

Fig. 2 illustrates the design procedure flowchart proposed and
implemented in this study. In this design framework, the Delayed
Rejection Adaptive Metropolis (DRAM) algorithm is integrated with the
bioheat model to tune the model parameters. The first-principles model
(FPM) of the laser—tissue interaction (Eq. (1)) was solved numerically.
The DRAM algorithm is then used to identify an optimal set of model
parameters (P) that align the modeled temperature distribution with the
target profile measured by a network of Fiber Bragg Grating (FBG)
temperature sensors. In the MCMC loop, newly calculated values are
compared with previously sampled values to gradually converge toward
the stable posterior distribution of the parameters.

2.4. Parameter selection

To enhance the accuracy of the model, it is essential to carefully
select the most influential parameters. In this study, both the correlation
coefficient and mutual information were calculated between the nomi-
nated parameters and the maximum temperature reached after 45 s of
LA. This analysis helps identify which parameters affect the temperature
distribution, thereby guiding parameter tuning and model refinement.

The correlation coefficient, p(X,Y), is a widely used statistical mea-
sure for quantifying the strength and direction of a linear relationship
between two variables, X and Y. Its value ranges from —1 to +1, where
values near +1 indicate a strong linear correlation, and values near
0 suggest a weak or no linear relationship. A positive value reflects a
direct correlation, while a negative value indicates an inverse relation-
ship. Eq (14) defines the calculation of p(X,Y) between two datasets:

Cov(X,Y)
OxO0y

pX.Y)= a4

where Cov(X, Y) is the covariance of vectors X and Y, and ox and oy are
the standard deviation of X and Y, respectively.

Another tool for assessing the relationship between two variables, X
and Y, is mutual information. Mutual information measures the mutual
dependency or information shared between two datasets (Cover and
Thomas, 1991). It quantifies how much knowing the value of one vari-
able reduces uncertainty about the other variable. High mutual infor-
mation indicates a strong relationship or dependency between the
variables, while low mutual information suggests a weak relationship or
independence. (Moon et al., 1995). Mutual information is not limited to
linear relationships and can capture any type of dependency between
variables, including nonlinear and complex relationships (Kraskov et al.,
2004). Mutual information between two vectors X and Y is defined as
(Cellucci et al., 2005):

1069 = 3 plx.y) og (P as)

yeY xeX
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Parameter Feedback
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Distribution

Prior Target
Distribution

Ground Truth
Temperature
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Fig. 2. Schematic representation of the sampling framework. The approach integrates the Delayed Rejection Adaptive Metropolis (DRAM) algorithm to find the
posterior distribution of model parameters using the First Principles Model (FPM) for simulating the laser-tissue interaction. A feedback loop compares the ground
truth temperature distribution with the prior target distribution to iteratively tune the parameters (Py, Py, ..., Py).

porcine liver tissue. The following settings were used: laser wavelength
of 808 nm, laser beam diameter equal to 1 cm, laser power of 5 W, two
irradiation times: 45 s and 180 s. A network of temperature sensors
based on FBG technology was employed to measure the temperature and
a collimated contactless ablation at a 5 cm distance from the surface. For
detailed information on the measurement systems used in this study,
readers are referred to two previous studies that provide comprehensive
insights (Morra et al., 2020; Korganbayev et al., 2020).

where p(x,y) is the joint probability distribution function of X and Y; p
(x) and p(y) are the marginal probability distribution functions of X and
Y, respectively.

2.5. Experimental setup

The experimental setup used to measure temperature is shown in
Fig. 3. In this experiment, contactless LA was performed on ex vivo

(a)

O Q Nominated Sensors to Reconstruct the Laser Distribution

Maximum Temperature (C)

1.2 mm Embedded Sensor Above Tissue

2mm -~

Embedded Sensor Within Tissue

Fig. 3. (a) Schematic view of contactless laser ablation set-up, (A) collimator, (B) laser source (C) Optical interrogation unit, (D) hepatic tissue container, (b) hepatic
tissue and embedded sensor arrays, (c) 6 selected arrays of sensors to reconstruct laser distribution and tune the parameters.
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The ground truth temperature data were collected from 240 FBG
sensors embedded in 6 arrays inserted into the ex vivo hepatic tissue.
These arrays were strategically positioned to capture the temperature
distribution both on the tissue surface and at a depth of 2 mm. To ac-
count for the symmetrical temperature distribution in the 6 direction,
one array was considered above the surface and one below. To recon-
struct the laser energy distribution, assumed to follow a Gaussian pro-
file, and heat dissipation along the z-direction, three individual sensors
were selected above the tissue surface (from a total of 40) and three
below (from another set of 40), as shown in Fig. 3(c). The use of these 6
sensor arrays ensures a reliable estimation of the laser beam distribu-
tion, as well as the optical and thermal properties.

3. Results and discussion
3.1. Parameter selection

To determine which model parameters have more influence on the
temperature distribution, correlation coefficients and mutual informa-
tion were calculated between the maximum temperature and a selected
set of parameters: thermal conductivity (k), specific heat capacity (Cp),
absorption coefficient («), and laser standard deviation (8), the latter
describing the characteristic diameter of the laser beam acting on the
tissue surface. Each parameter varied over 20 values within +80 % of its
nominal range, resulting in 160,000 simulations. This approach allowed
for de-correlation of their effects and enabled a clearer assessment of
their individual impact. Table 1 summarizes the corresponding corre-
lation and mutual information values.

Among the parameters analyzed, 8, a, and k showed a stronger in-
fluence on the maximum temperature, as indicated by higher correlation
coefficients and mutual information values, whereas Cp exhibited min-
imal impact and was therefore excluded from further analysis.
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3.2. Model parameters tunning

The DRAM algorithm was used to tune the parameters of the bioheat
model through 15,000 sampling iterations, initialized with literature-
based values (Mohammadi et al., 2021b) and a variance range of
+100 % around each nominal value. Fig. 4(a) presents the sampling
chains for the three parameters, each containing the first 5000 samples.
Convergence to a stable posterior distribution is observed after
approximately 1000 iterations, indicating efficient algorithm perfor-
mance with a relatively low number of samples.

Fig. 4(b) presents the sampled values for each parameter along
with two confidence intervals plotted against the maximum tem-
perature. The intervals represent 90 % and 50 % confidence levels,
respectively, providing a quantitative measure of uncertainty in
both parameters and maximum temperature. Wider intervals indi-
cate higher uncertainty, while narrower intervals reflect lower
uncertainty. To focus on the steady-state posterior distribution, the
initial 1000 samples (burn-in period) were excluded from the
analysis.

Table 2 summarizes the final Gaussian distributions of the tuned
parameters derived from the experimental data, alongside the values
reported in previous research.

To evaluate the performance of the new parameters under different
conditions, the experiment was conducted using a laser power of 3.5 W
and an exposure time of 200 s. This experiment guarantees the reliability
of the model in different conditions, such as higher temperatures and
different laser powers. The results of this experiment for maximum
temperature plus model prediction with its corresponding uncertainty
bound (20) are presented in Fig. 5.

Table 3 presents the mean percentage error (MPE) calculated for
each of the selected sensors, quantifying the average deviation between
the predicted and experimentally measured temperatures over the entire
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Fig. 4. a) Generated chain for three parameters based on 5000 samples, b) Generated samples with 50 % and 90 % confidence intervals versus maximum tem-

perature after 45 s. The red point represents the average of the samples.

Table 2
The previous and modified parameters by DRAM.
Parameter k (W-m’l-K’l) 8 (mm) o (cm’l)
This Research Mean 0.213 7.803 15.385
Standard Deviation 0.086 0.053 0.561

Previous Research

0.52 (Mohammadi et al., 2021b)

6.40 (Mohammadi et al., 2021a) 16.50 (Mohammadi et al., 2021a)

Uncertainty Bound
——Model Prediction
—— Experimental Data

448 -
423 A
398 A
373 A
348

323 A

Maximum Temperature
[K]

298 L L L) Ll
0 30 60 90 120 150 180

Time [s]
Fig. 5. (a) Predicted maximum temperature with 2¢ confidence intervals

compared to experimental measurements. (b) Predicted and experimental
maximum temperature profiles at 3.5 W laser power over a duration of 200 s.

LA duration. MPE provides a metric for evaluating the accuracy of the
model across different sensor positions.

3.3. Discussion

First-principles models depend on experimentally measured param-
eters to predict system behavior, but these parameters often fail to fully
capture real-world variability. This problem leads to discrepancies be-
tween simulations and experimental results. To overcome this, we
employed Markov Chain Monte Carlo to tune poorly measured param-
eters and quantify their associated uncertainties. In LA therapy, such
uncertainties arise from biological variability, tissue property changes,
measurement errors, and clinical practice differences (Kirisits et al.,
2014). By tuning parameters and assessing uncertainty, our approach
improves model accuracy and reliability, supporting better-informed
decisions and enhancing treatment outcomes.

1) Findings of This Research Study

The results indicate that laser standard distribution significantly
impacts the predicted temperature distribution (Table 1), underscoring
its critical role, especially in real-time monitoring scenarios. The ab-
sorption coefficient was identified as the second most influential
parameter, followed by thermal conductivity. Given that thermal and
optical properties change during ablation (Nagarajan et al., 2018),
continuous tuning of these properties is necessary for reliable
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Table 3

Journal of Thermal Biology 131 (2025) 104191

Mean percentage error for prediction of six nominated sensors.

Predicted Temperature Error (K)
Experiment Parameters Sensor | Sensor | Sensor | Sensor | Sensor | Sensor
conditions @ )] 3 “) S | ©
5W New parameters J1.135 0.251 J 0.712 | 0.186 | 0.222 J 0.441
(Training data) | Old parameters [17] | 3.540 | 4.157 | 5.370 | 6.564 | 7.124 | 7.083
35W New parameters 1.213 | 0.936 | 1.354
B = — Not Measured
(Test data) Old parameters [17] 3.24‘0 2.980 | 4.780

temperature predictions. Overall, parameter analysis highlights the ne-
cessity of carefully considering laser standard distribution, optical
properties, and thermal conductivity.

MCMC provides two primary predictive advantages. First, it gener-
ates probability distributions for all parameters and temperature to
quantify the uncertainty associated with each parameter (Fig. 4). This
estimation is particularly valuable for clinical decision support and is a
feature typically absent in simpler prediction-correction or first-
principles models. Second, MCMC predicts temperature distributions
at every mesh node within the tissue domain, rather than a single-point
estimate at each time step provided by traditional methods. By pro-
ducing node-specific temperature distributions at each time step, MCMC
enables detailed quantification of uncertainty, thereby enhancing the
reliability and robustness of temperature predictions.

It is important to note that different datasets may yield different
tuned parameter values. The values presented in Table 2 reflect the
specific experimental data utilized in this study. For example, while
hepatic tissue generally exhibits a thermal conductivity of approxi-
mately 0.5 W/(m-K) at temperatures below 85 °C (Mohammadi et al.,
2021b), our average tuned value was around 0.21 W/(m-K). This
discrepancy may result from sensor misplacement along the z-direction,
variations in experimental conditions, or other unaccounted factors. The
MCMC method inherently attempts to capture these influences by tuning
parameters accordingly.

Fig. 5 demonstrates that the tuned parameters remain valid and
reliable even outside the original training data range and under varying
conditions, highlighting the effectiveness of the implemented strategy. A
slight discrepancy between the model and experimental results at higher
temperatures can be observed, likely due to unmodeled phenomena such
as tissue water vaporization. Although previous studies have success-
fully accounted for water vaporization (Mohammadi et al., 2021a), we
simplified the bioheat model by excluding this factor to make it faster.
LA therapy is most effective at above 60 °C, where irreversible tissue
damage occurs (Huang et al., 2008), but must remain below approxi-
mately 80 °C to avoid tissue charring (Huang et al., 2006). Given these
clinical constraints, our model simplifications remain valid.

The findings in Table 3 indicate a reduction in the discrepancy be-
tween the model and experimental results, both at the tissue surface and
deeper layers. This improvement is attributed to the incorporation of
temperature measurements at multiple depths within the tissue. By
including these depth-specific measurements, the tuned optical and
thermal properties more accurately reflect their real values.

2) Strengths and Potential of Research Findings

One limitation of traditional methods is their reliance on point es-
timates, such as maximum likelihood estimation, which only provides a
single best guess for parameter values. While point estimates are valu-
able for determining the most likely values, they neglect the uncertainty
associated with those estimates. In contrast, MCMC offers a more robust
solution for assessing uncertainty. MCMC allows for the estimation of
the full posterior distribution of the parameters, which provides a richer

representation of uncertainty. By sampling from the posterior distribu-
tion, MCMC generates a range of plausible values for the parameters
which enables capturing the variability and uncertainty inherent in the
data. By providing estimates of the full posterior distribution, MCMC
enables researchers to incorporate uncertainty into their analyses and
make more informed decisions. This approach acknowledges the
inherent uncertainty in the data and accounts for the effect of unmea-
sured variables or model assumptions.

DR provides an effective framework for improving sampling effi-
ciency, flexibility in proposal distributions, handling high-dimensional
problems, and enhancing robustness to local optima. These benefits
contribute to more accurate estimation and inference in MCMC (Luengo
et al., 2020). Also, AM is well-suited for scenarios where the target
distribution changes over time or exhibits non-stationary behavior,
further enriching the robustness and adaptability of the MCMC
framework.

Expanding on this, the incorporation of individual patient charac-
teristics into our proposed model would allow for personalized treat-
ment, which could significantly improve the efficacy of medical
interventions and lead to better health outcomes. By tuning parameters
based on individual patient data, the model can adapt to the unique
needs and conditions of each patient, offering a therapeutic approach
that is more likely to succeed than one-size-fits-all solutions. This
personalized approach would not only enhance the accuracy of treat-
ment but also increase the overall effectiveness.

3) Exploring the Limitations and Future Work

While this study provides valuable insights, it is important to
acknowledge certain limitations that open the doors to future research.

First, using MCMC can be computationally intensive, particularly for
complex models or high-dimensional parameter spaces. Compared to
optimization algorithms or simpler sampling techniques, MCMC may
require more time to converge (Andrieu et al., 2003). Nevertheless, its
ability to explore complex parameter landscapes and provide probabi-
listic estimates often justifies the additional computational cost. To
address this limitation, we employed an adaptive MCMC approach that
dynamically tunes the proposal distribution during sampling. This im-
proves convergence efficiency and is particularly advantageous in
real-time applications, as it accelerates the attainment of a steady pos-
terior distribution. Further improvements in computational efficiency
can be achieved through parallel computing, using multi-core processors
or distributed systems to perform sampling in parallel to reduce
computation time. Alternatively, Approximate Bayesian Computation
(ABC) offers a promising solution. ABC is a simulation-based method
that bypasses the need for explicit likelihood evaluation by comparing
summary statistics between observed and simulated data (Beaumont,
2019). This makes it a more computationally efficient alternative,
especially suitable for real-time parameter estimation (Beaumont et al.,
2002). Additionally, building a curated dataset encompassing a range of
experimental conditions would allow for updating parameter estimates
under varying operational scenarios. A deeper understanding of the
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laser-tissue interaction and the physical behavior of the system is also
essential. Such knowledge enables setting realistic parameter bounds,
facilitating faster convergence and improved sampling efficiency with
fewer iterations, Secondly, the thermal and optical properties of tissues
exhibit temperature dependence, particularly during ablation where
high temperatures are involved (Bianchi et al., 2022). Moreover, in the
context of in vivo conditions, the heat transfer is further influenced by
physiological processes such as blood perfusion, which itself varies with
temperature and tissue viability. Consequently, it is important to esti-
mate these parameters as a function of temperature to accurately model
the LA process. For instance, thermal conductivity can be described as an
exponential function of temperature, characterized by three parameters
(Mohammadi et al., 2021b).

k(T)=a+b-exp (cT) (16)

We can incorporate the appropriate temperature-dependent varia-
tions into the model, by tuning a, b, and c. This allows for a more
realiable representation of the changes in tissue properties during the
LA. It is also worth noting that, under in vivo conditions, parameters such
as blood perfusion rate, metabolic heat generation, and tissue thermal
properties are often treated as constant (or preset functions of space).
However, these quantities can change dynamically with both tempera-
ture and tissue state. For example, blood perfusion may increase due to
vasodilation at moderate hyperthermic levels but significantly decrease
at higher temperatures due to vascular stasis or coagulation (Prakash
and Diederich, 2012). Consequently, modeling these dynamic physio-
logical responses is essential when adapting the framework to realistic in
vivo scenarios. Applying our approach in such scenarios will require
careful integration of temperature-dependent functions that reflect
these biological processes. Additionally, future extensions could
consider incorporating realistic anatomical information (Namakshenas
et al., 2023b) where appropriate, including patient-specific features
when clinically relevant. These advancements would enhance the
model’s applicability toward treatment planning in clinical settings.

4. Conclusions

This study demonstrates that tuning key laser and tissue parameters
improves first-principles model (bioheat equations) predictions of tem-
perature in soft tissue laser ablation. We coupled the Delayed Rejection
Adaptive Metropolis (DRAM) algorithm with a bioheat model, using ex
vivo porcine liver data to find thermal conductivity, absorption coeffi-
cient, and laser beam distribution (standard deviation). The analysis
showed that laser beam standard deviation and absorption coefficient
had the greatest influence on temperature distribution, while heat ca-
pacity had a minimal effect. After applying the proposed method, the
model accurately reproduced experimental temperature profiles which
confirm its suitability for pre-planning and optimizing laser ablation
procedures.
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