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Abstract.

This work introduces a feasible framework to combine the large language model
(LLM) enabled AI agent with state-of-the-art surrogate-based global sensitivity
analysis (GSA). GSA is a powerful tool for understanding the sensitivity of ar-
bitary engineering system to uncertain variables in terms of external load, system
parameters and etc.. Using machine-learning-based surrogate model can ease the
computational burden in brute-force Monte-Carlo tasks, and then sensitivity in-
dices are obtained in an efficient manner. Furthermore, to automate the process
of such sensitivity analysis and overcome the readness difficulty of sensitivity re-
sults at the workspace, a large language model (LLM) engaged agentic framework
is proposed in this study. The task can be launched by the user at the workspace
in a human-trusted manner. It is further handled by LLM-agent to perform
the surrogate GSA and interpret the sensitivity results to improve the report
development. This study, thereby, sets a reference of the Human-Al-in-the-loop
(H-A-I-L) framework for smart engineering solutions.
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1 Introduction

This study targets at the integration of the Large Language Model (LLM) with the surrogate-
based Global Sensitivity Analysis (GSA) analysis. GSA has become a popular approach for
quantifying the sensitivity of a system’s output features to changes in input parameters. It
makes one feasible approach for engineers or analysts to understand the behavior of the sys-
tem. Targeted at quantified sensitivity results in a statistical perspective, the Sobol’s Global
Sensitivity Analysis (GSA) [1] can be practiced. The parametric Monte-Carlo simulations or
quasi-Monte Carlo simulations are required to be executed for the GSA [2]. The production of



GSA yields those Sobol indices which are decomposed from the total variance of the outputs
[3]. If any featured output is being observed, the Sobol indices can rank the causes by their
sensitivity to the output in a statistical perspective.

Furthermore, the traditional Sobol’s GSA requires computationally expensive Monte-Carlo
simulations. As the machine learning (ML) based surrogates are gaining traction in various
fields, the GSA can be executed by the surrogates [4]. Massive Monte-Carlo tasks can be taken
over by a ML-based surrogate model for efficient execution, and then, sensitivity indices are
obtained in a faster way. Such surrogate-GSA approach [4-9] has gained popularity, becoming
state-of-the-art (SOTA) in engineering analysis.

The above-mentioned GSA has been relying on the knowledge of a data scientist or simulation
engineer to both develop adequate computer programs and interpret the results. It means that
a lot of office hours are required. To leverage the productivity, it is of importance to enable
automated execution and interpretation of the GSA results at workspace, and a novel solution
with LLM is proposed in this study.

The LLM is witnessed as the latest success of Al technology in natural language processing,
established on top of the famous “Transformer” architecture [10]. After the commerical success
of OpenAl since its GPT-3 model [11], the LLMs have been extended to infrastructure services
for program building [12], owing to its capability to output computer code token by token
[13, 14]. The LLM’s human-like processing of context and knowledge enables flexible and reliable
interaction with the users [15].

Benefiting from such tehcnology maturity in this era, it is of interest to set up an LLM-based
agent to get engaged in processing the challenging GSA tasks and developing diagnostic reports.
The human users may interact with the agent in a human-Al-in-the-loop (H-A-I-L) manner, to
set up the new analysis tasks and leave the agent to accomplish them. This approach, then,
is regarded as a viable solution for improving the quality and efficiency in the surrogate-GSA
solution for engineering analysis.

2 Surrogate modeling for GSA
The surrogate construction and subsequent Sobol GSA analysis are the SOTA method in the
latest research of engineering analysis [4-9]. The workflow is depicted in Figure 1.
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Figure 1: Flow chart of the surrogate construction and the Sobol GSA analysis.

The final output of the workflow is the Sobol indices matrix, which includes the sensitivity



results of the system. It can be used for verifying the modeling of the system, instructing the
system design or operation, or model reduction.

2.1 Surrogate construction with Gaussian process regression

For any multi-variate question, if U = (Uy, Us, ..., U, ) is the input vector, there is a corresponding
output vector y = M(U) in the output space. The M(U) is usually developed from the 1st
principles, with the aid of mathematical inference and experimental data. If part of the data is
available, neglecting the stress on the 1st principles, a surrogate M'(U) ~ y can be developed
for the sake of efficiency.

The Gaussian process model is a powerful tool for surrogate modeling, which has already been
shown to be effective in many disciplines [16], involving bridges [17], aircrafts [18], electric towers
[19], vehicles [20], vessels [21, 22], wind turbine systems [23-27] and more. In the geostatistics,
such idea was implemented by Krige, yielding the famous Kriging method. In the recent work
[9] with mathematical proof in detail, the Gaussian process regression (GPR) approach and the
Kriging method are further explained and connected. It is concluded that the GPR and the
Kriging method work in the same mathmatical principles, described in a Bayesian perspective.

If we have random variables Uy, Us,...,Uy as the input variables in variable set U, we can
have U = [uj, uy,...,uy] € R"*? as the input samples for these variables. Each column of
Uis u; € R (4 = 1,2,...,d) is a sample of the input variables U;. We can also write
U = [u®,u®, ... u™]T with each row u® € R? being a sample of the input variables
Ui,Us,...,Uy. And we have corresponding outputs y = [y(l),y@), .. .,y(”)]—r € R™*! as the
output samples which are one-to-one mapped to the input samples. We assume that a function
f(u) exists. And we note the y as the noisy outputs of the function f(u) at the input samples
U.

y=f+e e~N(0,001) (1)
In the equation, f = [f(u®), f(u®),..., f(u™)]T € R™*! includes the outputs of the
function f(u) evaluated at those input samples U = [u), u® ... u]” € R"*¢, We further

decompose the function f(u) into the mean function m(u) and the convariance kernel function

kE(u,u’).
{E[f(u)] = m(u) )

Couv[f(u), f(u')] = k(u, u')

We have a mean function m(u) to describe the global trend of the output samples. And
we let pu = [m(uy),m(ug),...,m(u,)]" € R**! to be the mean of the output samples. If no
specific m(+) is defined, it can be assumed to be constant for all u € U.

If we have a test input sample u in U, and u’ as an arbitary sample in U, we can have
one covariance kernel function k(u,u’). And we have a covariance matrix K € R"*"  with
K;j=k(u® u)fori,j=1,2,...,n

k(u(l), u(l)) k(u(l), u(2)) L k(u(l), u("))
K@ u®) ku® u®) . ku®, ™)
K = . : . : (3)

Then, f is assumed to follow a multivariate Gaussian distribution as

£~ N(pK) (4)



According to Equation 1, with observed outputs y, we can have the joint distribution of y

as
y ~N(pu, K+ 021) (5)

In the equation, I € 1™*™ is the identity matrix of size n X n.

The unknown hyperparameters, apart from the variance of the noise o2, also include pa-
rameters in the kernel function k(u,u’). For different kernel functions, such as the squared
exponential kernel, Matérn kernel and etc., the hyperparameters are different. We note the
parameters in the kernel function as ¢ € RP. We write all the parameters as @ = {¢, 02 }.

To learn the hyperparameters 6, we can use maximum likelihood estimation (MLE). We
maximize the likelihood of the observed outputs y given the input samples U and the hyperpa-
rameters 6.

L(6) =p(y | U,0) (6)
We can further log-transform the likelihood function to maximize the log likelihood function:
1 1
log L(0) = —§yT(K + 021y — 3 log |K + o21| — g log(2m) (7)
k(ulaul;qb) k(u17u2;¢) k(ulaun;¢)
K _ k‘(uz,.ul;cb) k(Uz,}lzsd)) k‘i(u2a?«1n;¢) ®)
k(up,ui; @) k(g ug; @) ... k(u,, u; @)

The log likelihood function in Equation 7 can be maximized with state-of-the-art gradient-
based optimization methods on top of quasi-Newton methods, including popular methods like
L-BFGS [28], as well as state-of-the-art Adam (short for Adaptive Moment Estimation) optimizer
[29] to find optimal kernel and noise parameters. It can be further inferred that, when the prior
of U and y are changed, the hyperparameters @ need to be found again.

After the hyperparameters 0 are learned, we can use the GP model to predict the output at
a new test sample. Let x, € R'*¢ be a test sample, with which we can have a predicted value
f+ € R'. We define the joint prior of y and f, as

2 (ot 5 D) 0
Where:

o k. = [k(u.,uy),...,k(u,,u,)] " € R**!

o ki = k(u,,u,) € R?

e 1 € R™ ! is the mean of the output samples y
e m(u,) € R! is the mean of the test sample u,

If a constant mean function m(u) = p is used, the mean of the test sample u, is p. From
properties of conditional Gaussian distributions, the posterior distribution, based on samples U
and y, for the given test sample x, is denoted as

fe Uy, ue ~ N(E[f.], Cov[f.]) (10)

Based on Equation 9, we can have the mean and covariance of the posterior predictive
distribution as:



Elf)=p+k! (K+02I) 'y R (11)

Cov[f.] = ku — k] (K+021) 'k, € R! (12)

2.2 Global sensitivity analysis with Sobol indices

The Sobol indices are a measure of decomposed variance over the overall variance. Consider a
model Y = f(X1, Xo, ..., Xi), where X; are the input variables. The total variance of the output
Y can be decomposed into components attributable to each input and their interactions. This
is expressed as:

k
V(Y) = Z Vi + Z Vij + Z Vigi+ -+ Via (13)
i=1

1<i<j<k 1<i<j<I<k

Where,
e - V(Y) is the total variance of the output.
e - V; is the variance contribution of the ith input alone (first order effect).

e - V;; is the variance contribution of the interaction between the ith and jth inputs (second
order effect).

e - Higher order terms represent interactions between three or more inputs.

The first-order Sobol index S; for the ith input is defined as the ratio of the variance con-
tribution of the ith input alone to the total variance in Eq. 14. The second-order Sobol index
S;; for the interaction between the ith and jth inputs is defined as the ratio of the variance
contribution of the interaction between the ith and jth inputs to the total variance in Eq. 15.
If onlythe frist and second order Sobol indices are considered, the total Sobol index St; for the
ith input variable is defined as in Eq. 16.

V;
- 14
_ Vi
Sti = S; + Z Sij (16)
1<5<i

For N variables and M features, the total Sobol index matrix S7; is a matrix of dimension
N x M. An example of the total Sobol index matrix is shown in Table 1.



Table 1: Total Sobol index matrix Sp; for N variables and M features

X, Xy - Xn
Yi | Stin Stai2 - Stan
Yo | Srp1 Stp2 - StanN
Yu | Sty Stm2 - StomN
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Figure 2: LLM agent integration framework

The overall framework of LLM agent integration is shown in Figure 2. The human analyst are
given with the right to trigger the overall analysis process. The Al agent, with the instructional
agent skill and human analyst’s prompts, may target at the specific analysis task, developing
the computer script, interacting provided simulation tools and statistical processing tools. For
equiping Al agent with the capability of performing the surrogate-based GSA analysis, several
prerequisite conditions are needed to be met, as shown in Table 2.



Table 2: Prerequisite conditions for the surrogate-based GSA analysis

Prerequisite condition Example

LLM foundation model GPT-5.6-luna [30]

LLM agentic framework Codex-server [31]

Programming language Python [32]

Simulation tool In-house or licensed FEM program, ODE solvers, etc.
Statistical processing tool Scipy [33]

GSA tool SAlib [34, 35]

Surrogate modeling Scikit-learn [36]

The agent skill instruction may tell the Al agent how to call the simulation tools and the
proceedure of the surrogate-based GSA analysis. In this study, the simulation tools are self-
developed and set to be detectable by the working environment of the Al agent. In addition,
the simulation tool and the post processing can also be obtained through APIs that the private
or industry can adapt to their solutions. For example, the licensed numerical tool such as
finite element software can be called through the API. And the preprocessing related to any
parameters can be done through the API.

4 Design of case studies

Case studies are designed in this study to test if the Al agent can provide reliable solutions for

the surrogate-based global sensitivity analysis (GSA). The studies at this initial stage should be

simple but mathematically representative for the problems in the marine engineering domain.
Therefore, three case studies are arranged according to increasing model complexity. Their

respective roles within the validation framework can be summarized as

Ishigami — 10-bar truss — mass-spring-damper . (17)
~—— —
Analytical Deformable structural Floating vessel’s dynamic

pseudo limite state function finite element model ODE model

For each case, the same general computational procedure is followed. A reference dataset
is first generated from the original model. A subset of these samples is subsequently used to
construct the surrogate model, after which global sensitivity indices are evaluated using the
surrogate rather than the original simulator. The surrogate-based results are finally compared
against reference sensitivity indices obtained through a sufficiently large direct Monte Carlo
analysis. The comparison therefore evaluates two related quantities: the approximation of the
model response,

X =Y ~Y(X), (18)

and the approximation of the corresponding sensitivity measures,

{SUST1}% {S%STl}7 (19)

where S; and ST, denote the reference first-order and total-effect Sobol indices, respectively.

By progressing from a benchmark with known analytical sensitivity indices to structural and

dynamic numerical models, the three examples provide a systematic basis for investigating the

accuracy, computational efficiency, and generalizability of the proposed surrogate-GSA method-
ology.



4.1 Case I: Ishigami Function
The Ishigami function is adopted as the first benchmark because it is a well-established analytical
test function for global sensitivity analysis. It is defined as

y = sinz; + asin® zo + brj sinxy, (20)

where

v ~U(-m,7), i=1,2,3, (21)

and the commonly used parameter values are

a="7, b=0.1. (22)

Although the model contains only three uncertain variables, it exhibits pronounced nonlin-
earity and a strong interaction between x; and x3. Moreover, its Sobol sensitivity indices are
available analytically, making it particularly suitable for verifying the complete surrogate-GSA
workflow.

This case therefore provides a controlled benchmark in which errors arising from surrogate
construction can be distinguished from errors introduced by the sensitivity-analysis procedure
itself. A successful surrogate-based method should reproduce both the first-order and total-effect
sensitivity indices with a relatively small number of evaluations of the original function.

4.2 Case II: Ten-Bar Truss Structure

The second case considers the classical ten-bar planar truss problem as shown in Figure 3.
Compared with the Ishigami function, this example introduces a physically meaningful struc-
tural model in which uncertain design or material parameters are propagated through a finite-
dimensional structural equilibrium problem.
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Figure 3: Illustration of the ten-bar truss structure.

For a linear elastic truss structure, the static equilibrium equation can be written as

K(u)x = F(u), (23)

where K is the global stiffness matrix, x is the nodal displacement vector, and F denotes the
externally applied load vector. The uncertain parameter vector x may include quantities such
as the cross-sectional areas of selected members, Young’s modulus, and applied loads.

A representative quantity of interest may be defined as a nodal displacement,



y(u) = z;(u), (24)

or alternatively as the maximum member stress,

y(u) = max|oi(w) (25)

The ten-bar truss provides an intermediate benchmark between an analytical function and
a dynamic simulation. Its input—output relationship is generated through a structural solver,
while each individual model evaluation remains sufficiently inexpensive that a large Monte Carlo
reference solution can be produced. Consequently, high-fidelity estimates of the Sobol indices
can be obtained and used as reference values for assessing the surrogate-assisted analysis.

This case is particularly useful for examining whether the surrogate model can correctly
identify influential structural parameters and reproduce the relative importance of variables
affecting displacement or stress responses.

4.8 Case III: Mass—Spring—Damper Dynamic System
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e

Figure 4: Illustration of the linear mass—spring—damper system.

The third case introduces a time-dependent mechanical system represented by a single-degree-
of-freedom mass—spring—damper oscillator, as shown in Figure 4. The governing equation is

mi(t) + ci(t) + kx(t) = u(t; 9), (26)

where m, ¢, and k denote the mass, damping coeflicient, and stiffness, respectively, while
f(t; 0) represents an external excitation characterized by a set of uncertain parameters 6.
The uncertain input vector can therefore be expressed generally as

U=[m,c k01, ...,0,". (27)

Unlike the previous two cases, the direct output of the numerical model is a time series. A
scalar quantity of interest must consequently be extracted from the dynamic response before
constructing the surrogate model. Possible response quantities include the maximum absolute
displacement,

Ymax = O?tagXT “T(t”? (28)

T
Vious = ,/% /O 22(t) dt, (29)

the root-mean-square response,



or other response statistics relevant to the considered application. This example represents a
more realistic surrogate-modeling problem because each input sample requires the solution of a
differential equation followed by response post-processing. It therefore allows the computational
advantage of surrogate-assisted GSA to be demonstrated more clearly. In addition, the case
provides a natural transition toward more computationally demanding engineering simulations
in which repeated direct evaluations for Monte Carlo-based sensitivity analysis may become
prohibitively expensive.

4.4 Variables in case studies

To evaluate the effectiveness and robustness of the surrogate-assisted global sensitivity analysis
(GSA) framework, three benchmark problems with increasing levels of physical and computa-
tional complexity are considered. The selected cases are: (i) the Ishigami function, (ii) a ten-bar
truss structural model, and (iii) a mass—spring—damper dynamic system. Together, these ex-
amples provide a progressive test hierarchy ranging from a purely analytical nonlinear function
to structural and time-dependent engineering models. The uncertain inputs of each problem,
together with the corresponding sampling distributions, are listed in Table 3.

Table 3: Input variables and sampling distributions. All inputs within each problem
are sampled independently.

Problem Variable(s)  Distribution or sampling range
Ishigami T1,T2, T3 U[—m, 7] for each input; a =7 and b = 0.1 are fixed.
10-bar truss E Young’s modulus, Lognormal with arithmetic mean 68.9 GPa

and coefficient of variation 0.05.

P Applied load, Lognormal with arithmetic mean 444.8 kN and
coefficient of variation 0.10; the same downward load
magnitude is applied at both right-hand nodes.

Ap, Ay, Aq  Cross-sectional area of the horizontal, vertical, and diagonal
members, each 1[0.01548384, 0.02322576] m?, corresponding
to 30in® & 20%.

Mass—spring—damper m Mass, Lognormal with arithmetic mean 1.00 kg and
coefficient of variation 0.05.

k Stiffness, Lognormal with arithmetic mean 100.0Nm™! and
coefficient of variation 0.10.

c Damping coefficient, 24[0.8, 1.6] Nsm™".
Fo Amplitude of the harmonic excitation, Lognormal with

arithmetic mean 10.0 N and coefficient of variation 0.10.

w Frequency of the harmonic excitation, (8.0, 12.0] rads™*;

this interval crosses the nominal natural frequency.

The purpose of using multiple case studies is (i) to assess the predictive accuracy of the sur-
rogate models, (ii) to examine whether the resulting sensitivity measures can reliably reproduce
those obtained from the corresponding reference models, and (iii) to represent different char-
acteristics that commonly appear in engineering uncertainty quantification, including strong
nonlinearity, interaction effects between uncertain variables, structural response calculations,
and dynamic response under external excitation.



5 Results and discussions

5.1 FEzxample agent solutions

The sequential designs are determined by the Al-agent to construct the three Kriging surrogates
are summarized in Table 4. All models share the same kernel family and input scaling, while
the acquisition function, output transformation, and sampling budget are adapted to each case.

Table 4: Surrogate and sequential-design settings. Case I: Ishigami function;
Case II: ten-bar truss; Case III: mass—spring—damper. Held-out test evaluations
are excluded from the sampling budget Ny ..

Setting Case I Case 11 Case III
Model GPR (Kriging) GPR (Kriging) GPR on logy
Kernel, Eq. (31) Matérn 5/2, ARD, d=3 Matérn 5/2, ARD, d=6 Matérn 5/2, ARD, d=5
Input scaling unit hypercube, Eq. (30)

Output y (direct) y (direct) logy, y = etles
y-normalization yes yes yes (log scale)
Acquisition a1, Eq. (32) a, Eq. (33) o, Eq. (34)
Initial samples ninit 10 16 14
Budget Nmax 150 75 150
Candidate pool Npool 6000 7000 9000
Sobol checkpoint every 5 samples every 6 samples every 5 samples
Held-out test set Ntest 2000 1000 2000

Inputs are mapped onto the unit hypercube before training,
Fp= b =1, (30)

where z; 1, and z; y are the lower and upper bounds of the ith coordinate. The covariance is a
constant-scaled Matérn kernel of smoothness v = 5/2 with automatic relevance determination
(ARD), plus a fixed white-noise nugget,

5 A1)2
k(x, %) :UJ%(H\/BH gyﬂ)e*\@wag Sxts T = (”“’[f) (31)

=1

Here O'ch is the signal variance, £ = ({1, ...,¢4) are the ARD length-scales, o2 is a fixed nugget,
and dxx is the Kronecker delta. The training responses are standardized to zero mean and unit
variance.

Let pu(x) and o(x) denote the GP posterior mean and standard deviation. At each iteration a
new sample is chosen from a discrete candidate pool P of size Nj,001 by maximizing an acquisition
score (x). The three scores are

a1(x) = o(x), (32)
on(x) = [0(x)* + 2u(x) — | o(x)] d(x, X), (33)
ot (x) = 0105 (X) [1 +0.75 [2(1h10g(x))] +] : (34)

Equation (32) is maximum posterior uncertainty. In (33), & is the mean of p over P and
d(x,X) = ming ey ||X — X'||2 is the distance to the current training set X, so that both variance



impact and space-filling are rewarded. For Case III the surrogate is trained on logy; po, and
Olog are the corresponding posterior statistics, predictions are recovered by y(x) = exp (,ulog(x)),
and the positive z-score

Mlog(x) — Hiog >
Slog

[z(ulog(x))]+ = max (0, (35)

emphasizes high-amplitude (near-resonance) regions. Here fiog and sjog are the mean and stan-
dard deviation of ji,g over P.

5.2 Performance comparison

According to the surrogate-based GSA strategies and the executable code, the objective sobol
indices are obtained. The convergence of the convergence of the surrogate’s predictive perfor-
mance for the three case studies are shown in the following Figures 5, 6, and 7. The surrogate
GSA solutions suggested by the AI agent achieve good convergence for the three case studies.
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Figure 5: Surrogate accuracy convergence of the Ishigami function (Final results:
R? = 0.9299, MAE= 0.73618, RMSE= 0.98650).
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Figure 6: Surrogate accuracy convergence of the ten-bar truss structure (Final
results: R? = 0.9988, MAE= 7.32938 x 10~4, RMSE= 9.30918 x 107%).
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Figure 7: Surrogate accuracy convergence of the mass—spring—damper dynamic
system. (Final results: R? = 0.8780, MAE= 0.17294, RMSE= 0.33368).

In the surrogate learning setup developed by the AI agent, the final performance of the
surrogate in the case study of the 10-bar truss structure becomes the best. The surrogate
training remains room of improvement for the other two case studies.
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Figure 8: Sobol indices of the Ishigami function.
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Figure 9: Sobol indices of the ten-bar truss structure.
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Figure 10: Sobol indices of the mass—spring—damper dynamic system.

In the comparison of the Sobol indices in Figures 8, 9, and 10, the agent designed surrogate
GSA solutions are generally consistent with the reference Sobol indices obtained from direct
Monte Carlo simulation. Even though there exists imprecision in the surrogate’s predictive
performance, the ranking of the sensitivity indices is correct for the three case studies. This
further confirms that the agentic solution has the potential to automate such surrogate-based
GSA analysis for more complex engineering problems.

5.3  Discussions

In the designed case studies, the agents are instructed to perform the surrogate-GSA analysis and
interpret the results. The current solutions of the agent can meet the foundamental requirements
of the surrogate-based GSA analysis. The advantage of LLM’s integration lefts at its efficient
generation of computer scripts. To further evaluate this, the token usage of the agent’s solutions
is counted, by the “tiktoken” [37] package. The token usage of the agent’s solutions is shown in
Table 5. A token may include a word, a symbol, or a punctuation. Approximately 5000 tokens
are needed to develop a computer script for the surrogate-based GSA analysis. If the LLM
foundation model provider can output 100 tokens per second, the total time for developing the
computer scripts by the agent can be approximately 1-2 minutes. The workload was estimated
to be 2-3 days according to the authors, with respect to script development and troubleshooting
in a mannual manner. The introduce of the Al agentic solution is hereby confirmed to leverage
the efficiency of the complex engineering analysis.

Table 5: Token usage of the agent’s solutions in average.

Tokenizer Tokens
“cl100k_base” 4,295
“0200k_base” 4,326
“p50k_base” 5,517

6 Conclusions and recommendations

This study sets a foundation of the Human-AI-In-the-Loop (H-A-I-L) framework for smart
engineering solutions. The framework is designed to be a standalone service, with the aid of the
Large Language Model (LLM)-enabled agent.



The major contribution of this study sits at providing reference testing framework about
agentic solutions for the surrogate-based GSA analysis. The framework is designed to be scalable
and adaptable to the needs of the private or industrial applications.

As proved in the designed case studies, the LLM agent in the H-A-I-L framework is able
to develop efficient surrogate-based GSA solutions for the Sobol indices feedback to the human
engineer or analyst. The outcomes are found to satisfy the need of ranking those sensitivity
indices.

Based on the framework, several recommendations for improvements are provided as follows.

e Different LLM solutions can be compared and evaluated.
e The APIs for various commerical or open-source tools can be developed and tested.
e More complex case studies can be established to evaluate the framework.

e Multiple agent runs can be tested to evaluate the stability and reliability of the framework.
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