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Abstract

Multi-criteria decision making (MCDM) and preference
learning (PL) are crucial subfields of intelligent decision-
making, both aiming to aid decision-makers (DMs) in se-
lecting, classifying, or ranking alternatives. While MCDM
and PL can complement each other to some extent, exist-
ing approaches combining MCDM and PL often struggle
with large data volumes and complex relational informa-
tion. To address this, we propose a novel approach called
ID-GMLM that integrates graph models and large language
models (LLMs) for intelligent decision-making. It reformu-
lates decision-making as a high-parallelism ranking function
in the graph domain, using graph neural networks (GNNs) to
learn and understand complex relationships between alterna-
tives or criteria, and LLMs to parse and quantify the pref-
erences of DMs. ID-GMLM features a multi-task learning
framework that optimizes the primary task of predicting alter-
native rankings while modeling criterion interactions through
the auxiliary task. Additionally, ID-GMLM incorporates a pa-
rameter tuning network based on criterion weights and an at-
tention network, allowing the model to adaptively adjust to
the context of the current task and the evolving preferences of
DMs. Experiments on benchmark datasets demonstrate that
ID-GMLM achieves significant performance improvements,
inheriting the interpretability and intuitive appeal of MCDM
while leveraging the computational efficiency and high accu-
racy of PL.

Introduction

In today’s information age, intelligent decision support sys-
tems have emerged as crucial tools for aiding complex
decision-making processes (Martyn and Kadzinski 2023).
Theses systems help people make better decisions through
data analysis and model prediction, particularly in fields
such as finance, healthcare, and transportation, demonstrat-
ing extensive application potential (Fu et al. 2020; Sime-
one, Zeng, and Caggiano 2021). With the rapid development
of big data and artificial intelligence technologies, intelli-
gent decision-making is increasingly focused on integrating
the computational capabilities of machines with the intu-
itive judgment of human decision-makers (DMs). This in-
tegration improves decision efficiency through continuous
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Figure 1: A simplified overview of MCDM and PL pro-
cesses: MCDM involves active DM participation to con-
struct preferences, whereas PL discovers preferences with-
out further DM intervention.

learning and optimization. Moreover, as explainable ma-
chine learning continues to advance, enhancing the trans-
parency of models becomes essential for the practical ap-
plication of intelligent decision-making. Thus, modern in-
telligent decision support systems must not only be highly
accurate but also possess strong interpretability (Das, Kim,
and Chernova 2023).

Multi-criteria decision making (MCDM) and preference
learning (PL) are two core fields in intelligent decision-
making. MCDM aims to assist DMs in selecting the best al-
ternative across multiple criteria (Zhao, Wu, and Dong 2024;
Herin, Perny, and Sokolovska 2024). PL focuses on estab-
lishing rankings based on observations that reveal the prefer-
ences of individuals or groups. This ranking defines a binary
preference relation that is irreflexive, antisymmetric, and
transitive (Hiillermeier and Fiirnkranz 2013; Fahandar and
Hiillermeier 2018). Although MCDM and PL have evolved
within different communities, they share the common objec-
tive of constructing practical decision models (Hiillermeier
and Stowiniski 2024a). Consequently, MCDM and PL can
complement and enhance each other to some extent (Herin,
Perny, and Sokolovska 2023; Liao, Liao, and Zhang 2023;
Yijun, Mengzhuo, and Qingpeng 2023; Liu, Kadzifiski, and



Liao 2023). However, combining MCDM and PL to achieve
the aforementioned goals remains a challenge, especially
when dealing with large amounts of data and complex crite-
ria that interdependently interact. This is primarily attributed
to the inherent flaws of most existing methods, including the
following key aspects:

i) Capturing the relationships between decision factors.
In contemporary decision-making scenarios, the relation-
ships among decision factors (including alternatives and cri-
teria) are often complex. Single decision analysis tools usu-
ally fail to adequately reflect the interactions between these
factors. Although some studies attempt to address this (Cor-
rente et al. 2013; Wu et al. 2023), they often only handle
problems with fewer decision factors due to limitations in
the dimensions of relationship information.

ii) Parsing the preferences of DMs. The preferences of
DMs themselves may not be entirely clear or fixed, but can
be adjusted continually based on new information and ex-
periences. Many models struggle to quantify such dynamic
preferences due to limitations in the decision-making envi-
ronment (Aggarwal and Fallah Tehrani 2019; Laidlaw and
Russell 2021), resulting in final outcomes that do not align
with the subjective perceptions of the DMs.

To tackle these constraints, we introduce the concepts of
graph models and large language models (LLMs) into intel-
ligent decision-making, utilizing graph structures to model
the relationships between decision factors and employing
LLMs to parse the preferences of DMs. i) Graphs are a very
natural way to represent relationships, typically used to il-
lustrate interactions between objects. Building on this foun-
dation, graph neural networks (GNNs) have emerged as a
powerful machine learning framework for processing graph-
structured data (Scarselli et al. 2008). Their popularity stems
from the ability to directly operate on the graph, learning
node representations by leveraging the inherent connectiv-
ity of the graph (Kipf and Welling 2016; Velickovi¢ et al.
2017; Xu et al. 2018). If intelligent decision-making prob-
lems are mapped onto the graph domain, then GNNs can
be used to update the features of these factors. By leverag-
ing the expressive capability of GNNs, the complex relation-
ships between decision factors are captured, thereby improv-
ing the predictive accuracy of the decision model. ii) LLMs,
such as GPT-4 (Achiam et al. 2023) and LLaMA (Tou-
vron et al. 2023), have recently gained widespread attention
within the natural language processing (NLP) community
and other fields, which opens up new possibilities for intel-
ligent decision-making. If LLMs are integrated into intelli-
gent decision systems, they can provide high-quality textual
descriptions of DMs’ preferences. This proficiency allows
the model to comprehend and process complex language in-
puts effectively, enabling it to extract information quickly.
By parsing and quantifying DMs’ preferences, LLMs can
boost the model’s interpretability and transparency.

In light of the aforementioned insights, we propose an ap-
proach termed Intelligent Decision-Making with Integrated
Graph Models and Large Language Models (ID-GMLM).
The objective of this research is to refine and validate the
ID-GMLM framework to ensure it not only captures, inte-
grates, and models the complex relational dynamics among
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decision factors but also effectively translates these dynam-
ics into actionable insights that align with DMs’ preferences.
Overall, the main contributions of this work are summarized
as follows:

* We design a multi-task learning architecture in which dif-
ferent GNN structures are constructed for the primary
and auxiliary tasks. This setup is intended to capture the
interactions among alternatives and to model the mutual
influences among criteria.

We introduce LLMs to parse the criterion descriptions
provided by DMs, and transform these descriptions into
criterion weights. These weights serve as crucial inputs
in the model’s decision-making process.

* We conduct experiments on decision-making bench-
marks and demonstrate the effectiveness and superiority
of the proposed approach through empirical analysis.

Related Work
Combining MCDM and PL

MCDM and PL belong to two distinct research areas within
intelligent decision-making, but both aim to construct practi-
cal decision models and infer model parameters from holis-
tic judgments. It is precisely this commonality and differ-
ence that promote cross-research between them, leading
to increasing attention on combining mathematical prefer-
ence modeling with machine learning model identification
techniques (Hiillermeier and Stowiriski 2024b). Most re-
lated work starts with the preference model from MCDM
and modifies it using machine learning algorithms. NEUR-
HCI (Bresson et al. 2021), Sugeno Classifier (Abbaszadeh
and Hiillermeier 2020), ELECTRE TRI-rC (Kadzinski and
Szczepanski 2022), PLMCS (Liu et al. 2021), and ANN-
UTADIS (Martyn and Kadzifiski 2023) all belong to such
a direction. They use the MCDM model as the core frame-
work, with PL methods as auxiliary tools to enhance per-
formance. The advantage of this strategy is that it can es-
timate DMs’ preferences from data while ensuring the ra-
tionality of decisions (Fu et al. 2021; Liao et al. 2023; Wu,
Liao, and Zhang 2024). However, these approaches focus on
static decision environments and fail to align with DMs’ dy-
namic preferences. Furthermore, they often struggle to pro-
duce reasonable outcomes in decisions involving relational
information between factors.

Uses of GNNs and LLMs in Decision-Making

GNNss offer a new perspective on decision-making by pro-
cessing and analyzing graph data. Consequently, researchers
have attempted to apply GNNs in intelligent decision-
making, leveraging their expressive power to enhance deci-
sion model performance. For example, in the field of safety
decision-making, (da Silva, Pedrini, and Santos 2023) in-
troduced a universal network topology learning method for
any GNN framework. (Zhang et al. 2023) emphasized the
decision-making role of GNNs in social recommendation
issues and designed a graph learning-augmented heteroge-
neous GNN. (Li et al. 2023) developed a hierarchical GNN



method for predicting patient treatment preferences in medi-
cal decision-making problems. It can be observed that GNNs
have unique value in various decision-making domains, and
their application is redefining how to understand and opti-
mize the decision-making process (Dong et al. 2022). How-
ever, many methods do not fully meet the prerequisites of
intelligent decision-making discussed in this paper. Most fo-
cus on the decision-making role of GNNS in different issues,
rather than the inherent connection between GNNs and the
final decision.

As a significant technology in NLP, LLMs have demon-
strated great potential in assisting and enhancing decision-
making (Chen et al. 2024). Integrating LLMs with DM
preferences is a key direction for the application of LLMs
in decision-making, and scholars have conducted many in-
depth studies in this area (Handa et al. 2024; Liu et al. 2023;
Korbak et al. 2023; Muldrew et al. 2024; Wang et al. 2024;
Song et al. 2024). These models collectively aim to enhance
the alignment of LLMs with human preferences in PL. The
common theme across them is to improve preference elici-
tation and content generation to better reflect DMs’ prefer-
ences. Although they focus on flexible decision scenarios,
they demonstrate the rationale and feasibility of applying
LLMs in the field of intelligent decision-making.

Methodology
Problem Statement

Consider a set of alternatives A = {aq,a2,...,
alternative a; (¢ = 1,...,m) is assigned to a predefined
set of decision classes Cl = {Cl;,Cly, ..., Cl,}, such that
Clsyq is preferred over Clg (denoted by Clsy 1 > Cly),
s=1,2,...,¢—1.C ={cy,ca,...,c,} is a finite set of
n evaluation criteria, where c;(a;) (j = 1,2,...,n) rep-
resents the performance of alternative a; on criterion c;,
and all criteria are of the benefit type, meaning that for any
a; € A, the higher the ¢;(a;), the more preferred a; per-
forms under criterion c;. In this paper, our task is to de-
velop a decision model using the aforementioned informa-
tion, which can correctly classify unknown alternatives and
provide explanations for the results.

am}, each

GNNs-Based Multi-Task Learning Strategy

To capture the complex relational information between de-
cision factors, we first map the intelligent decision-making
problem onto the graph domain and construct two specific
graphs: the alternative preference graph (G,) and the crite-
rion relationship graph (G.). In constructing these graphs,
we leverage the k-nearest neighbors approach to establish
connections between nodes based on their similarity. Specif-
ically, for G, if the k-nearest neighbors of alternative a; are
denoted as N;, the similarity measure between alternatives
is defined as follows:

) exp(|[x; —x,([?/0%), jEN;
Ajj=141, J=1 (H
0, otherwise

where A € R™*™ is the similarity matrix with m al-
ternatives, x; and x; are feature vectors of alternatives a;
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and a;j, represented as x; = {c1(ai), c2(a;), ..., cn(a;)},
x; = {c1(aj), c2(aj), . . ., cn(a;)}. Since the similarity ma-
trix contains pairwise similarity values, we transpose A to
obtain a symmetric similarity matrix A, which serves as
the adjacency matrix for G,
A4+ AT )
5 2)
Gp = (Ap,X,), where X, € R™*™ is the alternative fea-
ture matrix. G, = (A, X,) is a fully connected graph with
n criteria, where A, € R™*" is the adjacency matrix and
X. € R™*™ is the criterion feature matrix.

Based on the two constructed graphs, we design an al-
ternative preference network (APN) and a criterion relation-
ship network (CRN) within the multi-task learning frame-
work using GNNs. The former belongs to the primary task,
which captures relationships between alternatives, while the
latter is an auxiliary task aimed at modeling interactions
among criteria. The APN is a GNN with residual connec-
tions, which aggregates and updates node features in G, via
graph convolutions.

A

p:

_1 _1

» 2Apr ZXS)WZ()H_D + Xz()l)WL(slj—l))v
3)

where D), is the degree matrix of A, Xi, is the output

of the [-th layer, and Wl+1 is the weight matrix of the

(I+1)-th layer. X(Z)W(Hl) represents the residual connec-
tion, which 1nc1udes two cases: if the input and output di-
mensions match, it is an identity function; otherwise, it per-
forms a linear transformation. The CRN operates on G and
consists of two layers of graph convolution. The input is the
criterion feature matrix X., and the output is the criterion
relationship matrix R..

X(*1) = ReLU(D

X+ — ReLU(D; 2A,D, *XOWED). (4

LLMs-Based Criterion Weights Generation

To integrate the intuition and experience of DMs into data-
driven decision models, we introduce LLMs to parse and
quantify the DMs’ preferences. Since it is often easier for
DMs to describe criteria qualitatively rather than assign ex-
plicit numerical weights, we use these natural language de-
scriptions to derive criterion weights that reflect the relative
importance of each criterion (Eigner and Handler 2024).
We first define a set of decision problem descriptions as
‘P, which includes the problem’s background introduction
and a part of the original decision data, serving as the prompt
input for the LLM. Within P, we frame the task as fol-
lows: "You serve as an intelligent assistant that helps me
assess the potential importance of each criterion in decision
problem. I will provide you with information about a por-
tion of the original decision examples and preferences for
each criterion.” Next, we define a set of criteria descriptions
D ={D1,Ds,...,D,}, where D; is a natural language ex-
planation of the ¢-th criterion provided by the DM. For ex-
ample, the criteria might be described as follows: ”Here are
our preferences for each criterion: [’ Criterion 1’: "This cri-
terion assesses..., which is an extremely important factor’].”
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Figure 2: The ID-GMLM framework consists of the following components: The original decision information, including alter-
natives and criteria, is constructed into graphs and utilized in both the primary and auxiliary tasks involving GNNs. Based on

problem descriptions and criterion descriptions provided by DMs,

in the decision-making process.

By providing the LLM with both P and D as input, we
obtain a set of weight profiles for each criterion, which con-
vey the perceived importance of the criterion. For instance,
the LLM might produce a profile like: ”[’Criterion 1’: *This
criterion is critical due to...”]” These profiles are then en-
coded into semantic representations of criterion weights as:

W = 7(LLMs(P, D)), )
where 7(-) is a text embedding model (Su et al. 2022; Ren

et al. 2024) that converts the textual output into fixed-length
vectors to retain their inherent meaning.

Parameter Tuning Network

To dynamically reflect the preferences of DMs, we design
a parameter tuning network based on criterion weights. In
this setup, W is used either for initialization or as input to
the parameter tuning network, which further refines and ad-
justs these weights. The network adopts a two-layer neural
network structure, with criterion weights W &€ R™*1 a5 the
input and tuning factors T € R™*! as the output.

T = Sigmoid(ReLU(WW,, + b, )W, +by,),  (6)
where W;, and W, are the weight matrices of the two-layer
network, and by, and b, are the biases, respectively. The
tuned weights T are applied to the input feature X,, of the
decision model, which adjusts the influence of different fea-
tures in the decision-making process.

Xyp =X, 0T @)
Here, Xy, represents the tuned alternative feature matrix,
which is then input into the APN to obtain the embedding
representation of the alternative.
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LLM:s output the criterion weights, which are then applied

Attention Network

To better balance the primary and auxiliary tasks and en-
sure a reasonable weight distribution, we introduce an atten-
tion network. The structure of this network is similar to that
of the parameter tuning network, as both are shallow neural
networks. The input to the attention network is the embed-
ding representation from the APN, and the output is a weight
vector.

a = 0(APN(G,, X4,)Wo +by), ®)
where o represents the activation function, and a € R™* 1
denotes the attention values used to measure the proportion
of loss weights for the auxiliary task in multi-task learning.

Optimization Objective

We divide the optimization objective of the decision model
into three parts: the primary task, the auxiliary task, and the
regularization term. Assuming there are M alternative pairs,
for each pair, the loss £,, between the predicted output g;
and the true label y; is defined as follows:

1 M
£y =22 > lwilog() + (1 - y) log(1 = gi)]. )
=1

Here, y; is obtained by subtracting the output embeddings of
the APN and mapping it to the [0,1] range. y; is derived by
comparing the decision classes C/ of alternative pairs.

Let R; be the target relationship matrix, and define the
loss L. as:

Lo= 53 (Relp.a ~Rilp.q))”

p=1g=1

(10)



where n is the number of criteria. R, is constructed by
computing the correlation p; between each criterion feature
¢;(a;) of alternative a; in X,, and the decision class C1%::

cov(cj(a;), Cl%)
j e ——

Y

JCj (ai)O'Cl“z‘

where cov denotes covariance and o represents standard
deviation. The target matrix is then defined as R; p,q] =
Pp * Pq-

To prevent overfitting and ensure consistency between
model weights and DM weights, we employ L2 regulariza-
tion. The loss £, is defined as:

Ly =X-||W, — W3, (12)

here A is the regularization coefficient, and W/, is the orig-
inal weight parameter in the APN, which is initialized as a
vector of ones, equal in dimension to the number of criteria.
Combining the above three types of losses, the total loss
is expressed as follows:
1 m
L= [:p + E Zi:l Otiﬁ(;J' + L., (13)
where m is the number of alternatives, and ¢; is the attention
weight for the i-th alternative (node).

Experiments
In this section, we conduct experiments to address the fol-
lowing research questions:
RQ1: To what extent does ID-GMLM improve the deci-
sion effectiveness over other intelligent decision models?

RQ2: How does each component in ID-GMLM con-
tribute to enhancing decision-making accuracy?

RQ3: Does incorporating LLMs into ID-GMLM im-
prove the interpretability of decision-making?

RQ4: How do key parameters influence the performance
of ID-GMLM?

L]

Experimental Setup

Datasets We collect six publicly available datasets from
the UCI' and WEKA? repositories, which are summarized
in Table 1. These datasets are selected because they meet two
essential conditions: first, the outputs are measured on an or-
dered categorical scale; second, all criteria have a monotonic
influence on the ranking of alternatives.

Baselines Since comparisons between MCDM and PL are
primarily methodological and conceptual, rather than exper-
imental (Hiillermeier and Stowinski 2024b), we select four
types of MCDM and PL combination methods as baselines
for ID-GMLM. Brief descriptions of these methods are pro-
vided below:

¢ NEUR-HCI (Bresson et al. 2021): A machine learning-
based approach for the automatic recognition of hierar-
chical MCDM models.

Uhttp://archive.ics.uci.edu/ml/.
“http://www.cs.waikato.ac.nz/ml/weka/datasets.html.
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Dataset  Alternatives Criteria Classes Comparisons
DBS 120 8 2 7140
BCC 286 7 2 40,755
MPG 392 7 3 76,636
ESL 488 4 4 118,828
LEV 1000 4 3 499,500
CEV 1728 6 4 1,492,128

Table 1: Statistics of the six datasets used in experiments.

 ELECTRE TRI-rC (Kadziniski and Szczepanski 2022):
A crossover method between MCDM and PL that incor-
porates a single characteristic profile to describe each de-
cision class.

PLMCS (Liu et al. 2021): A hybrid approach that merges
MCDM and PL, using an additive piecewise-linear value
function as its basic preference model.

ANN-UTADIS (Martyn and Kadzinski 2023): A PL al-
gorithm that utilizes neural networks to infer threshold-
based sorting parameters from assignment examples.

Evaluation Metrics We adopt widely used protocols:
Normalized Discounted Cumulative Gain (NDCG), Average
Precision (AP), and C-index to evaluate the performance of
the proposed approach. NDCG and AP emphasize accuracy
at the top of rankings, awarding higher scores for correct top
predictions (He et al. 2020). C-index measures the overall
consistency between predicted and actual rankings, not just
the top few (Aggarwal and Fallah Tehrani 2019).

Parameters Settings We split the data into training, val-
idation, and test sets in a 7:2:1 ratio. Our model con-
sists of a 2-layer residual GNN with a mean aggrega-
tor and hidden layers sized 2-5 times the input layer,
alongside a 2-layer fully connected GCN with hidden lay-
ers three times the input size. We perform hyperparame-
ter tuning with learning rates and regularization weights
from {le-1, le-2, le-3, le-4, le-5}, weight decay values
{1e-3, le-4}, and k-nearest neighbors ranging from 2 to
10. Training uses the Adam optimizer for up to 500
epochs with early stopping, and initial DM preferences are
based on dataset descriptions. We employ gpz-3.5-turbo and
text—embedding—ada-002 models to obtain semantic
representations of criterion weights. Each model is run 100
times on an Intel(R) Xeon(R) Gold 5218R CPU @ 2.10GHz
with 96GB memory, and we report the average results.

Overall Performance (RQ1)

We compare the proposed ID-GMLM with other popular ap-
proaches, and the results are summarized in Table 2. The fol-
lowing observations can be made: i) ID-GMLM outperforms
other baselines on most datasets. Specifically, for NDCG,
AP, and C-index, ID-GMLM achieves maximum relative
improvements of 20.3%, 25.2%, and 24.2%, respectively
on the BCC dataset. The results demonstrate the effective-
ness of the proposed approach. ii) ID-GMLM shows more
stable performance across different datasets compared to



Dataset Metrics

NEUR-HCI

ELECTRE TRI-tC

PLMCS

ANN-UTADIS

ID-GMLM

NDCG 0.9540 + 0.0028 0.9607 £ 0.0083 0.9199 + 0.0018 0.9882 + 0.0247 0.9958 + 0.0016
DBS AP 0.9512 4+ 0.0246 0.9422 4+ 0.0160 0.8970 4+ 0.0394 0.9617 4+ 0.0249 0.9672 + 0.0110
C-index 0.9394 £ 0.0179 (4) 0.9464 £ 0.0245 (3) 0.9071 £ 0.0166 (5) 0.9718 £ 0.0121 (1) 0.9662 + 0.0094 (2)
NDCG 0.9375 + 0.0014 0.8476 £ 0.0013 0.8295 4+ 0.0433 0.8311 4+ 0.0026 0.9979 + 0.0008
BCC AP 0.8944 + 0.0361 0.7817 £ 0.0270 0.7941 4+ 0.0505 0.7889 + 0.0541 0.9791 + 0.0080
C-index 0.9256 4+ 0.0373 (2) 0.8148 +0.0102 (3) 0.8065 £ 0.0349 (4) 0.8027 £+ 0.0235 (5) 0.9975 + 0.0011 (1)
NDCG 0.9879 + 0.0006 0.9349 + 0.0082 0.9311 +0.0152 0.9880 + 0.0136 0.9985 + 0.0004
MPG AP 0.9588 + 0.0394 0.8872 + 0.0267 0.9075 + 0.0328 0.9649 + 0.0413 0.9838 + 0.0043
C-index 0.9617 4 0.0393 (2) 0.9067 + 0.0425 (3) 0.8986 + 0.0513 (5) 0.9522 £ 0.0275 (4) 0.9902 + 0.0033 (1)
NDCG 0.9758 + 0.0060 0.9856 + 0.0147 0.9657 + 0.0107 0.9986 + 0.0022 0.9996 + 0.0002
ESL AP 0.9603 + 0.0361 0.9692 + 0.0337 0.9482 4+ 0.0319 0.9815 4+ 0.0219 0.9957 + 0.0029
C-index 0.9672 4 0.0330 (4) 0.9680 £ 0.0317 (3) 0.9463 £ 0.0446 (5) 0.9913 £ 0.0115 (2) 0.9976 + 0.0008 (1)
NDCG 0.9856 + 0.0043 0.9274 £ 0.0091 0.9401 4+ 0.0097 0.9779 4+ 0.0148 0.9978 + 0.0025
LEV AP 0.9679 + 0.0308 0.8988 + 0.0462 0.9182 + 0.0458 0.9683 + 0.0430 0.9759 + 0.0300
C-index 0.9719 4 0.0244 (2) 0.9065 + 0.0294 (5) 0.9256 £ 0.0410 (4) 0.9425 £ 0.0364 (3) 0.9839 + 0.0137 (1)
NDCG 0.9896 + 0.0083 0.9802 + 0.0145 0.9829 + 0.0059 0.9814 + 0.0106 0.9962 + 0.0018
CEV AP 0.9512 + 0.0206 0.9197 + 0.0335 0.9266 4 0.0346 0.9467 £ 0.0471 0.9449 + 0.0220
C-index 0.9835 4 0.0330 (2) 0.9586 + 0.0396 (4) 0.9520 + 0.0183 (5) 0.9766 + 0.0210 (3) 0.9960 + 0.0026 (1)
Average Rank 2.67 3.50 4.67 3.00 1.17

Table 2: Performance of different approaches in terms of three evaluation metrics (mean + standard deviation), with the best
results in bold and the second-best results in underline. Rankings are in parentheses, where (1) represents the best and (5) the

worst.

other baselines. For example, the average C-index for base-
lines on the ESL dataset is around 96.8%, while ID-GMLM
reaches 99.8%; and for the BCC dataset, the average C-
index for baselines drops to about 83.7%, while ID-GMLM
still achieves 99.7%. These results highlight the superiority
of the proposed approach. Figure 3 shows the changes in
NDCG@n and AP@n values for various approaches on the
BCC and LEV datasets. As can be seen, ID-GMLM consis-
tently performs the best. On the BCC dataset, its NDCG@ 10
is nearly 14.3% higher than that of the poorest-performing
approach. On the LEV dataset, its AP@30 is nearly 10.0%
higher than than that of the poorest-performing approach.

Ablation Study (RQ2)

To analyze the contribution of each component to deci-
sion accuracy, we conduct ablation studies on ID-GMLM
by removing key components, creating three variants: ID-
GMLMy,, crn (no CRN), ID-GMLMy,, prn (NO parameter
tuning network), and ID-GMLMy,, an (no attention net-
work). Figure 4 displays the results of the ablation analy-
sis. The following conclusions can be drawn: i) The per-
formance of ID-GMLM consistently outperforms the other
three variants, indicating the effectiveness of using CRN,
parameter tuning network, and attention network simulta-
neously. ii) The performance of ID-GMLMyy, crn is the
poorest, highlighting CRN’s critical role in analyzing re-
lationships between criteria. iii) The performances of ID-
GMLMy,, prn and ID-GMLMy,, an are relatively close and
both slightly inferior to ID-GMLM. We believe this is be-
cause ID-GMLMy, prn lacks the capability to directly tune
feature weights in the APN. ID-GMLMy,, an does not ad-
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Figure 3: Ranking accuracy of all approaches in terms of
NDCG@n and AP@n.

just the importance of the primary and auxiliary tasks, but
since the model’s output mainly relies on the former, its im-
pact on the final performance is not particularly significant.

Efficiency Analysis (RQ3)

To explore the effectiveness of LLMs, we analyze the im-
pact of different types of criterion weight inputs on decision
outcomes. The experimental results are shown in Table 3: 1)
LLM_O (original weights by LLMs) outperforms LLM_M
(equal weights by LLMs) and LLM_R (random weights
by LLMs). Specifically, LLM_O improves NDCG, AP, and
C-index by 0.27%, 0.55%, and 0.56% over LLM_M, and
by 0.34%, 0.81%, and 0.69% over LLM_R, demonstrating
LLM’s reliability in ID-GMLM. ii) Although using LLM_M



| LLM.O | LLMM | LLM R
Metics | DBS ~BCC ~ MPG | DBS BCC MPG |DBS BCC  MPG
NDCG | 0.9971 0.9988 0.9989 | 0.9926 0.9968 0.9967 | 0.9911 0.9975  0.9980
AP 09767 09874 0.9884 | 0.9689 0.9780 0.9860 | 0.9647 0.9746 0.9789
C-index | 0.9762  0.9985 0.9930 | 0.9635 0.9959 0.9875 | 0.9644 0.9969 0.9862
Metics | ESL LEV ~ CEV |ESL LEV CEV |ESL LEV  CEV
NDCG | 0.9993 0.9993 09977 | 0.9965 0.9986 0.9944 | 0.9957 0.9931  0.9949
AP 0.9947 09938 09683 | 0.9942 0.9837 0.9647 | 0.9879 0.9823  0.9630
C-index | 0.9955 0.9935 0.9977 | 0.9882 0.9876 0.9937 | 0.9871 0.9838  0.9927

Table 3: Performance comparison of ID-GMLM with different criterion weight inputs generated by LLMs.
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Figure 4: Comparison of the performance of different vari-
ants of ID-GMLM.

and LLM_R leads to some performance decline, the over-
all magnitude is minimal. This is mainly due to the robust-
ness of ID-GMLM, which maintains relatively stable perfor-
mance under different criterion weight configurations. How-
ever, this does not diminish the contribution of the weights
generated by LLMs to the model.

Sensitivity Analysis (RQ4)

Regularization Weights & Learning Rates Figure 5
records the performance of ID-GMLM under different com-
binations of learning rates and regularization weights on
DBS and BCC datasets in terms of NDCG @20 and AP@20.
Key observations include: i) The model performs stably at
learning rates of {le-1, le-2} and performs well across all
regularization weights ii) Performance remains largely un-
changed with different regularization weights at the same
learning rate but decreases as the learning rate is reduced, in-
dicating the model is less sensitive to regularization weights
and more sensitive to learning rates.

k-Nearest Neighbors Figure 6 examines the effect of
varying the number of neighbors &k (from 2 to 10) on ID-
GMLM’s performance measured by NDCG and AP. We find
that: i) Optimal performance occurs when k is between 3 and
7. ii) As k increases, both NDCG and AP values initially
rise and then fall. This may happen because with a small
k, only limited information is propagated from the near-
est neighbors, leading to poorer performance. Conversely,
a very large k can smooth out features or introduce noise,
causing performance to plateau and then decline.
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Figure 5: The performance of ID-GMLM with different
learning rates and regularization weights.
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Figure 6: Sensitivity analysis of the parameter k& for ID-
GMLM.

Conclusion

In this paper, we explore the effective combination of
MCDM and PL, proposing an Intelligent Decision-Making
with Integrated Graph Models and Large Language Models
(ID-GMLM). Specifically, we employ a multi-task learning
framework to derive the ranking of alternatives, while incor-
porating GNNs and LLMs to capture relationships between
decision factors and learn DM preferences, respectively. Ex-
perimental results on six benchmarks demonstrate that our
approach is outperforms existing models. Our future work
will focus on better aligning DM preferences with LLM out-
puts, thereby bridging the gap between DM knowledge and
data-driven models.
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