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Abstract

Strategic evaluation is essential for decision-making under uncertainty. Yet existing qual-
itative and quantitative methods—including chat-oriented large language model (LLM)
evaluations—are difficult to deploy in complex, dynamic environments. They often fail to
represent nonlinear causal dependencies among indicators, account for temporal lags, or
support scalable reasoning. To address these limitations, we propose an LLM-driven strate-
gic evaluation framework with three innovations. First, the framework integrates LLMs
across the evaluation lifecycle and couples their qualitative reasoning with quantitative
model computation, improving both efficiency and deployability. Second, we introduce
a Time-Series Directed Acyclic Graph (TS-DAG) indicator system that explicitly encodes
causal structure and time-lagged interdependencies. Third, we develop an LLM-driven
procedure that automatically derives the TS-DAG architecture and instantiates its com-
putational parameters, reducing reliance on expert-only construction. We validate the
framework through an empirical study of the new energy vehicle market, complemented
by baseline algorithm comparisons and sensitivity analyses. The results show that the
proposed framework can uncover core indicators, capture competitive dynamics, and
explain long-term strategic outcomes across varying environmental conditions. Overall, the
framework provides a robust solution for strategic evaluation in complex settings, bridging
qualitative strategic reasoning and quantitative, data-driven analysis.

Keywords: strategic evaluation; temporal-sequential directed acyclic graph; large language
model; human-Al co-reasoning

1. Introduction

As global competition accelerates and decision environments grow more complex,
strategic evaluation has become increasingly important. Strategic evaluation provides a
structured way to analyze, quantify, and predict the consequences of alternative strategies,
thereby supporting decision-making [1]. However, strategic settings typically involve
multiple interacting agents, nonlinear causal dependencies, and substantial uncertainty.
These factors make rigorous evaluation challenging, yet essential for modern governance
and enterprise planning.

Strategic evaluation typically involves two coupled mechanisms. First, strategic ac-
tions directly affect target indicators through resource allocation, capability development,
market positioning, and related levers. Second, these direct effects propagate through
an indicator network, where changes in one variable induce downstream adjustments in
others. For example, increased Research and Development (R&D) investment may reduce
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short-term profitability but later improve innovation output and market share [2]. Crucially,
these dependencies are both causal and time-lagged: strategic effects rarely appear imme-
diately and often emerge after heterogeneous delays. This high-dimensional, nonlinear
propagation makes strategic evaluation methodologically demanding, yet essential for
anticipating long-term consequences and managing uncertainty.

Traditional strategic evaluation methods span both qualitative and quantitative
paradigms. On the qualitative side, SWOT (Strengths, Weaknesses, Opportunities, and
Threats) is commonly used to organize internal and external factors [3,4]. PESTEL (Political,
Economic, Social, Technological, Environmental, and Legal) analysis supports macro-
environmental scanning [5,6], and the Balanced Scorecard links strategic objectives to mul-
tidimensional performance indicators [7]. Despite their widespread use, these approaches
rely heavily on manual expert input. This reliance introduces subjectivity, constrains scala-
bility, and limits the granularity and data-driven interpretability needed to model complex
strategic dynamics.

In the quantitative domain, multi-criteria decision-making (MCDM) methods are
widely used to provide numerical assessments [8]. Representative examples include AHP
(Analytic Hierarchy Process), which derives weights from hierarchical comparisons [9];
TOPSIS (Technique for Order of Preference by Similarity to Ideal Solution), which ranks
alternatives by their distance to ideal reference points [10]; and ELECTRE (Elimination and
Choice Expressing Reality), which supports decision-making via outranking relations [11].
In practice, when these methods are applied to qualitative strategy evaluation, experts
must still specify how each strategy affects the underlying indicators [12,13]. The model
then propagates these expert-defined impacts to produce final evaluation scores. Despite
their usefulness, most MCDM pipelines rely on linear aggregation and compress complex
strategic dynamics into a single scalar. As a result, they struggle to represent nonlinear
causal dependencies and time-lagged effects that often govern how strategic influence
propagates in real settings.

Large language models (LLMs) have recently reshaped how complex problems are
formulated and solved. Built on the Transformer architecture [14], these models use self-
attention and are pre-trained on large-scale corpora via self-supervised learning [15,16].
This progress has also changed the landscape of strategic evaluation. LLMs provide
strong semantic reasoning and contextual understanding, which helps translate high-level
strategic concepts into operational, measurable indicators. When integrated with evaluation
pipelines, LLMs can structure qualitative considerations into quantitative representations
and automate the interpretation of unstructured inputs. This capability complements
traditional models by better handling nonlinear interactions and supporting more precise,
data-driven strategic assessment.

Accordingly, integrating LLMs into both qualitative [17-19] and quantitative [20-22]
evaluation paradigms has become an active research direction. A common line of work
treats LLMs as virtual domain experts and uses dialog-driven prompting to elicit strategic
judgments or simulate decision-making [21]. However, many existing studies remain
primarily conversational and are not tightly coupled with a rigorous evaluation pipeline.
Using LLMs as standalone evaluators raises practical concerns: their generative nature
limits interpretability, and stochastic outputs can reduce reliability. As a result, LLM-only
assessments may be fluent yet fail to meet the precision and robustness requirements of
high-stakes strategic evaluation.

In summary, despite progress in both traditional methods and LLMs, strategic evalua-
tion still faces three key limitations: (1) Modeling efficiency and integration. Strategic eval-
uation is knowledge-intensive and highly complex, which makes model construction costly.
Traditional approaches rely on prolonged expert intervention, while many LLM-based
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efforts remain at the level of ad hoc dialog. A systematic framework that embeds LLMs
across the evaluation lifecycle—while maintaining scientific rigor and interpretability—has
yet to be established. (2) Dynamic causality and temporal lags. Strategic indicators interact
through nonlinear causal mechanisms and time-lagged dependencies. However, many
existing paradigms rely on static structures or linear aggregation, which cannot faithfully
represent how strategic influence propagates over time. (3) Scalability of indicator-system
construction. Building high-dimensional indicator systems and specifying their relation-
ships is difficult to scale when it depends primarily on domain experts. This motivates
automated methods that can derive indicator architectures and instantiate their parameters
in a way that better reflects underlying strategic dynamics.

To address these challenges, we propose a methodology that couples LLM-based
reasoning with explicit structural modeling. The contributions are summarized as follows:

1. LLM-Driven Strategic Evaluation Framework: We present a framework that integrates
LLMs across the evaluation lifecycle to support the analysis of complex strategic
environments. Evaluation elements are elicited and refined by the LLM, and candidate
indicators are derived to align with the evaluation purpose and rules.

2.  TS-DAG Indicator System Architecture: A time-series directed acyclic graph (TS-
DAG) representation is introduced. Acyclicity is enforced for zero-lag dependencies
while causal and time-lagged relationships among indicators are encoded, enabling
sequential computation and interpretable propagation of strategic influence over time.

3. LLM-Driven TS-DAG Instantiation: We propose an automated procedure in which
the TS-DAG structure is derived and node-level computational forms and parameters
are instantiated by an LLM, reducing reliance on expert-only modeling. The resulting
indicator system captures nonlinear relationships, causal chains, and delayed effects.

4.  Empirical Validation in the NEV Market: The proposed framework is validated in a
new energy vehicle (NEV) market case study. Competitive dynamics among three
representative participants (legacy automaker, technology innovator, and price leader)
are analyzed, and the influence of key variables (e.g., consumer confidence, subsidy
level, and battery breakthroughs) on market-share outcomes is evaluated. In addition,
we conduct comparative experiments against two baselines (AHP-based and prompt-
based) to assess the robustness of market-share evolution.

2. Materials and Methods
2.1. LLM-Driven Strategic Evaluation Framework

Figure 1 provides an overview of the proposed LLM-driven strategic evaluation
framework. The workflow comprises four interconnected phases: (i) evaluation-element
specification, (ii) indicator-system construction, (iii) strategic deduction and evaluation,
and (iv) post hoc data analysis. All LLMs used as algorithmic components are denoted
by ®, and the corresponding prompts are provided in the Supplementary Materials. By
coupling expert input with LLM-based reasoning at each phase, the framework forms a
closed-loop pipeline that maps problem definitions to quantitative insights.

Evaluation-Element Determination: The workflow begins with human-AlI collabo-
ration. Domain experts and the LLM jointly specify the evaluation constraints, including
(i) the evaluation topic (strategic context), (ii) the evaluation objects (entities under review),
(iii) the evaluation purpose (target outcomes), and (iv) the evaluation rules (boundaries
and logical constraints).

Indicator System Construction: This phase uses LLM-based semantic reasoning to de-
rive the indicator system topology (e.g., causal and hierarchical relations) and to instantiate
the functional dependencies and parameters needed for quantitative computation.
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Strategic Deduction and Evaluation: Given perturbations in key environmental vari-
ables, the framework generates strategy sequences and evaluates their impacts. The LLM
acts as an inference engine that maps each strategic action to quantitative perturbations on
the indicator system, enabling influence to propagate through the network over time.

Data Analysis: After deduction, the framework aggregates simulation traces and
extracts actionable insights through (i) trend analysis (temporal evolution), (ii) correlation
analysis (interdependencies), and (iii) importance analysis (key drivers).

The following subsections detail the core components of the framework, including the
TS-DAG indicator system, its automated construction, the dynamic deduction mechanism,
and the post hoc data analysis methods.
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Figure 1. Schematic overview of the LLM-driven strategic evaluation framework.

2.2. Temporal-Sequential Directed Acyclic Graph

Traditional indicator systems are often implemented as hierarchical trees, general
network structures, or hybrid tree-network structures. While effective for static settings,
these representations are ill-suited to strategic evaluation, where indicators span multiple
domains (e.g., politics, economics, military, and diplomacy) and frequently exhibit cross-
domain dependencies. Tree-structured systems typically compute node values in a strict
bottom-up order. This design makes it difficult to represent lateral dependencies among
indicators at the same level. Network-based systems can express such dependencies
but may introduce cycles. Cycles can create ambiguous update orders and redundant
computation; for example, if A influences B, B influences C, and C influences A, then A
may be updated multiple times within a single iteration. Moreover, strategic influence
is rarely instantaneous: causal effects often emerge with temporal delays. Conventional
tree and network representations do not explicitly encode these time-lagged dependencies,
limiting their ability to model how strategic effects propagate over time.

To address these challenges, we propose a Temporal-Sequential Directed Acyclic
Graph (TS-DAG) representation for strategic indicator systems (Figure 2). The TS-DAG
contains three node types: input nodes, constant nodes, and compute nodes. Each compute
node derives its state from a function of its predecessors’ current values and time-lagged
(historical) values.

2.2.1. Mathematical Modeling

A TS-DAG contains heterogeneous node types, each serving a distinct role in the
computation graph. Unlike standard static graphs, its dependencies include temporal
offsets: a node at time t may depend on the value of another node from t — 7.

To represent this structure and ensure computability, we formalize a TS-DAG as a
triple G = (V,E, F), where V is the node set, E is the directed edge set with temporal lags,
and F = {f, |v e Vcomp} is the collection of computation functions for the compute nodes.
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Figure 2. An example of a TS-DAG.

Node Model. Nodes in strategic evaluation systems play heterogeneous roles: some
encode fixed parameters, some ingest exogenous time-series signals, and others com-
pute derived states. To capture this heterogeneity, we partition V into three pairwise
disjoint subsets:

V = Veonst U Vinput U Vcompr vin V] =Q Vi# ] @

where V.onst denotes constant nodes with time-invariant values, Vinput denotes input nodes
driven by external time series, and Vcomp denotes compute nodes whose states are derived
via functions in F.

Edge Model. Temporal dependencies often include explicit time lags: a node’s state at
time t may depend on another node’s state at time f — 7. We therefore define the directed
edgesetasE C V x V x N > 0. Eachedge e = (u,v, T) € E indicates that node v consumes
node u with lag .

Function Model. The function model specifies how node states evolve and ensures
that a TS-DAG is executable. The update rule depends on the node type. For constant
nodes v € Vionst, the state is time-invariant:

xo(t) =cp, VE>0 (2)

where ¢, € R is a predefined constant.
For input nodes v € Vippyt, the state is given by an exogenous time series:

%o(f) = L(t), V>0 3)

where I, : N>g — R denotes the external input signal.

For each compute node v € Viomp, we define the predecessor set S, = {(u,7) |
(u,v,7) € E} and its cardinality k, = |Sy|. We then introduce an indexing bijection
0p:{1,..., ko} — Sy such that o, (j) = (u;, 7).

At time t, we assemble the input vector z,(t) € R by retrieving each predecessor
value at the required lag. To keep the update rule well-defined when t — 7; < 0, we enforce
the following boundary condition:

xy(t—7) ift—1>0

2yi(t) = (4)
“ T(uj) otherwise
whereI' : V — R provides a default value for each node.
Given z,(t), the node state is computed by applying the update function f, € F:
xo(t) = fo(zo(1)), fo:R¥ =R (5)
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2.2.2. Topological Constraints and Sequential Computation

A key property of TS-DAGs is that temporal edges can form feedback loops across
time. Specifically, a past state of node u can influence node v, and a past state of node
v can, at a different lag, influence node u. In contrast, we forbid instantaneous mutual
dependence within the same time step; otherwise, the update order would be undefined
and the computation ill-posed. We enforce this constraint by defining the zero-lag subgraph
and requiring it to be acyclic.

Zero-Lag Subgraph. We define the zero-lag subgraph Gy = (V,Ep), where
Ey = {(u,v) | (u,0,0) € E} contains exactly the edges with zero temporal lag. We
enforce that Gy is a directed acyclic graph (DAG). This constraint eliminates instantaneous
circular dependence and yields a well-defined computation order at each time step.

Topological Ordering. To derive an executable computation sequence, Kahn's algo-
rithm [23] is applied on the zero-lag subgraph Gy. This procedure constructs a linear
ordering £ = (v1,02,..., U‘V‘) that satisfies the precedence constraint:

V(u,v,0) € E: pos(u) < pos(v) (6)

where pos(v) denotes the position of node v in £. As a result, when x,(t) is com-
puted for any v € Veomp, all required zero-lag predecessor states at time ¢ have already
been computed.

We define the zero-lag in-degree of node v as d2 (v) = |{u | (u,v,0) € E}|. Kahn’s
algorithm initializes a queue with the root node set R = {v € V | d) (v) = 0}. This set
includes Veonst, Vinput, and any compute node that depends only on historical states. The
algorithm then repeatedly removes a node from the queue, appends it to £, and deletes its
outgoing zero-lag edges. These deletions decrement the corresponding in-degrees and may
expose new roots.

We validate acyclicity by checking whether the algorithm produces a full ordering. If
|£| < |V| at termination, then Gy contains a directed cycle and the TS-DAG specification is
invalid. Algorithm 1 details the full procedure.

Algorithm 1 Topological Sort for TS-DAG

Require: TS-DAG G = (V,E, F)
Ensure: A linear ordering £, or L if cycle detected
1: Eg « {(u,v) | (u,0,0) € E}
L[], Q]
: din[v] <0, Vo eV
: for each (u,v) € Ey do
din[0] < din[0] +1
: for each v € V with dj,[v] = 0do
Q.ENQUEUE(v)
: while Q@ # @ do
u <— Q.DEQUEUE(); L.APPEND(u)
for each (u,v) € Ey do
din[v] < din[v] — 1
if dip[v] = 0 then
Q.ENQUEUE(v)
creturn |[L|=|V|? L: L

O O N Ul W N

Il e
@ NP

—
'S

Because the graph topology is fixed during simulation (only node states x,(t) evolve),
L is computed once at initialization. It is then cached and reused for all time steps
t € {0,1,..., T}, which amortizes the O(|V| + |Ep|) sorting cost across the full horizon.
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2.2.3. TS-DAG State Propagation

Given the topological ordering £, the TS-DAG is evaluated sequentially over the
simulation horizon. At each time step t, nodes are processed in the order specified by L.
This ordering resolves all instantaneous (zero-lag) dependencies before any dependent
computation is executed.

For each compute node v € Veomp, we first assemble its input vector z,(t) € Rko
using Equation (4). We then instantiate the node state by applying its transfer function, as
specified in Equation (5).

Algorithm 2 summarizes the full propagation procedure. We establish correctness via
two invariants. (i) For any zero-lag edge (u,v,0) € E, the ordering places u before v, so
xy(t) is available when we construct z,(t). (ii) For any lagged edge with T > 0, temporal
causality ensures that x, (f — T) has already been computed in an earlier time step.

The algorithm runs in O(T - (|V| + |E|)) time. It uses O(|V|-T) space to store
node trajectories.

Algorithm 2 TS-DAG State Propagation

Require: TS-DAG G = (V, E, F), horizon T, default mapping T’
Ensure: State trajectories {xo(t) }ocv ic(o,1)

1: £ < TOPOLOGICALSORT(G) (Algorithm 1)

2: if £ = 1 then return ERROR

3: fort =0to T do

4: foreach vin £ do

5: if v € Veonst then

6: Xo(t) ¢y

7: else if v € Vippy: then

8: xp(£) < I(¢)

9: else

10: forj=1tok, do

11: (uj, 7j) < 00(j)

1 zos(t Ko (=) if t > 7 else T(u;)
13: xXo(t) < fo(zo(t))

14: return {xo () }oev tefo,1]

2.3. Automated Construction of the Strategic TS-DAG

Section 2.2 specifies the TS-DAG formally and establishes its formal foundation. How-
ever, manually instantiating a TS-DAG for a complex strategic scenario is labor-intensive
and prone to cognitive bias. To mitigate these issues, we propose an automated construction
framework that couples the semantic reasoning capability of LLMs with the structural rigor
of graph theory. The framework derives the network topology and instantiates node-level
parametric logic in a single pipeline.

2.3.1. LLM-Driven TS-DAG Structure Generation

Manually constructing TS-DAGs for complex strategic evaluation is impractical. The
indicator space is combinatorial, and temporal interdependencies further increase the
modeling burden.

We propose an LLM-driven, top-down recursive decomposition procedure. The
LLM derives candidate indicators, decomposes composite indicators into sub-indicators,
and assigns temporal lags to the resulting dependencies. This design preserves semantic
alignment with high-level strategic intent while enabling systematic graph construction.

Strategic evaluation is specified by four elements: (i) the evaluation theme (domain
of interest), (ii) the evaluation object (entity under evaluation), (iii) the evaluation pur-
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pose (decision intent), and (iv) the evaluation rule (domain constraints and normative
criteria). Together, these elements define the evaluation scope and the criteria used to
judge outcomes.

We encode them as a Strategic Context Tuple C = (Theme, Object, Purpose, Rule).
This tuple serves as the semantic anchor that guides subsequent TS-DAG construction.

Given C, an LLM-driven agent derives the indicator hierarchy via top-down recursive
decomposition. It starts with a root concept node derived from C and then iteratively
expands the graph.

For each node v, the agent classifies it as either atomic (directly observable) or compos-
ite (derived from other indicators). It assigns atomic nodes to Vinpyt. It assigns composite
nodes to Veomp and recursively decomposes them until all leaves are atomic. Figure 3
illustrates this structure-generation process.

HBR D\v Subnode

Indicator
Node Stack Node Subnode

000 i o

Figure 3. Schematic diagram of the structure generation of TS-DAG based on the LLM-driven approach.

The decomposition is inherently temporal. Instead of assuming instantaneous depen-
dencies and repairing cycles post hoc, the agent infers a temporal lag T for each predecessor
by reasoning about the underlying causal mechanism. This design captures feedback across
time while enforcing acyclicity in the zero-lag subgraph Go.

Concurrently, the agent synthesizes the symbolic form of each transfer function f,.
It leaves parameters unspecified for subsequent calibration. Algorithm 3 formalizes the
overall procedure.

2.3.2. Data-Driven Parameter Identification

The symbolic transfer functions generated in Algorithm 3 must be instantiated with
concrete parameters before we can perform quantitative evaluation. However, manual
tuning is impractical, and labeled strategic data are typically unavailable.

We therefore adopt an iterative refinement procedure. In this procedure, the LLM-
driven agent generates diagnostic scenarios and evaluates the resulting model outputs
against domain knowledge.

For each compute node v € Veomp With predecessor set S, = {(u, 7;) };‘il, we instanti-
ate its parameters via the following iterative procedure.

Step 1 (Initialize). The agent generates a scenario set X, € RN*ko that covers bound-
ary cases, typical ranges, and extreme conditions. It also proposes an initial parameter
vector BUO :

Xo, Gz(,o) + O(INITIALIZE, v, Sy, C) (7)

Step 2 (Forward evaluation). At iteration ¢, we evaluate the symbolic function on
all scenarios:

9 = Fl0), m=1,. N ©
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Algorithm 3 LLM-Driven TS-DAG Structure Generation

Require: Strategic Context C, LLM-driven Agent ®

Ensure: TS-DAG structure (V, E) with symbolic functions { fv}vevcomp
1: V < {Vroot }; Vinput <= ©; Veomp < ©; E<+ O
2: S+ [Uroot]
3: while S # @ do

4 v + S.Pop()

5: if type, = atomic then

6: Vinput A Vinput U {Z)}

7: else

8: Vcomp — Vcomp U {U}

9: {(u;, ) }*_, + ®(DECOMPOSE, v, ()
10: fori=1tokdo

11: if u; ¢ V then

12: V « VU{u}; SPusH(u;)
13: E«+~ EU{(u;,v,7)}

14: fo < P(SYNTHESIZESYMBOLIC, v, { (14, T;) })

15: return (V, E, {fo }oeVeomp)

Step 3 (Feedback). The agent validates each prediction against domain knowledge
and returns directional feedback:

4 = ®(EVALUATE, X,, §, C) ©)

where de'”) € {-1,0,+1} indicates whether 95,”1) is underestimated, appropriate,

or overestimated.
Step 4 (Update). The agent aggregates the feedback and adjusts the parameters:

iV = o(Apyust, 6, A, X,, C) (10)

Stopping criterion. We terminate the refinement when either the parameter change is
small or the feedback indicates sufficient alignment:

N
16 — ol < e or % Y (M <5 11)
n=1
(T)

After T iterations, we obtain the final parameter vector 6, = 6, ’. We execute this pro-
cedure sequentially along the topological ordering to respect computational dependencies.

2.4. Strategic Action Quantification and Propagation

The TS-DAG executes on numerical inputs, whereas strategic decisions are naturally
expressed in language (e.g., ‘launch a diplomatic initiative’ or ‘accelerate technology de-
ployment’). A principled mechanism is therefore required to translate each qualitative
action into quantitative perturbations of the exogenous input nodes V;,.

We use an LLM-driven agent as a domain-aware evaluator. Given a chronologically
ordered action sequence S = (sq, sy, ..., Sk ), where action s; is enacted at time #;, the agent
infers the impact of s; on each input node. This inference is context-dependent. Specifically,
it conditions on both the prior action history (sy,...,s;_1) and the current system state
x(te—1) = {xg,t"fl) }oey. As a result, identical actions can yield different outcomes under
different histories and states.

For each action s; and input node v € V;,, the agent returns a discrete impact label
115") € I, where Z = {L+,8+,N,S-,L-} denotes large positive, small positive, neutral, small
negative, and large negative effects.

https:/ /doi.org/10.3390/app16042007
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We convert this qualitative label into a multiplicative factor via a predefined mapping
M : 7 — RT, with values {1.4,1.1,1.0,0.9,0.6 }. We then update each input node as

) =2l M( (s, (51,0 5), x5, 0)), Vo €V (12)

where ®(-) denotes the agent’s impact-evaluation function. After we update all input
nodes, Algorithm 2 propagates the perturbations through the TS-DAG. This propagation
yields the resulting direct and indirect consequences across the indicator system.

We implement strategic deduction as an interaction between two roles: decision-
makers and evaluators. Decision-makers propose strategic actions, whereas evaluators
assess their implications. This separation mirrors real-world practice, where strategy
formulation and impact evaluation require distinct expertise.

Within the TS-DAG architecture, we operationalize this interaction as a three-phase
cyclic process: (i) strategic gaming, (ii) strategic evaluation, and (iii) graph propagation.
Figure 4 illustrates the overall procedure.

v |
|
Strategic Gaming —————— —» Strategic Evaluation —————— —» Graph Propagation —-

Sctlrl;::;l; S Large Positive l 1.4 Comp\
g
| .. -
History :| % Small Positive - 1.1 Comp
Sequence [ — !
I Y. =~ Comp
S1,0ns5k1 |: @ I:> Neutral L1 \\\ o

ﬂ o X ut> |
_________ . _\»"\ (Input
" “Graph Value Small Negative - 0.9 @@@Bu//i‘

\ Input >

ies

. \
Large Negative M ' 0.6 Input >

Figure 4. Schematic diagram of strategic deduction based on TS-DAG.

Strategic gaming. Multiple agents propose strategic actions, each representing a
distinct stakeholder within the simulated environment. Each agent derives its proposal
from the current system state and its anticipation of other agents’ responses.

Strategic evaluation. This phase quantifies the joint effect of the proposed (and po-
tentially conflicting) actions. Given the current actions, the action history, and each par-
ticipant’s capability metrics, the evaluator derives a net perturbation for each input node.
The evaluation accounts for interaction effects, i.e., actions may reinforce, offset, or amplify
one another.

Graph propagation. We then propagate the evaluated perturbations through the TS-
DAG. Starting from the perturbed input nodes V;,,, the TS-DAG executes its causal update
rules to compute all downstream node states. This propagation exposes both immediate
effects and delayed, higher-order consequences.

2.5. Extracting Strategic Insights Through Comparative Analysis

The goal of strategic deduction is to derive actionable insights. However, a single
simulation run may mainly reflect idiosyncratic conditions. To extract robust patterns,
results are compared across deduction runs under different key-variable configurations.
This comparative design helps reveal the underlying logic of strategic dynamics rather
than scenario-specific outcomes.
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Our workflow proceeds in two steps. First, key-variable combinations that define
the strategic landscape are identified. Second, for each combination, multiple deduction
rounds are run, and the resulting trajectories are analyzed. Insights are then extracted
using three complementary analyses: trend analysis, correlation analysis, and feature
importance analysis.

2.5.1. Trend Analysis

Trend analysis characterizes how each agent’s indicators evolve over time within a
fixed deduction scenario. To make this analysis precise, we first define the data generated
by each deduction round.

Deduction definition. Fix a key-variable configuration K = {ky,ka,..., ky}. N in-
dependent deduction rounds are run. The r-th round (r € {1,2,...,N}) is denoted by
the tuple:

RY = (k,c, D)y (13)

where C(") specifies the contextual background (e.g., initial conditions and environmental
parameters), and D,(Cr) stores the resulting trajectories of all agents” indicators.

Strategic Indicator Trend Analysis. For participant i in the r-th deduction round
under key variable combination K, the strategic indicators form a time-indexed vector
xl(;% (1) = [xl(r,%l (1), xl(;%rz(t), e, xl(r,% p(t)]T € R?, where p is the number of tracked indica-
torsand t € {0,1,..., T} represents discrete time steps within the deduction horizon T.

Analyzing the changing trends of strategic indicators of different agents over time can
reveal the conflicts or mutual benefits among these indicators, as well as the competitive
and cooperative trends among different agents under the same indicator.

2.5.2. Correlation Analysis

Correlation analysis quantifies two types of relationships: (i) correlations among
indicators and (ii) correlations between indicators and key variables. These anal-
yses capture both intrinsic dependencies in the indicator system and sensitivity to
external conditions.

Inter-indicator correlation. To derive patterns that generalize across scenarios, we
aggregate indicator values across all key-variable configurations and deduction rounds.
For indicator j, we define the aggregated set:

X = {0 ()| KeK re{l,... N} ieP, te{0,. .. T}} (14)

where K denotes the set of key-variable configurations and P denotes the participant set.
The Pearson correlation between indicators j and [ is then computed as

Cov(X;, A7)

(15)
O’XJ.O’XZ

Pl =
The coefficient is interpreted as follows: p;; > 0 indicates positive co-movement,
p;1 < 0 indicates negative co-movement, and p;; ~ 0 indicates weak dependence.
Indicator-variable correlation. To quantify how each participant responds to external
conditions, we compute the correlation between its indicators and the key variables.
One-hot encoding. Each key-variable configuration X' = {kq,k, ..., ky;} is one-hot

encoded. Let V; be the value set of the g-th key variable, with cardinality |V,| = d,. For a
(

value v € V;, we define the one-hot vector eqv) € {0,1}%, where the entry corresponding
to v is 1 and all others are 0. We then concatenate all one-hot vectors to obtain

he = el el el e 0,137, D=Y 4, (16)
q=1
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Paired dataset. For participant i and indicator j, we construct the paired dataset:
Zi;={(x{L (1) he) |[K €K, ref{1,... N}, t€{0,...,T}H} (17)

Correlation. The Pearson correlation between indicator values and the s-th one-hot
component of key variables is computed as

Ywhyez; (x — pij) (hs — pis)
|Zl',]'| . Ui,]‘U’S

Pijs = (18)
where h; denotes the s-th component of hic. The coefficient p; ;s identifies which partici-
pants are most sensitive to specific key variables.

2.5.3. Feature Importance Analysis

Feature importance analysis quantifies how strategic actions and exogenous conditions
contribute to the ultimate outcome, represented by the top-level node in the TS-DAG.
Because the underlying relationships can be nonlinear and interaction-driven, we use
Random Forest (RF) regression as a flexible, nonparametric estimator.

Experimental protocol and randomness control. A set of independent simulation
trajectories indexed by scenario-action pairs (/C,r) is analyzed. Here, KX € K de-
notes a key-variable configuration and r indexes independently generated action se-
quences. All analyses use trajectories sampled over a common horizon ¢ € {0,...,T}.
To ensure reproducibility, the pseudo-random seed is fixed for RF training and for the
permutation procedure.

Top-level objective. Let Nyop denote the set of top-level nodes in the TS-DAG. For a
target j* € Niop, we denote its value for participant i under scenario K in run r at time ¢

by xy,%’]-* (t).

Block-wise RF for action importance (lagged features). The observations form a panel
time series. To avoid temporal leakage, lagged predictors are used and run-wise (block)
splits are performed so that all time steps from the same run remain within a single fold.

Let g(i, K, r) denote the run identifier. For t > 1, we define the feature vector as

fixcr = [aic, (t—1), ¢(K)]T (19)

where a; i ,(t — 1) stacks the lag-1 strategic action variables (e.g., RD_Money, MKT_Money,
Price, Profitfor each agent), and ¢(K) encodes the macro-environmental variables (Con-
sumer Confidence, Subsidy Level, Battery Technology). Samples at t = 0 are excluded
because lagged values are not available.

The feature-target dataset is constructed as

N T
Drr= U U U U{Gikre vikr) s Vigrr = xi(,r;%,j*(t) (20)
ieP KeKr=1t=1

An RF regressor JFgg is trained using a fixed hyperparameter setting shared across
targets. Generalization is assessed via run-wise (block) cross-validation (GroupKFold
grouped by ¢(i, K, r)). Predictive performance is summarized using R? and mean absolute
error (MAE).

Permutation importance and rank stability. To mitigate known biases of impurity-
based importance under correlated predictors, permutation importance is computed on
each held-out fold, and the resulting distributions are aggregated. For feature j, we define
its importance as the expected degradation in validation score after permuting f;:

I, =E[AS]], AS;=8(3,y) -SE™,y) (21)
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where S denotes the validation metric (we use R?), and §7°() is the prediction after permut-
ing feature j in the validation set.

3. Results
3.1. Case Description

To validate the framework, the new energy vehicle (NEV) market is used as a case
study. We model a competitive landscape with three archetypal participants: a legacy
automaker, a technology innovator, and a price leader. Across diverse market scenarios,
their strategic performance is simulated and evaluated.

3.1.1. Evaluation Elements

Evaluation Topic. We identify the key drivers that determine market share across
different types of NEV manufacturers.
Evaluation Objects. The three agents represent distinct enterprise archetypes.

e Legacy Automaker (Legacy). A traditional premium brand with strong brand equity,
mature manufacturing capability, and extensive offline channels. It is comparatively
slower in adopting intelligent and software-defined features.

®  Technology Innovator (Tech). A technology-centric player whose competitive advan-
tage lies in intelligent driving and user experience. It maintains an avant-garde brand
image and typically adopts a direct-sales model.

®  Price Leader (Price). A cost-performance-oriented player targeting mass-market house-
holds with aggressive pricing and relatively high specifications.

Evaluation Purpose. Each participant follows a distinct objective. Legacy aims to
preserve leadership in the premium segment and maintain its EV market share at least at
the level achieved in the internal combustion engine era. Tech aims to become the leading
smart-EV brand, monetize technological advantages through sustained profitability, and
cultivate a high-end user community. Price aims to rapidly expand market share and
achieve economies of scale.

Evaluation Rules. We apply three principles. First, we evaluate balanced performance
across multiple dimensions rather than optimizing a single metric (e.g., market share,
financial health, and brand equity). Second, we emphasize sustained performance over
time to distinguish short-term gains from long-term advantages. Third, we evaluate
robustness across environmental conditions and rank strategies by their performance
across scenarios, rather than by peak performance in a single favorable setting.

3.1.2. Key Variables

We consider three macro-level variables that shape the NEV market: the Consumer
Confidence Index (CCI), the Government Subsidy Level (GSL), and the Battery Technology
Bottleneck (BTB).

Consumer Confidence Index (CCI) captures market sentiment with three levels (High,
Medium, Low). It indicates consumers’ willingness to purchase high-end consumer goods.

Government Subsidy Level (GSL) specifies the intensity of government subsidies
for high-end consumption (Strong, Medium, Weak). It directly affects vehicle prices and
manufacturers’ profits.

Battery Technology Bottleneck (BTB) denotes whether a critical battery technology
has achieved a breakthrough (Yes/No). Such breakthroughs can fundamentally alter cost
structures and performance.

https:/ /doi.org/10.3390/app16042007


https://doi.org/10.3390/app16042007

Appl. Sci. 2026, 16,2007

14 of 22

3.2. Experimental Setup
3.2.1. LLM Parameters

We use qwen3-max-20260123 [24] for all LLM-driven components, including (i) deriv-
ing the TS-DAG structure, (ii) instantiating node parameters, and (iii) evaluating strategic
actions online during deduction. We set the temperature to 0 to ensure deterministic
outputs, and the maximum context length to 256k tokens.

To handle malformed outputs, we implement an automatic repair policy that focuses
strictly on syntactic validation (i.e., JSON schema compliance). The repair loop follows
a feedback-based refinement logic: upon detecting a formatting error, the system con-
structs a new prompt that contains (1) the original task, (2) the specific error message, and
(3) the required output schema. This composite input is re-submitted to the LLM to guide
it toward producing a valid structure. We allow up to three retries per query.

3.2.2. Random Forest Parameterization

For feature-importance analysis, we train a Random Forest regressor with
n_estimators=500, max_depth=12, min_samples_leaf=4, and max_features=sqrt. We
set random_state=42 to control randomness. We compute permutation importance with
n_repeats=5.

We assess generalization via run-wise (block) 5-fold GroupKFold cross-validation. The
grouping variable is the run identifier (run_id).

3.2.3. Strategic Deduction Settings

Experiments are designed to cover the macro-environmental space induced by the
key variables. Consumer Confidence has 3 levels, Government Subsidy has 3 levels, and
Battery Technology has 2 levels. Together, they define 3 x 3 x 2 = 18 scenarios.

For each scenario, 10 independent strategic action sequences are generated. This
yields 180 simulation runs in total. These runs form the dataset used for correlation and
feature-importance analyses.

3.2.4. Comparison Algorithms

To benchmark the indicator system derived in Section 2.3, we compare TS-DAG against
two baselines. The first baseline is an AHP-based direct evaluation method (AHP-based).
The second baseline generates a TS-DAG via direct prompting with T = 0 (prompt-based).
Implementation details are provided in the Supplementary Materials.

3.2.5. Comparison Indicators

We evaluate the proposed method and the baselines using three metrics that jointly
quantify competitive separation and temporal stability.

e  Discriminability (D): We quantify how well a method separates competing agents.
We compute D as the temporal mean of the across-agent standard deviation
of market shares. Larger D indicates clearer separation and avoids degenerate
uniform outcomes.

e Volatility (V): We quantify short-term instability in the simulated trajectories. We
define V as the temporal mean of the absolute market-share differences between
consecutive time steps. Smaller V implies smoother trajectories and supports reliable
long-horizon analysis.

e Stable Discriminability Score (SDS): We combine separation and stability via
SDS = D/(V +¢€). This metric rewards methods that preserve separation (high
D) while suppressing jitter (low V). Larger SDS indicates better overall performance.
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3.2.6. Parameter Settings for Sensitivity Analysis

To evaluate robustness with respect to action-impact scaling, we conduct a sensitivity
analysis on the mapping M in Equation (12). We consider three configurations: Baseline,
Conservative, and Aggressive.

Baseline is the default setting used in the main experiments. Conservative compresses
the magnitude of action impacts toward the neutral factor (1.0). Aggressive expands the
impact range to stress-test the deduction dynamics under stronger perturbations. Table 1
reports the numerical values used for each impact level.

Table 1. Parameter settings for the mapping M under different sensitivity scenarios.

Setting Large Positive ~ Small Positive Neutral Small Negative Large Negative
Baseline 1.4 1.1 1.0 0.9 0.6
Conservative 1.2 1.05 1.0 0.95 0.8
Aggressive 1.6 1.2 1.0 0.8 0.4

3.3. Automated Generation of the Evaluation Indicator System

Using the LLM-driven TS-DAG structure-generation procedure, the framework de-
rives an evaluation indicator system for the NEV case. The generated specification explicitly
defines node types, initializes node states, and instantiates symbolic transfer functions that
govern temporal market evolution.

The resulting TS-DAG comprises three node categories: Exogenous Inputs (decision
variables), State Variables (accumulated assets with temporal memory), and Computational
Nodes (instantaneous derivations). In this formulation, i € {Legacy, Tech, Price} indexes
the agent and ¢ denotes the discrete time step.

To parameterize the simulator, we set a unified constant configuration. Specifically,
we set the monthly Total Market Demand (T MD) to 50,000 units, the reference Consumer
Confidence Index (CCI) to 1.0, and the base Net Promoter Score (NPSy,s.) to 150. We
encode temporal persistence using decay factors (kjecsy = 0.98,kp, = 0.95,knps = 0.97)
and model efficiencies using coefficients (RDF = 1, MKT = 0.5). We compute the Total
Attraction Index with fixed component weights: W), = 0.4 (Product), W, = 0.3 (Price), and
Wy, = 0.3 (Brand). The full graph specification is provided in Table 2.

Table 2. The automatically generated indicator system for NEV market simulation.

Node Name Description Type Initial Values (t=0) Generated Transfer Function/Formula
Exogenous Decision Inputs (Per Step)
RD_Money; R&D Investment Input  L:50, T: 30, P: 15 Exogenous (Action)
MKT_Money;  Marketing Investment  Input  L: 45, T: 30, P: 15 Exogenous (Action)
Price; Average Selling Price Input  L:40, T:35,P:25 Exogenous (Action)
Profit; Profit Per Unit Input L:8,T:6,P:4 Exogenous (Action)
Core Competitiveness Metrics (State Variables)
PPS; Product Power Score  State  L: 120, T: 130, P: 100 PPS;[t — 1] - Kgqy + In(1 + RPZ0nes1 )
BPS; Brand Power Score State  L:150,T: 110, P: 80  BPS;[t — 1] - kp, + In(1 + METHUi ) 4 (NPS; — NPSpgq,) - 0.1
NPS; Net Promoter Score State  L:160, T: 180, P: 150 ~ NPS;[t — 1] - kups + (PPS; — PPS;441) - 2
Intermediate & Market Logic
PPS2; Price Power Score Comp - PPS;[t]/ Price;t]
Total; Total Attraction Index =~ Comp - PPS; - Wy + PPS2; - We + BPS; - Wy,
MKTS; Market Share Comp - Total;[t]/ Y_; Total;[t]
Sales; Sales Volume Comp - TMD - MKTS;[t]
Online; Online Buzz Index Comp - 101In(1 + MKT_Money;) + 5In(1 + Sales;)
Resource Constraints (Budget States)
RDB; RD Fund Balance State  L:500, T: 300, P: 150  RDB;[t — 1] — RD_Money; + “°ales:
MKTB; MKT Budget Balance State  L:300, T: 200, P: 100 MKTB;[t — 1] — MKT_Money;
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This representation links macro conditions to micro decisions within a single causal-
temporal model. The key variables (e.g., CCI, GSL, BTB) act as scenario-level modulators
that are exogenous to individual agents and shared across participants. In contrast, the in-
put nodes encode agent-specific decision levers (e.g., investment, pricing, and profit-related
choices). During deduction, these inputs propagate through meso-level state variables (e.g.,
brand power and NPS) via TS-DAG state-update equations. The propagation ultimately
determines top-level outcomes such as market share. Overall, the TS-DAG provides an
interpretable mechanism in which macro conditions define the operating regime, while
agent-level decisions drive endogenous competitive dynamics through structured interme-
diate states.

The automatically generated TS-DAG captures several nuanced mechanisms of busi-
ness operations (Figure 5). First, the transfer functions for PPS and BPS combine a decay
factor (k < 1) with a logarithmic investment return. This design enforces continuous
spending to sustain competitiveness, which operationalizes the “Red Queen” effect.

RD_Money_legacy RD_Money_tech =098 Pl RD_Money_price cci=

MKT Money_tech

MKTB tech #

MKT Money_legacy

' MKTB legacy

MKTS _tech _ TMD=50000 MKTS_price

Profit_legacy Sales_legacy Profit_tech Sales._tech

\ R M - / \
X RDB legacy Online_legacy RDB tech Online_tech

TS-DAG Dependency Graph

_,IL!]%

RDB price

Figure 5. Indicator system diagram structure of Table 2.

Second, the framework derives PPS2 (Price Power Score) as the ratio PPS/ Price. This
formulation induces an explicit trade-off: increasing Price improves unit profit (Profit) but
reduces PPS2. A lower PPS2 decreases the Total Attraction Index and can therefore reduce
market share (MKTS).

Third, the TS-DAG instantiates a feedback loop between product quality and brand
perception. Specifically, NPS increases with relative product superiority, (PPS; — PPS;y1).-
A higher NPS then increases brand power (BPS), capturing the long-term effect of word-
of-mouth. This mechanism is particularly important for the Tech agent.

Finally, the resource constraints (RDB, MKTB) impose a survival boundary. The RDB
update rule includes a replenishment term derived from Sales and Profit. This closes the
loop between commercial success and future innovation capacity.

3.4. Analysis of Single-Run Evolutionary Dynamics

To examine whether the generated strategies yield coherent temporal dynamics, we
analyze key indicators from a representative single simulation run. Figure 6 plots the
resulting trajectories for the three interacting agents.
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Figure 6. An example of the indicator trajectories in a single simulation run.

The market-share trajectory (MKTS) shows a pronounced shift in competitive lead-
ership. At initialization, Legacy leads the market due to its higher initial brand power
and accumulated resources. Over time, Tech exhibits sustained growth and eventually
overtakes Legacy, resulting in a clear crossover.

The underlying drivers are consistent with the TS-DAG mechanisms. Tech achieves
higher Profit and NPS. Its larger R&D investment improves product quality (PPS), which
increases NPS. In turn, higher NPS feeds back to strengthen brand power (BPS). More-
over, higher unit profitability replenishes the R&D budget (RDB), enabling sustained
reinvestment and preventing competitiveness from decaying.

In contrast, Price highlights the limitations of a purely cost-driven strategy in this set-
ting. It maintains the highest Price Power Score (PPS2), i.e., the strongest cost-performance
ratio. However, its market share declines over time. This decline is primarily driven
by thin margins, which limit RDB accumulation, and by a lower brand ceiling. Over-
all, the simulation suggests that cost-performance alone (PPS2) is insufficient to secure
market dominance when competitors jointly optimize profitability, reputation (NPS), and
product innovation.

3.5. Statistical Correlation Analysis of Multi-Run Simulations

To extract insights that generalize beyond a single run, we perform a correlation anal-
ysis across all simulation runs. We quantify statistical dependencies (i) among generated
indicators and (ii) between indicators and macro-environmental key variables. Figure 7
reports the resulting Pearson correlation heatmaps.

Figure 7a reports inter-indicator correlations aggregated across all agents. By pooling
agents, we highlight structural market mechanisms rather than agent-specific artifacts.
We observe a pronounced negative correlation between the Price Power Score (PPS2)
and most other performance indicators. This pattern suggests that emphasizing cost-
performance (low price relative to product power) can trade off against profitability and
brand accumulation, which slows long-term asset growth.
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Figure 7. Correlation analysis of evaluation indicators and environmental variables. (a) shows
inter-indicator correlations aggregated across all agents. (b) shows the sensitivity of core indicators
to macro-environmental key variables.

Excluding direct computational links, Brand Power Score (BPS) shows the strongest
positive correlation with Market Share (MKTS). Net Promoter Score (NPS) is also strongly
aligned with market dominance. These results are consistent with the single-run dynamics
(Figure 6): Tech overtakes Legacy primarily through higher NPS and sustained brand
accumulation (BPS), rather than through price competition.

Figure 7b relates macro-environmental key variables (Consumer Confidence, Subsidy
Level, and Battery Technology) to core indicators. Although these correlations are weaker
than intra-system correlations, they still reveal interpretable policy and technology effects.
For example, strong subsidies correlate positively with MKTS,,., but negatively with
MKTSp,iCE. This indicates that financial incentives disproportionately benefit premium,
innovation-oriented players.

We also observe that moderate Consumer Confidence and Subsidy levels correlate
positively with core indicators across all agents. Finally, battery-technology breakthroughs
correlate positively with most global performance indicators, but negatively with MKTS;,y,.
This suggests that an industry-wide technology leap can reduce the innovation leader’s
relative advantage and narrow the competitive gap.

3.6. Feature Importance Analysis via Random Forest Regression

Figure 8 summarizes permutation-importance estimates obtained under run-wise
(block) cross-validation. Across all three agents, lagged R&D investment (RD_Money)
ranks as the most important predictor of subsequent market share. This indicates that
sustained innovation input is the primary lever for competitive advantage in this market.

Lagged marketing investment (MKT_Money) is consistently the second most impor-
tant feature. This highlights the role of demand shaping and brand exposure in converting
technological capability into realized market share.

The stable ordering across MKTS,egcy, MKTSpec, and MKTS,;ce suggests that the
dominance of R&D over marketing is structural, rather than an artifact of a specific participant.

Table 3 reports cross-validated predictive performance. The positive R? values and
low MAE across all three targets indicate that the learned mapping from lagged actions to
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Figure 8. Permutation-based feature importance for market-share prediction under a Random Forest
model. Panels (a—c) correspond to the Legacy, Tech, and Price agents, respectively, and show cross-
validated importance distributions for lagged strategic actions. Across all three agents, RD_Money is
consistently the most important driver of MKTS, followed by MKT_Money.
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Table 3. Cross-validated predictive performance of the Random Forest models for market share prediction.

R? MAE
MKTS_legacy 5.33 x 1071 1.52 x 1073
MKTS_tech 8.86 x 1071 453 x1073
MKTS_price 8.64 x 1071 5.54 x 1073

3.7. Comparison Algorithm Analysis

To assess the quality of the generated indicator system, we benchmark TS-DAG against
two baselines. The first baseline is an AHP-based direct evaluation method (AHP-based).
The second baseline generates a TS-DAG via direct prompting (prompt-based).

Table 4 summarizes the results. TS-DAG achieves the lowest volatility, V = 2.49 x 103
(var 6.11 x 10~8), while maintaining competitive separation, D = 8.52 x 1072 (var 1.22 x 1072).
As a result, TS-DAG attains the highest stable discriminability score, SDS = 3.44 x 10!
(var 6.35). It substantially outperforms the AHP-based method (SDS = 5.77; var 7.25) and the
prompt-based method (SDS = 4.47; var 3.67). The definitions of V, D, and SDS are given in
the preceding subsection.

Table 4. Comparative performance of TS-DAG and baseline methods in terms of volatility, discrim-
inability, and stable discriminability score.

\Y% D SDS
Mean Var Mean Var Mean Var
TS-DAG 249%x107%  611x108 852x1072 122x107° 344 x10"! 6.35
AHP-based 420%x1072  335x107% 220x10°!  7.65x10°3 5.77 7.25
prompt-based  4.00x 1072  439x107° 1.73x10"! 323 x 1073 447 3.67

Table 4 indicates that TS-DAG yields substantially lower volatility while preserving
competitive separation. This combination leads to the highest SDS among the compared
methods. Overall, the results suggest that TS-DAG produces trajectories that are both stable
and discriminative, which is critical for reliable strategic evaluation.
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3.8. Algorithm Sensitivity Analysis

Figure 9 compares three configurations of the impact mapping M in Equation (12):
Baseline, Conservative, and Aggressive. Aggressive amplifies action-induced perturbations.
This setting disproportionately benefits the Price agent by strengthening short-term market
acquisition under cost-competitive positioning. In contrast, Conservative compresses
action-to-indicator effects. This stabilizes trajectories and favors Legacy by preserving its
accumulated brand and resource advantages. Overall, Baseline lies between these extremes
and yields the most stable market-share evolution.
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Figure 9. Sensitivity analysis under different impact-weight configurations. Panels (a—c) report the
resulting market share trajectories for the Legacy, Tech, and Price agents, respectively.

To further quantify this stability, we examine ranking consistency under parameter
perturbations. Across 180 runs with different parameter settings, the MKTS ranking
changes in only 5 runs (97.2% unchanged), indicating that the qualitative conclusions are
robust to the impact-weight configuration. We therefore adopt Baseline as the default
setting in the main experiments.

4. Conclusions

This paper introduces an LLM-driven strategic evaluation framework that couples
large language models with a time-series directed acyclic graph (TS-DAG). The TS-DAG
enforces an explicit causal structure at each time step while capturing time-lagged prop-
agation, and the LLM helps derive the indicator system, instantiate model components,
and quantify action impacts during deduction. Experiments in the new energy vehicle
market demonstrate that the framework yields coherent competitive dynamics and sup-
ports interpretable, scenario-dependent analysis. However, the framework inherits LLM
risks (hallucination, prompt sensitivity, and bias), which can affect indicator definitions
and action-to-impact mappings. External validity is constrained by the stylized simulator
and the finite scenario set. In addition, performance may degrade under distribution shift,
and uncertainty is not explicitly quantified.

Future work will extend the framework in three directions. First, evaluation will be
coupled with explicit decision and optimization modules so that strategies can be selected,
refined, and validated in a closed loop. Second, robustness and external validity will
be improved by calibrating TS-DAG components with real-world evidence, expanding
scenario coverage, and stress-testing under distribution shift with uncertainty-aware anal-
ysis. Third, we will develop domain-specialized models and safer prompting/guardrail
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mechanisms to reduce hallucination, mitigate bias, and improve the reliability of
action-to-impact mappings.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/app16042007/s1, Section S1: Prompts for LLM-Driven Agent,
Section S1.1: LLM-Driven TS-DAG Structure Generation-Generate Input Node, Section S1.2: LLM-
Driven TS-DAG Structure Generation-Generate Formula, Section S1.3: Data-Driven Parameter
Identification-Initialize Input Parameter, Section S1.4: Data-Driven Parameter Identification-Evaluate
Feedback, Section S1.5: Data-Driven Parameter Identification-Adjust Parameters, Section S1.6:
Strategic Action Quantification and Propagation, Section S2: Comparison Algorithms Description,
Section 52.1: AHP-based Algorithm, Section S2.2: Prompt-based Algorithm.
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