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Abstract

Large language models (LLMs) have shown
potential in identifying qualitative causal rela-
tions, but their ability to perform quantitative
causal reasoning—estimating effect sizes that
parametrize functional relationships—remains un-
derexplored in continuous domains. We intro-
duce Linear-LLM-SCM, a plug-and-play frame-
work for evaluating LLMs on Linear Gaussian
structural causal model parametrization when a
directed acyclic graph (DAG) is given. The frame-
work decomposes a DAG into local parent-child
sets and prompts an LLM to produce a regression-
style structural equation per node, which is ag-
gregated and compared against available ground-
truth parameters. Our experiments with seven
real-world DAGs effect ground truth illustrate
limitations of LLMs as quantitative causal pa-
rameterizers. Across most models, we observe
variability in coefficient estimates and sensitivity
to structural perturbations. We open-sourced the
framework to further encourage the community
to work on studies toward the use of LLM for
causal effect elicitation in safety-critical domain,
e.g., healthcare.
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1. Introduction

Robust intelligence requires an agent to have an internal
“world model” (Ha & Schmidhuber, 2018), that is, an inter-
nal causal mechanism to infer causal structures and their
effect relationships (Pearl, 2019). Recent work (Richens
& Everitt, 2024) suggests that any agent capable of solv-
ing complex decision tasks must effectively learn a causal
model of its data-generating process. Given the advance-
ment of LLMs, they exhibit the ability to encode a corpus of
human knowledge, e.g., clinical knowledge (Singhal et al.,
2023). One may speculate whether LLMs encode literature
with causal information and constructing causal models.
Per LLMs’ Causal Hierarchy, classified by Zhang et al.
(2023), LLMs have shown promise in Type 1 tasks (iden-
tifying causal relationships using domain knowledge), but
they struggle with Type 2 (discovering new knowledge from
data) and Type 3 (quantitative estimation of consequences)
tasks. Empirically and theoretically, Type 3 aspects in con-
tinuous domains remain under-explored. To fill this gap, we
propose Linear-LLM-SCM, a framework evaluating quan-
titative causal capabilities of LLMs. It decomposes DAGs
into local parent-child structures, assigning LLMs to elicit
regression coefficients for linear Gaussian SCMs. In our
open-sourced software, researchers can use their own DAGs
and LLMs plug-and-play to evaluate in their domains.

In this contribution, we investigate the following Research
Questions (RQs): RQ1: Given a pre-specified DAG, can
LLMs elicit plausible regression coefficients compared to
real-world ground truths? RQ2: How robust is this pa-
rameterization when facing adversarial conditions, such as
DAG misspecification (spurious edges) or changes in vari-
able units? RQ3: What are the common failure modes
encountered when using LLMs for parameterization?

Structural perturbation in RQ2 accounts for observational or
modeling limitations. Real-world modeling, including the
specification of a directed acyclic graph (DAG) as ground
truth, contains uncertainty (Padh et al., 2025; Vowels et al.,
2023). If possible, subsequent causal effect estimation
should be robust against them. This also mitigates data
leakage in the LLM training corpus (Yang et al., 2023).
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Contributions. We introduce a framework to evaluate
LLMs’ ability to estimate linear SCM coefficients. We open-
source an evaluation pipeline that supports plug-and-play
DAGs, variable metadata, and LLMs, reporting coefficient-
distance and ordering metrics against ground truth. !

2. Background and Related Work

Structural causal models (SCMs) formalize causal systems
through a set of structural equations (e.g., in form of a DAG)
and distributional assumptions. Recent work explored using
LLMs for causal reasoning, focusing on causal discovery
and qualitative inference (Long et al., 2022; 2023; Kiciman
et al., 2024). Recent studies raise concerns about LLMs’
causal capabilities, arguing that they may succeed at iden-
tifying causal relationships using prior knowledge, while
struggle to discover causal structure from data and quantita-
tively estimate causal effects (Zhang et al., 2023; Zecevi¢
et al., 2023; Yang et al., 2023; Jin et al., 2023).

Existing work on LL.M-based causal effect estimation fo-
cuses on discrete domains or requires numerical observa-
tional data and specialized architectures (Chen et al., 2023;
Feder et al., 2023; Zhang et al., 2024). Closest to our setting,
Bynum & Cho (2025) combined LLMs with pre-specified
causal graphs but estimate effects via sampling-based con-
ditional distributions rather than directly eliciting structural
parameters. In contrast, we study whether LLMs can di-
rectly estimate continuous linear causal effect parameters
for pre-specified SCMs using only causal structure and vari-
able semantics, without observational data. Appendix A
provides a detailed literature review.

3. Linear-LLM-SCM Framework

We provide pre-specified DAG structures decomposing real-
world phenomena into parent-child interactions. The system
iterates through the DAG, calling LLMs via prompt tem-
plates to elicit functional mappings for each parent-child
set, then aggregating results to obtain full effect parame-
ters. This assumes that LLMs have learned quantitative or
qualitative information from their large training corpus. For
quantitative aspects, LLMs may have encountered scien-
tific literature with effects formalized as SCMs, or linear
regressions. For qualitative aspects, LLMs encountered nat-
ural language causal statements (e.g., “Coffee consumption
positively regulates alertness after 1 hour”) in their corpus.

3.1. Overview of the benchmarking framework

Our benchmarking framework requires a DAG structure G
consisting of nodes V and directed edges £, variable de-
scriptions D including a short textual description and their

"https://github.com/datasciapps/parameterize-dag-with-1lm

unit (e.g., “GC”: “Glucose (uM)”), and variable constraints
‘R (lower and upper bounds). The parameterization task
assumes linearity in structural equation, Gaussian noise of
target variables while beta coefficients do not have noise as-
sumption. The variable constraints were sourced from origi-
nal literature or author judgment, as shown in Appendix F
Table 4. The DAG structure is given by a yaml file contain-
ing that information and effect ground truths. An example
including the required input can be found in Appendix B in
Figure 1. Given these inputs, Linear-LLM-SCM traverses
nodes in topological order and decomposes the graph into
local parent-child elicitation tasks. For each target node, it
prompts the LLM with domain context, variable descrip-
tions, units, ranges, and output-format instructions, then
parses the returned linear equation to extract the intercept
and parent coefficients.

Response Parsing: We obtain the functional mapping of
direct parents and target variables as textual structural equa-
tions from LLMs. While LLMs provide plausibility de-
scriptions for debugging, we utilize only the parameterized
equation provided as a string. From this property, the system
extracts beta coefficients from the LLM structural equation
format, which should be compliant with the demonstration
in the prompt template as in Appendix C Figure 3.

3.2. Prompt for Node Level Function Parametrization

Our framework traverses a DAG. For each node, the LLM
receives descriptions of its direct parents. While one could
pass the entire graph via text representations (e.g., DAGitty
by (Textor et al., 2017) or Mermaid by (Sveidqvist & Con-
tributors to Mermaid, 2014)) or feed entire DAGs into vi-
sual language models, we chose the parent-child template
instead. This focus on local structures aligns with recent
work (Bynum & Cho, 2025; Nafar et al., 2025).

Our prompt includes the names and short descriptions of the
target variable and its direct parents, alongside formatting
instructions. On a high level, the prompt consists of three
parts: First, domain expert persona (e.g., expert in consumer
behaviour), a summary of the phenomenon of interest (e.g.,
“ Cachexia is a complicated metabolic syndrome related
to...”), and variable units are introduced to the LLM. Next,
the parameterization task, linear equation template, and
variable ranges appear. Finally, the LLM is informed of
the output format, which starts with the thought process
(reasoning tokens) and ends with the parameterization result
as a string. Appendix C Algorithm 1 includes details of
this process as line 4, and Figure 3 shows an example of a
prompt for a parent-child local structure.

Iterative Feedback. The framework elicits functional map-
ping in parent-child local structure without generating sam-
ples. To enforce global consistency as a DAG, it includes
an iterative feedback refinement mechanism. This process
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requires pre-specified hard constraints for each variable, ana-
lytically performs sanity check and retry for each elicitation.
Details are available in Appendix C Algorithm 2.

3.3. Metrics for Evaluating Parameterization

Our framework compares ground-truth effect parameters
and the effects elicited via LLMs, obtaining metrics (M1)—
(M4), which we defined as in Appendix D. For (M1)-(M3),
we compute the L2 norm over all linear coefficients across
nodes; the contribution aggregation differs by metric. These
metrics capture distances between LLM-elicited parameter
vectors per node and ground truth vectors per node. (M4)
captures relative effect-size ordering per node.

4. Experimental Setup

We assume linear functional elicitation for pre-specified
DAGs using LLMs given their nodes and directed edges. We
obtained ground-truths in linear settings, including learned
parameters as well as DAG structures (Leonelli, 2025) in
the real-world settings. In our functional elicitation, we
obtain a textual structural equation directly but do not create
conditional distributions from LLMs as in (Bynum & Cho,
2025). For DAGs and their parameterization, we focus
on continuous variables. The bayesian networks we used
for ground-truths have learned effects in continuous linear
Gaussian settings. A small subset of DAGs, for example,
some variables in Expenditure DAG, for example, Card,
whether card is accepted or not, was also binary but because
the ground-truth network learned this effect as continuous,
in our prompt we also treat it as continuous.

4.1. LLM Model Selection

We employed general purpose pre-trained LLMs (Gemini
2.5 Flash, Llama 3 family, and GPT-5.4) as in Appendix E
Table 3. We tried models with different model sizes and ar-
chitectures either mixture-of-experts (MoE), where an input
is routed into different experts, obtaining output in an ensem-
ble fashion (Jacobs et al., 1991), vs non-MoE ones. Gemini
2.5 Flash consists of sparse MoE (Gemini Team, Google,
2025). Representative models from the open-weights com-
munity, Llama 3.1 8B and Llama 3.3 70B have dense trans-
former, where all parameters are used for inference (Llama
Team, Meta, 2024). From frontier model family, we include
GPT-5.4 2 with limited model details disclosed.

4.2. DAGs With Ground Truth Effect Parameters

Our experiment employed real-world DAGs from a
Bayesian Network repository, BnRep (Leonelli, 2025). We

https://openai.com/index/
introducing-gpt-5-4/

kept the ones with a continuous Linear Gaussian setting
which corresponds to the linear SCM setting. For conve-
nience, we included DAGs with at most 15 nodes. We ex-
cluded DAGs where variable names consisted of letters and
numbered suffixes. Appendix F Figure 5 describes how we
selected DAGs and effect ground-truths from the repository,
and Table 4 lists the 7 DAGs included in our experiments.

4.3. Adversarial Conditions
As in RQ2, we introduce two adversarial conditions.

(I) Tweaking Units to Check Robustness. For the first type
of adversarial conditions, namely changes in units, we use
Cachexial DAG from Table 4 because the DAG comes with
units and the DAG structure is relatively simpler among
others. We captured aggregated trends on each model with
temperature set to zero to make the behavior as deterministic
as possible. We employed the following two conditions: (A)
the Cachexia DAG with original units uM, and (B) the
Cachexia DAG with tweaked units, nM.

(IT) Simulated DAG Misspecification.

We created adversarial mutated examples based on Expen-
diture DAG (details in Appendix Figure 7). For each, we
added a spurious edge between two variables with no actual
connections in the ground truths while ensuring acyclicity.
The resulting four examples are referred to as (S1)-(S4) as
discussed in Appendix F.4. Based on this, we performed
parameterization to check how robust each LLM is.

5. Results and Discussion

In our experiments, a run consists of a DAG traversal from
the first node to the last. For each condition (DAG, LLM),
we run 25 independent runs (i.e., n = 25) and report mean
M1-M4 values. Values after + denote 95% Cls.

5.1. RQ1: Direct Estimation Results

Table 1 presents direct parameter estimation results across
four LLM models on all DAGs. M1 shows high variability
across DAGs because it is not scale-invariant with respect
to variable ranges. We therefore focus on M2, M3, and
M4. Under M2, the best model varies by DAG. Under M3,
Gemini 2.5 Flash and GPT-5.4 each perform best on three
DAGs. Under M4, GPT-5.4 performs best on four DAGs
and Gemini 2.5 Flash on three, including ties. Comparing
Llama 3.1 8B and Llama 3.3 70B, the larger model usually
performs better, suggesting a benefit from larger parameter
counts for this task. A small model, Llama 3.1 8B failed to
generate parsable equations for algal2.

While we used temperature zero, larger models (Gemini 2.5
Flash, Llama 3.3 70B, and GPT-5.4) still show substantial
stochasticity across metrics, with non-Gaussian distributions
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at n = 25, possibly due to hardware or software factors be-
yond our control via external APIs. This variability is con-
cerning for safety-critical domains such as healthcare. This
result aligns with prior work on LLM non-determinism (Kli-
shevich et al., 2025)—a failure mode in response to RQ3.

Table 1. Direct estimation results in the main text (Averaged
n = 25, Temp 0) with 95% ClIs. We focus discussion on M3 and
M4; the full M1-M4 table is provided in Appendix G Table 5.
For M3, lower is better ({); for M4, higher is better (1). See
Table 4 for DAG descriptions.

MODEL DAG M3 | M4 1
Gemini 2.5 Flash 1.07 £ 0.11 1.00 4 0.00
Llama3.188 . ..~ 1.04£0.00 0.00+0.00
Llama 3.3 70B 1.35+0.07 0.44 + 0.20
GPT-5.4 0.98 +0.05 0.6440.19
Gemini 2.5 Flash 1.00 + 0.23 7.5240.20
Llama3.188 . = 2.05%0.00 7.000.00
Llama 3.3 70B p 1.55 4+ 0.23 6.56 +0.20
GPT-5.4 1.96 + 0.08 6.36 +0.19
Gemini 2.5 Flash 0.24 4 0.05 0.50 & 0.21
Llama3.18B . .= 0452000 0.000.00
Llama 3.3 70B ‘ Y 0.40 & 0.00 0.00 & 0.00
GPT-5.4 0.11 £ 0.03 0.96 -+ 0.08
Gemini 2.5 Flash 0.51+0.10 2.00 + 0.00
Llama 3.1 8B loal2 n/a

Llama3370B &2 0.56 +0.05 2.00 & 0.00
GPT-5.4 0.52 4 0.04 2.00 = 0.00
Gemini 2.5 Flash 2.04 +£0.05 2.04 £0.27
Llama3.188 . 2.56 + 0.00 1.00 = 0.00
Llama 3.3 70B 2.2740.04 0.78 4 0.37
GPT-5.4 176 + 0.07 2.24 4+ 0.20
Gemini 2.5 Flash 0.84 +0.03 2.80+£0.16
Llama3.188 . . . = 2014000 3.00+0.00
Llama 3370  AUetaction 4 oz 4 0.03 3.00 +0.00
GPT-5.4 0.88 +0.02 2.96 + 0.08
Gemini 2.5 Flash 1.01 £ 0.06 3.48 +0.24
Llama3.18B . 1.59 +0.00 2.88+0.13
Llama 3.3 70B 0.93 +0.06 2.60 4 0.23
GPT-5.4 1.18 4+ 0.06 3.80 4+ 0.12

5.2. RQ2: Robustness Results

(I) Unit Tweaking Robustness. Appendix G Table 6 evalu-
ates model robustness when unit values for the Cachexial
DAG are tweaked from M to nM. Here we only pro-
vide overview. In the lens of M2-M4, sometimes, counter-
intuitively tweaked units resulted in better parameterization.
One possible reason that the metric improved instead of
degradation is increased numerical precision in textual for-
mal, e.g., I uM — 1000 nM. We plan to extend the empirical
coverage in the future to see if this is the case.

(IT) DAG Misspecification Robustness. Table 2 presents
the performance when the Expenditure DAG is intentionally

Table 2. Robustness under DAG misspecification in the main
text for the expenditure DAG (Averaged n = 25, Temp 0) with
95% Cls. We focus discussion on M 3 and M 4; the full M1-M4
table is provided in Appendix G Table 7. For M 3, lower is better
(J); for M4, higher is better (). Misspec: (O)=Original DAG,
(S1)-(S4)=Spurious edges added.

MODEL MISSPEC. M3 M4 1

Gemini 2.5 Flash o 1.00 £ 0.23 7.52£0.20
S1 1.37+£0.28 6.20 +0.30
S2 1.24 +£0.27 6.40 +£0.25
S3 1.35+0.25 6.56 +0.26
S4 1.99 £0.19 7.32+0.27

Llama 3.1 8B o 2.05 +0.00 7.00 +0.00
S1 2.48£0.00 6.00=£0.00
S2 2.06 £0.00 6.00 £ 0.00
S3 2.11£0.00 6.00=£0.00
S4 2.414+0.00 7.00 +0.00

Llama 3.3 70B o 1.55+0.23 6.56 £0.20
S1 1.70£0.22 5.52+0.23
S2 1.924+0.19 5.92+0.25
S3 2.04+0.12 5.36 £0.19
S4 2.22+£0.14 6.68 +£0.27

GPT-5.4 o 1.96 £0.08 6.36 +0.19
S1 0.90 £ 0.03 6.00 £ 0.00
S2 1.02+0.08 6.00 %+ 0.00
S3 1.01 £0.10 6.124+0.13
S4 1.74£0.09 6.96 +0.08

misspecified by adding spurious edges, where O indicates
the original DAG while S1-S4 indicate mutated variants;
the full M'1-M4 table is provided in Appendix G Table 7.
As above, we focus on M3 and M4 in the main text. Under
M3, the original DAG yields the best result for Gemini
2.5 Flash, Llama 3.1 8B, and Llama 3.3 70B, while GPT-
5.4 performs best on S1. Most models therefore degrade
under DAG misspecification by M3. Under M4, the original
DAG performs best for Gemini 2.5 Flash and Llama 3.1
8B. For Llama 3.3 70B and GPT-5.4, variant S4 is slightly
better than the original DAG, which remains second best.
Overall, adversarial conditions tend to lower M4, indicating
degraded performance under DAG misspecification with
spurious edges—a failure mode regarding RQ3.

6. Conclusion

Linear-LLM-SCM benchmarks quantitative causal effect
elicitation by decomposing DAGs into local structures,
along with four evaluation metrics. Across four LLMs,
Gemini 2.5 Flash performs best overall on M3 and M4
across the tested DAGs. These results highlight the impor-
tance of scale-invariant metrics such as M4, since M1 is
affected by variable ranges. A challenge is the stochasticity
of three large LLMs, which produce inconsistent results
at temperature zero. In contrast, a small LLM was more
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consistent but less accurate. Such variance poses risks in
safety-critical domains, e.g., healthcare. Robustness tests
show that adding spurious edges degrades performance and
lowers effect-ordering accuracy, indicating limited robust-
ness to structural uncertainty. Future work should extend
it to non-linear functional forms and investigate ways to
mitigate structural noise. We did not utilize confidence inter-
vals from LLMs, but plan to examine whether such textual
uncertainty outputs are calibrated.

Impact Statement

We foresee our work being useful to benchmark LLMs for
causal effect elicitation in safety-critical domains, such as
healthcare, where quantitative causal expert knowledge is
needed. There are several downstream societal implica-
tions of using LLMs but we do not specify all such implica-
tions in this manuscript. Given the current results from the
manuscript, we need to clarify that we should not use LLMs
for quantitative causal effect estimation for real healthcare or
clinical decision support, but still we need further research
on safety testing and improvements.
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Appendix
A. Background and Related Work

The section first describes the theoretical foundation of structural causal models. Then, we will examine general LLMs’
abilities and inabilities reported in the causality, which is a broad area of study including causal discovery and causal effect
estimation. Then we will focus on existing efforts of using LLMs for causal effect estimation in the causality literature.

A.1. Structural Causal Models and Effect Parameterization

A Structural Causal Model is formally defined by a pair (G, F'), where G is the Directed Acyclic Graph (DAG) representing
the causal structure, and F = { f;} is the collection of structural equations. Each endogenous variable X; is determined by a
function f; of its direct causes (parents) Pa(X;) and an independent exogenous noise term F;, such that X; = f;(Pa(X;), E;).
In our problem settings, we focus on linear causal effects to narrow down the problem space, and therefore, parameterization
here refers to finding coefficients of these linear functions F'.

Conventional causal inference tasks include finding causal relationships, direction of edges and identifying such parameters
using data and intervention in the real-world. However, in our work, we only aim to estimate such parameters for linear
causal effects using potentially encoded knowledge from large language models (LLMs) for each variable in a pre-specified
DAG for a real-world phenomenon.

A.1.1. LLMS GENERAL POTENTIAL AND CRITICISM FOR CAUSALITY

For causal discovery, (Long et al., 2022; 2023) used LLMs to identify causal connections between node pairs in DAGs,
reporting opportunities despite inconsistencies and prompt sensitivities. (Kiciman et al., 2024) found LLM-based methods
outperform covariance-based algorithms in pairwise causal discovery and excel at natural language counterfactual reasoning.

There is also work raising limitations of the current LLMs in this regard. For example, Zhang et al. (2023) proposed LLMs’
Causal Hierarchy, which consists of the three types: Type 1: Identifying causal relationships using domain knowledge,
Type 2: Discovering new knowledge from data, Type 3: Quantitative estimation of consequences of actions. They claim
LLMs can perform Type 1 tasks via training data but not Type 2 and Type 3 due to token generation limitations. Our work
evaluates LLMs’ capability for Type 3 tasks. Another study by Zecevi¢ et al. (2023) raises doubts about LLMs’ causal
capabilities, conjecturing they merely learned causal facts from training data rather than causal mechanisms, Causal Parrots.
They note LLMs are not explicitly trained for causal tasks and may simply parrot causal statements without true reasoning.
Their criticism focuses on causal discovery; since we assume given causal structures and only estimate effects, this may
not directly apply to our settings. Criticisms also include ground truth leakage in causal discovery (Yang et al., 2023). In
the broader context of causal inference, Jin et al. (2023) introduced CausalCOT, a prompting strategy for the whole causal
reasoning lifecycle, concluding this task is highly challenging for LLMs.

A.1.2. LLMS FOR CAUSAL EFFECT ESTIMATION

While some literature indicates initial success reports for treatment effect estimation in discrete domains, including
counterfactual generation, causal effect estimation in continuous domains (e.g., SCMs) remains largely unexplored. Most
existing approaches for continuous causal estimation provide numerical observational data to the model, which often requires
specialized architectures or tokenization schemes; by contrast, we study coefficient elicitation without observational data,
using only DAG structure and variable semantics.

Bynum & Cho (2025) combined LLMs with structural causal modeling for pre-specified DAGs. However, they use sampling-
based approaches to estimate effects rather than directly eliciting functional mappings. Their SD-SCMs represent effects
as Conditional Probability Distributions rather than linear structural equations (Wright, 1921), focus on discrete-domain
counterfactuals, while our work addresses continuous-domain parametrization for simulating real-world phenomena. Liu
et al. (2025) surveys LLM-based causal inference, finding only three papers on treatment effect estimation—two in discrete
domains (Chen et al., 2023; Feder et al., 2023) and one (Zhang et al., 2024) addressing both domains but requiring numerical
observational data with specialized attention mechanisms. Unlike these approaches, we assume pre-specified causal DAG
structures without observational data. Nafar et al. (2025) similarly benchmark effect estimation from pre-specified DAGs but
assume discrete domains with Conditional Probability and sampling distributions, using eighty public DAGs in finance and
health. Other benchmarks (Wang, 2024; Mohan & Karaletsos, 2025) examine LLMs on causality tasks but focus on causal



Linear-LLM-SCM: Benchmarking LLMs for Coefficient Elicitation in Linear-Gaussian Causal Models

relationship identification rather than quantitative effect estimation in continuous SCMs.

B. Benchmarking Framework Implementation Details
B.1. Plug-and-play Configuration Example

Our open-source tooling requires a very simple yaml format to specify DAG structures and other inputs required as shown
in Figure 1.

name: cachexial_disease_informed_real_bounds_and_units
all_nodes:
:g A16
_E B:2.3
F: 0.8
i gﬁ GC: 26.9
v GM: 15.1
raw_edges: Vi 4.1
A ges: node_upper_bound:
GC A: 325.6
B B: 788.8
-V F:96.6
F GC: 8724.8
-GM GM: 1684.0
GC V:160.1
B ground_truth_effect_sizes:
.. GC A->GC: 13.4753
Ry B->V: 0.1104
. -GM F->GM: 10.7348
A GC->B: 0.0181
.. GM GC->V: 0.0068
.B GM->A: 0.0674
GM GM->B: 0.1104
N GM->V: 0.0436
S phenomenon_overview: You are going to identify internal dynamics of a
node_descriptions: -
Ny f " phenomena, Cachexia.
A: "Adipate (micromolar, pM) . : . N
cu : ; " Cachexia is a complicated metabolic syndrome related to underlying iliness and
B: "Betaine (micromolar, pM) characterized
F !:'lljmarate (mu_:romolar, uM) " by muscle mass loss with or without fat mass loss that is often associated with
GC: "Glucose (micromolar, uM) f - . . ) ) )
n : h " anorexia, an inflammatory process, insulin resistance, and increased protein
GM: "Glutamine (micromolar, pM)
L Jali ; .. turnover.
V: "Valine (micromolar, uM) N . .
: ) . . include_parent_relationships: false
primary_domain_name: metabolic systems
secondary_domain_name: biochemistry
node_lower_bound:

Figure 1. An example configuration of plug-and-play DAG yaml for our open-source framework.

B.2. Example Output Response from an LLLM to a Prompt

Please refer to Figure 2.

C. Benchmarking Framework Details
C.1. Algorithm Details

Algorithm 1 provides details of the main parts of the framework.

C.2. Prompt Example for Parent-Child Elicitation

An example is shown in Figure 3.

C.3. The iterative hard-constraint loop overview

In addition to the Algorithm 2, here we provide Figure 4 to show a concrete example of (i) how feedback on failure is
incooperated to the next iteration’s prompt, and (ii) an example of iterative refinement history from our system’s log. As in

9
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Algorithm 1 Linear-LLM-SCM Benchmarking Framework

Require: DAG structure G = (V, £), Variable descriptions D, Value ranges R, Phenomenon overview P, LLM M
Ensure: Aggregated set of linear coefficients Jé;
1: Initialize 3 < 0
2: for each target variable X; € V in topological order do
3: 1. Identify direct parents Pa(X;) C V using edges £ (decompose into local structures)
2. Construct prompt S incorporating:
* Domain expert persona and Phenomenon overview P
* Short descriptions D and Units for X; and Pa(X;)
* Hard constraints/Value ranges R
3. Call LLM: Response < M(S;) requesting JSON format
9: 4. Parse Response: Extract numerical B for Pa(X;) and intercept 3 (with iterative feedback, see Algorithm 2)
10: 5,8(—,6U{ﬂ1,]}
11: end for
12: return aggregated parameterized SCM B for graph structure G

R AN A

Algorithm 2 Iterative Feedback for Refinement with Hard Constraints

Require: Target variable X ;, Parent hard constraints Rp,(x,), Node hard constraints Cs, Loop budget n
Ensure: Accepted linear coefficients B

1: for iteration = 1 to n do

2:  Call LLM M with prompt .S; to get proposal P (includes parameterization 6))

3:  Calculate possible value range C of X; based on Rp,(x;) and P
4: if C5 includes C; then
5: return B (accept proposal)
6: else
7: Reject proposal
8: Update prompt S; with previous proposal and validation results
9: endif
10: end for

11: return last available B (budget n reached)

(i) example, the previously proposed but failed proposal and its failure reason is inserted at the last position of the standard
prompt template in the next iteration. Please note that, if the proposal fails multiple times, only the last proposal was
provided to the next iteration. The example (ii) demonstrates an example, where a variable Inamax violated constraint in the
first proposal, iteratively refineing the proposal at the end after this process.

C.4. The iterative hard-constraint loop details

In our parameterization, the LLM aims to obtain the following structural equation for each node. In practice, while our
system prompts up to the noise &, but we do not utilize or examine the values, which is future work.

n
Y =fo+ ) BiXite M
i=1
Given the elicited coefficients 3, 81, ..., On and the known bounds [1b;, ub;] for each parent variable X;, the validator

computes the worst-case deterministic range [Yiin, Ymax] of Y using interval arithmetic.

C.4.1. INITIALIZATION

Both extremes are initialised with the intercept:

Ymin = BOa Ymax = 50 (2)

10
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C.4.2. PARENT CONTRIBUTION

For each parent variable X; with coefficient 3; and bounds [Ib;, ub;]:

Knin += 6 . B }/max += B . /B (3)
C.4.3. VALIDATION CHECK
Let [Iby, uby | be the hard bounds on the target variable Y. The proposed equation passes validation if and only if:
Iby < Yipin and  Yiax < uby )

If either condition is violated the validator returns a human-readable failure message, e.g. “Predicted minimum (—0.30) for
Y’ is below its hard lower bound (0.01).”

The noise term ¢ is excluded from the interval calculation because at this point, we do not know how reliably LLMs can
perform uncertainty quantification in a symbolic fashion, which is future work.

D. Mathematical Definitions for Our Metrics

These metrics capture distances between LLM-elicited parameter vectors per node 3,1, ; and ground truth vectors per
node ﬁGT’ ;e For each vector, we denote j’s each direct parents’ edges effect size (scalar) using index i: Srrn j,; and
Bar,j,i- The metrics are summarized as follows:

e (M1) L2 Norm distance between LLM-elicited vs GT:

M, = Z Z (Brom,ji — Bar,j,i)? )

JEV iePa(j)

¢ (M2) L2 Norm distance with node-wise effect normalization:

My = Z Z ( 5LLZ\/I,j,i BGT,j,i2>2 (6)

jeV icPa(y) ||5LLM,j ll2 HﬂGT,j|

* (M3) L2 Norm distance excluding edges with single parents:

M; = Z Z )( Brrom.j,i Bar,ji >2 )

et oy et \Broaslz ~ TBarlz

* (M4) Effect size relative ordering matches per target variable:

My = Z I (ordering of {Lim,i,j }ie Pa(x,) = ordering of {Scr,i,; YicPa(x;)) (8
Jje{V:|Pa(X;)|>1}

(M4) captures relative effect-size ordering per node. If a node j has parents a and b and the effect sizes are Brra1 5,0 =
—0.8 < Brrm,jp = 0.5 while Bar j.0 = —2 < Bar,;,5 = 3, for this node we increment the sum by one before moving to
the next node, finally obtaining (M4).

E. Experimental Details

E.1. LLM Model Details

Please refer to Table 3.
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Table 3. Benchmark model specifications for our study. MoE stands for mixture of experts. Dense means dense-transformer and this also
indicates the model is non-MoE-based. The tick v'indicates yes, and the cross X indicates no.

MODEL NAME MODEL SIZE ARCHITECTURE OPEN WEIGHTS

Gemini 2.5 Flash ~ Unknown MoE X
Llama 3.1 8B 8B Dense v
Llama 3.3 70B 70B Dense v
GPT-54 Unknown Unknown X

E.2. LLM Interaction Protocol

While the full experimental pipeline is publicly available and open-source in 3 , here we describe key details for repro-
ducibility.

In all models, we set temperature to zero while we did not change top k / top p sampling because generally when setting
temperature, it is recommended to fall back to default top k and top p values. For Groq inference API, there is an option to
explicitly set seed, but we do not explicitly set this value. For Gemini API, there is also a similar entry to specify the seed
but we did not explicitly set this value. For both providers, setting this value does not guarantee actual seed being set to the
specified value because they describe this as best-effort * 3, and non-deterministic also seem issues acknowledged by the
model providers. For OpenAl GPT-5.4 models, we set reasoning_effort to none to enable setting temperature to
Zero.

For Gemini models, via Google Al Studio’s APIs. For Llama models via Groq APIs. All the APIs are called via a python
package called instructor °. Rate limiting was handled using the instructor package with its default exponential backoff. The
JSON format was also enforced via the instructor package.

F. DAG Descriptions
F.1. DAGs used for experiment

Please refer to Table 4.

F.2. DAGs selection flowchart
Please refer to Figure 5.

3[URL reducted for double-blind review]

‘nttps://console.groq.com/docs/api-referencef#chat-create

5https ://docs.cloud.google.com/vertex—ai/generative—ai/docs/model-reference/inference
*https://python.useinstructor.com/concepts/validation/#3-custom-validators

Table 4. DAGs with ground-truths included for our study from BnRep repository. Literature indicates sources introducing either the
DAG structure or DAG effect parameterization. VR. (Value Ranges) indicates whether value ranges are available in the original literature.

NAME LITERATURE VR. NODES DOMAIN
cachexial Gorgen & Leonelli (2020); Eisner et al. (2011) Y 6 Genetics
expenditure  Tsagris (2022); Greene (2003) N 12 Economics
foodsecurity Leonelli et al. (2020); Barons et al. (2018) Y 4 Social Sciences
algal2 Jackson-Blake et al. (2022) Y 9 Env. Science
lexical Baumann & Sekanina (2022) Y 8 Social Sciences
liquefaction  Hu et al. (2023) Y 10 Earth Sciences
stocks Sener & Demir (2024) Y 13 Economics
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Table 5. Full direct estimation results (Averaged n = 25, Temp 0) with 95% Cls. M1: L2 distance; M 2: normalized L2; M 3: normalized
L2 excluding single-parent edges; M4: Effect relative order count. For M 1-M 3, lower is better ({); for M4, higher is better (7). See

Table 4 for DAG descriptions.

MODEL DAG Ml | M2 | M3 | M4 1
Gemini 2.5 Flash cachexial 13.783 + 1.826 2.449 £0.240 1.074 £0.114 1.000 £ 0.000
Llama 3.1 8B cachexial 16.527 £+ 0.000 1.036 - 0.000 1.036 £ 0.000 0.000 £ 0.000
Llama 3.3 70B  cachexial 13.843 £ 0.938 1.994 +0.213 1.352 +0.071 0.440 £+ 0.199
GPT-5.4 cachexial 17.043 £ 0.069 1.479 £0.295 0.976 + 0.053 0.640 £ 0.192
Gemini 2.5 Flash expenditure 148084.559 £ 22359.281 0.998 £ 0.226 0.998 £ 0.226 7.520 + 0.200
Llama 3.1 8B expenditure 2463.377 £ 0.000 2.053 +0.000 2.053 £ 0.000 7.000 £ 0.000
Llama 3.3 70B  expenditure 27137.540 &£ 12574.354 1.548 £0.234 1.548 £0.234 6.560 +0.199
GPT-5.4 expenditure  83376.520 £ 26482.403 1.960 £ 0.076 1.960 £ 0.076 6.360 £ 0.192
Gemini 2.5 Flash foodsecurity 22.801 £ 0.038 2.017 £0.006 0.236 £ 0.050 0.500 £ 0.214
Llama 3.1 8B foodsecurity 22.727 + 0.006 0.447 4+ 0.000 0.447 £ 0.000 0.000 % 0.000
Llama 3.3 70B  foodsecurity 22.914 £ 0.009 2.039 +£0.001 0.395 £ 0.004 0.000 £ 0.000
GPT-5.4 foodsecurity 22.587 + 0.044 1.248 +0.371 0.110 £ 0.028 0.960 + 0.078
Gemini 2.5 Flash algal2 4.094 + 0.256 0.514 +0.098 0.514 £ 0.098 2.000 & 0.000
Llama 3.1 8B algal2 Model output equations not parsable by the program.
Llama3.370B  algal2 4.657 £ 0.004 0.559 + 0.054 0.559 + 0.054 2.000 & 0.000
GPT-5.4 algal2 4.376 + 0.058 0.523 £ 0.039 0.523 £ 0.039 2.000 £ 0.000
Gemini 2.5 Flash lexical 42.246 £ 0.650 2.036 +0.053 2.036 £ 0.053 2.040 £ 0.265
Llama 3.1 8B lexical 35.854 + 0.000 3.252 +£0.000 2.565 =+ 0.000 1.000 £ 0.000
Llama 3.3 70B lexical 35.847 +0.001 2.274 £0.037 2.274 £0.037 0.778 £0.374
GPT-5.4 lexical 35.122 £ 2.235 1.759 £0.072 1.759 £0.072 2.240 + 0.205
Gemini 2.5 Flash liquefaction 12.294 £ 5.556 0.844 +-0.034 0.844 - 0.034 2.800 + 0.160
Llama 3.1 8B liquefaction 9.999 + 0.000 2.012 +£0.002 2.012 +0.002 3.000 & 0.000
Llama 3.370B  liquefaction 12.093 £ 0.221 1.271+0.026 1.271 +0.026 3.000 = 0.000
GPT-5.4 liquefaction 4.400 + 0.453 0.881 +0.022 0.881 £0.022 2.960 £ 0.078
Gemini 2.5 Flash stocks 0.829 £+ 0.048 1.059 +0.122 1.006 &+ 0.063 3.478 £ 0.242
Llama 3.1 8B stocks 0.893 £ 0.005 1.589 £ 0.003 1.589 4+ 0.003 2.880 £ 0.130
Llama 3.3 70B  stocks 1.060 + 0.026 0.934 +0.059 0.934 - 0.059 2.600 + 0.226
GPT-5.4 stocks 0.566 + 0.014 0.936 +0.021 0.936 £ 0.021 3.680 & 0.187

F.3. Samples of DAGs Used in the Experiments

One may easily find DAGs we used in our experiments from references, but to save time of the readers, we attached the two

example DAGs, Figure 6 and Figure 7.

F.4. DAG misspecification samplers

For the DAG misspecification experiment in the main text, the four mutated variants of the original Expenditure DAG add
the following spurious edges: (S1) Owner — Expenditure, (S2) Majorcards — Dependents, (S3) Owner — Share, and (S4)

Majorcards — Selfemp.

G. Main Experimental Results Details

Table 5 reports the full direct-estimation results (M 1-M 4) corresponding to the simplified main-text Table 1.

Table 6 reports the full unit-tweaking robustness results referenced in the main text.

Table 7 reports the full DAG-misspecification robustness results (M 1-M4) corresponding to the simplified main-text

Table 2.
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Table 6. Robustness under unit tweak (Averaged n = 25, Temp 0) with 95% CIs. M 1: L2 distance; M 2: normalized L2; M 3: normalized
L2 excluding single-parent edges; M 4: Effect relative order count. For M 1-M 3, lower is better ({.); for M4, higher is better (1). Units:
(L)=pM, (T)=nM.

MODEL CND. UNITS M1 | M2 | M3 M4+
Gemini 2.5 Flash A L 13.783+1.826 2.449+0.240 1.074+0.114 1.000 = 0.000
B T 12399+ 1.774 1.769 £ 0.372 0.917 + 0.136 1.120 & 0.206
Llama3.18B A L 16.527+0.000 1.0360.000 1.036 = 0.000 0.000 = 0.000
B T  17.198£0.000 0.905 % 0.002 0.905 & 0.002 0.000 = 0.000
Llama3.370B A L 13.843+£0.938 1.994 4+ 0.213 1.352+0.071 0.440 % 0.199
B T  13.441+0.199 2.439+0.160 1.107 +0.115 0.640 & 0.250
GPT-5.4 A L 17.043£0.069 1.479+0.295 0.976 = 0.053 0.640 % 0.192
B T  8.086+0.763 0.952+0.129 0.903 + 0.073 1.000 = 0.000

H. Prompt Sensitivity Analysis for Structural Awareness

In our framework, prompt has the highest degree of freedom. While it is costly to try all the ideas, because LLMs are very
sensitive prompts, for example, even new lines or separators affects the next token prediction (Sclar et al., 2024), it makes
sense to revisit our prompts. For our additional experiments, due to budget constraints, we only performed experiments with
three models, Gemini 2.5 Flash, Llama 3.1 8B and Llama 3.3 70B.

Local structure awareness in prompt:

The default prompt we introduced is a local parent-child set with only visibility on parent-child effect relationship, which is
miopic structure awareness. We also devised another variant of prompt, “parent-parent-effect informed”, which includes
parent-parent relationship in addition to the existing effect information in prompts. Figure 8 visualizes a simple example
of (i) the standard prompt and (ii) parent-parent effect informed prompt. Regardless of this additional information, in the
Linear SCM formulation, the direct effect should be the same in theory. With this prompt with slightly less miopic example,
we would like to see the reaction of LLMs in terms of direct effect estimation.

We summarized the result for parent-parent-effect informed prompt in Table 8. Overall, compared to the standard prompt, in
most cases, parent-parent-effect informed prompt yielded worse performances, justifying the standard prompt we used in
our main experiments.
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Table 7. Full robustness under DAG misspecification for the expenditure DAG (Averaged n = 25, Temp 0) with 95% CIs. M1: L2
distance; M 2: normalized L2; M 3: normalized L2 excluding single-parent edges; M 4: Effect relative order count. For M 1-M 3, lower
is better (.); for M4, higher is better (7). Misspec: (O)=Original DAG, (S1)-(S4)=Spurious edges added.

MODEL MISSPEC. M1 | M2 | M3 | M4 1
Gemini 2.5 Flash 0 148084.559 + 22359.281 0.998 & 0.226 0.998 = 0.226 7.520 = 0.200
S1 81587.682 + 20626.822 1.372 +0.282 1.372 4+ 0.282 6.200 & 0.299
S2 138770.541 + 21002.249 1.235 +0.267 1.235 + 0.267 6.400 % 0.253
S3 120240.669 + 20548.802 1.355 +0.253 1.355 + 0.253 6.560 + 0.255
S4 106012.716 + 23004.372 1.988 +0.189 1.988 + 0.189 7.320 & 0.271
Llama 3.1 8B o) 2463.377 £0.000  2.053 4 0.000 2.053 & 0.000 7.000 == 0.000
S1 20151.134 £ 0.000  2.483 4 0.000 2.483 = 0.000 6.000 =+ 0.000
S2 2463377 +0.000  2.063 +0.001 2.063 +0.001 6.000 % 0.000
S3 2463.377 £ 0.000  2.106 +0.000 2.106 + 0.000 6.000 + 0.000
S4 2463.377 £0.000  2.413+0.000 2.413 +0.000 7.000 == 0.000
Llama 3.3 70B o) 27137.540 + 12574.354 1.548 £ 0.234 1.548 +0.234 6.560 - 0.199
S1 25843.000 + 13086.141 1.703 £0.217 1.703 £ 0.217 5.520 & 0.230
S2 20202.638 + 13299.788 1.918 & 0.186 1.918 £ 0.186 5.920 + 0.251
S3 24257.613 £ 11979.590 2.038 £ 0.118 2.038 £ 0.118 5.360 % 0.192
S4 12524.332 4 7698.439  2.222 4 0.138 2.222 £ 0.138 6.680 + 0.271
GPT-5.4 0 83376.520 + 26482.403 1.960 & 0.076 1.960 & 0.076 6.360 == 0.192
S1 132030.159 & 25271.455 0.902 & 0.025 0.902 = 0.025 6.000 % 0.000
S2 107136.488 + 28206.749 1.020 + 0.077 1.020 + 0.077 6.000 % 0.000
S3 91970.954 + 28957.569 1.010 + 0.095 1.010 +0.095 6.120 + 0.130
S4 100496.485 + 26558.895 1.738 +0.085 1.738 4 0.085 6.960 - 0.078

Table 8. Direct estimation results with parent-parent effect prompting (Averaged n = 25, Temp 0). Values after & indicate 95% Cls. M 1:
L2 distance; M 2: normalized L2; M 3: normalized L2 excluding single-parent edges; M 4: Effect relative order count. For M 1-M 3,
lower is better ({.); for M4, higher is better (1). See Table 4 for DAG descriptions.

MODEL DAG M1 | M2 | M3 | M4 1+

Gemini 2.5 Flash cachexia 13.100 £ 2.247 2.059 £ 0.339 0.803 +£0.224 1.440 + 0.199
Llama 3.1 8B cachexia 16.527 £ 0.000 1.047 + 0.000 1.047 & 0.000 0.000 = 0.000
Llama 3.3 70B  cachexia 14.424 + 0.786 1.774 £0.262 1.200 £ 0.092 0.400 + 0.196
Gemini 2.5 Flash expenditure 125421.804 + 24860.693 1.729 £0.216 1.729+0.216 6.560 + 0.279
Llama 3.1 8B expenditure 2463.302 £ 0.000 2.099 £+ 0.001 2.099 4 0.001 6.000 = 0.000
Llama 3.3 70B  expenditure 19137.678 ££10242.559 1.711 £0.208 1.711 + 0.208 6.680 £ 0.246
Gemini 2.5 Flash foodsecurity 22.852 4 0.035 2.049 £0.011 0.422 £+0.058 0.080 £ 0.108
Llama 3.1 8B foodsecurity 22.700 + 0.029 0.628 £ 0.013 0.628 £0.013 0.000 4 0.000
Llama 3.3 70B  foodsecurity 22.982 4 0.025 2.049 £ 0.000 0.447 4+ 0.000 0.000 = 0.000
Gemini 2.5 Flash algal2 4.203 £+ 0.307 0.572 +£0.172 0.572+0.172 2.000 % 0.000
Llama 3.1 8B algal2 4.961 + 0.000 1.079 £ 0.001 1.079 £0.001 2.000 =+ 0.000
Llama 3.3 70B  algal2 4.635 + 0.039 0.614 £0.036 0.614 +0.036 2.000 + 0.000
Gemini 2.5 Flash lexical 41.733 4+ 2.350 1.963 + 0.061 1.963 +0.061 2.480 + 0.230
Llama 3.1 8B lexical 1.609 + 0.000 2.923 £ 0.000 2.131 4+ 0.000 2.000 = 0.000
Llama 3.3 70B  lexical 10.442 + 0.023 2.232 +0.063 2.232 4+ 0.053 2.040 +£0.211
Gemini 2.5 Flash liquefaction 13.087 £ 4.536 0.850 4+ 0.028 0.850 £+ 0.028 2.840 + 0.147
Llama 3.1 8B liquefaction 9.998 + 0.000 0.985 £+ 0.002 0.985 4+ 0.002 3.000 + 0.000
Llama 3.3 70B  liquefaction 11.745 £ 0.079 1.302 £ 0.036 1.302 £ 0.036 3.000 = 0.000
Gemini 2.5 Flash stocks 0.786 £ 0.043 1.194 £0.111 1.145+£0.070 3.040 % 0.309
Llama 3.1 8B stocks 0.831 £ 0.000 0.945 £+ 0.001 0.945 4+ 0.001 3.960 + 0.078
Llama 3.3 70B  stocks 1.060 £ 0.023 0.935 +0.037 0.935 £ 0.037 2.680 £ 0.187
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X ELICITATION PROMPT*****

You are a leading Finance researcher and an Structural Causal Model (SCM) expert in Consumer Behavior.

This dataset focuses on factors influencing credit card behavior and expenditure patterns, providing insights into consumer finance
decisions.

Given the direct causes, you must propose a linear structural equation for the target variable $Y$. Do not use non-linear functions (e.g.,
exponential, sigmoid). The coefficients of the linear equation are continuous variables in space $\mathbb{R}$.

The target variable is $Y =$ "Income": "The yearly income in $10,000 (Unit: 10,000 USD).".

The direct causes (Parents) are: "Age": "The age in years plus twelfths of a year (Unit: Years + fractions).”, "Owner": "Whether the person
owns their home or they rent (Categorical/Binary).".

Propose the complete linear equation: $Y = \beta_0*1 + \beta_Age*Age + \beta_Owner*Owner + E_Y$. You *must* use the actual raw
variable names (e.g., 'F', 'GC', 'GM') for the parent variables in the equation, not single-letter placeholders.

The following hard constraints (value ranges) are known and must be respected:
- Variable Income is bounded within [0.0, 500.0].

- Variable Age is bounded within [18, 100].

- Variable Owner is bounded within [0, 1].

1. Explicitly define the error term $E_Y$ (e.g., standard normal noise, $E_Y \sim N(O, \sigma’2)$).

2. For each coefficient (\beta_0, \beta_Age, \beta_Owner), explain its finance plausibility, its expected sign (positive/negative), and justify
your chosen magnitude (unit-effect).

Given the DAG for variable "Income", please provide a plausible linear parameterisation.

Output format: Only respond in JSON format, with the following keys:

- plausibility: str (Finance Plausibility)

- proposed_lin_str_eq: str (Proposed Linear Structural Equation, *do not use placeholder betas like \\beta_0, use concrete numerical
values*)

[Run LLM Elicitation] Proposed Linear String Equation (early validation):
Income =-10*1 + 1.5 * Age + 8 * Owner + E_Y, where E_Y ~ N(0, 15"2)
***MODEL (parsed by instructor)**+**

"plausibility": "The proposed linear structural equation for Income is designed based on established financial and economic principles
relating age and homeownership to earning potential. The intercept $\\beta_0 = -10$ provides a baseline adjustment; while it implies a
hypothetical negative income at age zero, it ensures that for the practical age range (18-100), the base income levels are realistic and
positive. The coefficient for Age ($\\beta_{Age} = 1.5%) is positive, reflecting the common trend of increasing income with accumulated
experience and career progression over time. A value of 1.5 suggests an average increase of $15,000 USD per year, which is a plausible
rate of income growth in many careers. The coefficient for Owner ($\\beta_{Owner} = 8$) is also positive, indicating that homeowners
generally have higher incomes than renters, controlling for age. This aligns with empirical observations where homeownership often serves
as an indicator of greater financial stability, wealth, and higher earning capacity. A difference of $80,000 USD between homeowners and
renters is substantial and reflects the significant financial disparities associated with housing status. The error term $E_Y \\sim N(0, 15"2)$
accounts for all unobserved factors, such as education, industry, job performance, economic conditions, and other individual-specific
attributes, which contribute to the variability in income. A standard deviation of $150,000 USD reflects the considerable spread of income
levels not explained by age and homeownership alone, acknowledging the complexity of income determination in consumer finance.",

"proposed_lin_str_eq": "Income =-10 * 1 + 1.5 * Age + 8 * Owner + E_Y, where E_Y ~ N(0, 15"2)"

Figure 2. An example prompt and its LLM response structure at the Expenditure DAG at Income target variable. The output can be found
at the bottom as JSON structured format.
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'You are a leading Finance researcher and an Structural Causal Model (SCM) expert in Consumer Behavior.

Persona This dataset focuses on factors influencing credit card behavior and expenditure patterns, providing insights into consumer finance

Phenomenon decisions.

Variables & units — Given the direct causes, you must propose a linear structural equation for the target variable $Y$. Do not use non-linear functions
(e.g., exponential, sigmoid). The coefficients of the linear equation are continuous variables in space $\mathbb{R}$.
The target variable is $Y =$ "Share": "The ratio of monthly credit card expenditure to yearly income (Ratio).".
The direct causes (Parents) are: "Card": "Whether the application for credit card was accepted or not (Categorical/Binary).", "Age":
"The age in years plus twelfths of a year (Unit: Years + fractions).".
Propose the complete linear equation: $Y = \beta_0*1 + \beta_Card*Card + \beta_Age*Age + E_Y$. You *must* use the actual raw
variable names (e.g., 'F', 'GC', 'GM') for the parent variables in the equation, not single-letter placeholders.

(only parent-child)

v

Task instruction
Range constraints — |The following hard constraints (value ranges) are known and must be respected:
(only parent-child) - Variable Share is bounded within [0.0, 1.0].

- Variable Card is bounded within [0, 1].
- Variable Age is bounded within [18, 100].

N [

1. Explicitly define the error term $E_Y$ (e.g., standard normal noise, $E_Y \sim N(0, \sigma*2)$).

2. For each coefficient (\beta_0, \beta_Card, \beta_Age), explain its finance plausibility, its expected sign (positive/negative), and
justify your chosen magnitude (unit-effect).

Output format

instruction Given the DAG for variable "Share", please provide a plausible linear parameterisation.

Output format: Only respond in JSON format, with the following keys:

- plausibility: str (Finance Plausibility)

- proposed_lin_str_eq: str (Proposed Linear Structural Equation, *do not use placeholder betas like \\beta_0, use concrete numerical
values*)

Figure 3. An example of a prompt for a local parent-child structure in a DAG.

(i) Example: Inserted iterative refinmenet instruction after validation failure to our prompt template

**PREVIOUS ATTEMPT FEEDBACK***

Your previous proposal failed validation with the following issue: [VALIDATOR] INCONSISTENCY for ‘Inamax’:
Predicted maximum (0.86) for 'Inamax’ is above its hard upper bound (0.836).

Proposed Equation: $Inamax = 0.18 + (-0.0005)*InR + 0.075*Mw + E_Y, where E_Y ~ N(0, 0.02"2)$. Please
adjust your new proposal to resolve this issue and respect all given constraints.

Output format: Only respond in JSON format, with the following keys:

- plausibility: str (Geotechnical engineering Plausibility)

- proposed_lin_str_eq: str (Proposed Linear Structural Equation, *do not use placeholder betas like \\beta_0,
use concrete numerical values*)

(ii) Example: System'’s log for iterative refinement history. (This is not an input/output for LLM)

[SCENARIO 0] Iteration history for this scenario:

Iteration 1: Validated = False, Summary = [VALIDATOR] INCONSISTENCY for 'Inamax’: Predicted maximum
(1.27) for 'Inamax’ is above its hard upper bound (0.836).
Proposed Equation: Inamax = 0.18 + (-0.0012)*InR + 0.12*Mw + E_Y, where E_Y ~ N(0, 0.05"2)

Iteration 2: Validated = False, Summary = [VALIDATOR] INCONSISTENCY for 'Inamax’: Predicted maximum
(1.01) for 'Inamax’ is above its hard upper bound (0.836).
Proposed Equation: Inamax = 0.10 + (-0.0008)*InR + 0.10*Mw + E_Y, where E_Y ~ N(0, 0.03"2)

Iteration 3: Validated = False, Summary = [VALIDATOR] INCONSISTENCY for 'Inamax’: Predicted maximum
(0.86) for 'Inamax’ is above its hard upper bound (0.836).
Proposed Equation: Inamax = 0.18 + (-0.0005)*InR + 0.075*Mw + E_Y, where E_Y ~ N(0, 0.02"2)

Iteration 4: Validated = True, Summary = [VALIDATOR] CONSISTENT: Predicted range [0.43, 0.76] for 'Inamax’
is within its hard constraints.
Proposed Equation: Inamax = 0.12 + (-0.0004)*InR + 0.07*Mw + E_Y, E_Y ~ N(0, 0.015"2)

Figure 4. (i) Example of refinement instruction inserted to the next iteration’s prompt and (ii) iterative refinement history over time from
the system’s log.
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Excluded
BnRep DAGs » Type == "Discrete" or "Hybrid"
n=214 n=198

v

Type == "Gaussian"

Variable names with
"{alphabet}{digits}" format

_ > or duplicates
n=16 or #node > 15
¢ n=9
DAGs
included
n=7

Figure 5. Inclusion and exclusion flowchart for DAG ground-truths from BnRep DAG repository

Figure 6. The DAG structure of cachexial from BnRep repository.

Majorcards

Card g

‘ Share Expenditure

Dependents

Figure 7. The DAG structure of expenditure from BnRep repository.
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Effect Invisible to Prompt

< - -

Effect Visible to Prompt

<—

(if) Parent-Parent Effect Informed
Prompt for Target C

(i) Standard Prompt for Target C

Figure 8. Comparison of (i) standard prompt and (ii) parent-parent effect informed with the simplest structural example where parents
relate to each other.
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