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Abstract

Material Requirements Planning (MRP) is the
cornerstone of manufacturing, yet it often op-
erates as an opaque black box. When short-
ages occur, planners are left manually sifting
through thousands of transactional rows to diag-
nose the root cause, as current systems provide
numerical outcomes without the "why." While
Large Language Models (LLMs) promise to
bridge this gap, applying LLMs to this de-
terministic domain risks misinterpretation and
hallucination. We argue that reliable explain-
ability in MRP cannot be deduced post hoc.
It must be traced. We introduce EXPLAIN-
ABLEMRP, a framework that transforms the
LLM from an independent reasoner into a faith-
ful narrator of the execution trace. By com-
bining schema normalization, explicit trace ex-
posure, and evidence-constrained generation,
we demonstrate that our approach resolves in-
put ambiguity and suppresses hallucination to
negligible levels. Code will be released upon
publication.

1 Introduction

Material Requirements Planning (MRP) is a foun-
dational mechanism in manufacturing and supply-
chain operations (Ptak, 2011). Although MRP com-
putes material availability through a fully determin-
istic netting process with a single correct outcome,
existing systems typically expose only final results,
offering little insight into how shortages arise (Fran-
soo et al., 2010). As a result, the literature lacks a
clear and operational account of how determinis-
tic planning computations should be explained to
human planners (Madathil et al., 2025).

Recent work has explored Large Language Mod-
els (LLMs) as a natural interface for explaining
complex system behavior (Zhao et al., 2024). How-
ever, applying LLMs to industrial MRP data in-
troduces a fundamental mismatch: MRP is gov-
erned by exact arithmetic rules, whereas LLMs
rely on probabilistic inference. When explanation

is treated as a purely linguistic task detached from
the underlying computation, deterministic facts are
reduced to stochastic guesses, leading to input mis-
interpretation and post hoc rationalization (Turpin
et al., 2023).

We argue that explainability in deterministic
planning systems must be grounded in trace vis-
ibility. Because MRP outcomes are uniquely de-
termined by a sequence of inventory updates and
netting operations, faithful explanations must align
with this execution trace; retrospectively inferred
explanations are therefore unverifiable and po-
tentially misleading (Jacovi and Goldberg, 2020).
From this perspective, explanation is not free-form
language generation but a constrained narration
problem in which every claim must correspond to
a verifiable computational step.

Based on this view, we propose EXPLAIN-
ABLEMRP, a trace-centered framework for gen-
erating faithful natural-language explanations of
MRP outcomes. The framework structures expla-
nation around schema normalization of heteroge-
neous inputs, explicit exposure of the deterministic
MRP trace, and evidence-constrained reasoning.

We evaluate EXPLAINABLEMRP through three
research questions on input interpretation, trace-
aligned explanation quality, and hallucination con-
trol. Our contributions are:

* We formalize explainability in deterministic
planning systems as trace visibility, reframing
explanation as alignment with deterministic
computation rather than post hoc language
generation.

* We propose and empirically validate EX-
PLAINABLEMRP, a trace-centered frame-
work that combines schema normalization,
deterministic trace exposure, and evidence-
constrained reasoning to generate faithful ex-
planations and prevent hallucination.



2 Related Work
2.1 MRP and Material Planning Systems

MRP is one of the oldest and most standardized
planning mechanisms in manufacturing and sup-
ply chain operations (Orlicky, 1974; Mabert, 2007).
Introduced in the 1960s, MRP follows a determin-
istic netting—offset procedure in which projected
inventory, incoming supply, and planned orders are
combined to compute material availability (Jacobs
et al., 2011). Because the logic is entirely rule-
based, the output is uniquely determined once the
inputs are fixed (Hopp and Spearman, 2011).

Despite widespread use, modern studies high-
light structural limitations in traditional MRP. The
method assumes stable lead times, fixed usage coef-
ficients, and batch recalculation cycles, making the
system brittle under volatility (Hopp and Spearman,
2011). When disruptions occur, such as demand
surges, supplier delays, or unplanned consump-
tion, the deterministic offset mechanism can am-
plify small deviations, causing shortages to emerge
abruptly (Steele, 1975).

Various extensions, including Demand-Driven
MRP (DDMRP), Advanced Planning and Schedul-
ing (APS) systems, and hybrid optimization frame-
works, have been proposed to improve responsive-
ness (Ptak and Smith, 2016; Stadtler, 2005). How-
ever, these approaches typically preserve the core
MREP netting logic. Commercial platforms such as
SAP or Oracle provide pegging reports that link de-
mand to supply orders, but they do not expose the
temporal evolution of inventory levels or the causal
sequence of netting events that lead to a shortage
(Elbahri et al., 2019). As a result, the internal de-
cision process of MRP remains opaque, limiting
planners’ ability to diagnose why shortages occur.

2.2 Al Models Used in Supply Chain
Management

Recent advances in Supply Chain Management
(SCM) have led to extensive adoption of machine
learning and Al across forecasting, inventory con-
trol, scheduling, and network optimization (Fer-
reira and Reis, 2023). In particular, deep learning
and reinforcement learning approaches have shown
strong performance under uncertainty in tasks such
as demand forecasting and adaptive replenishment
(Salinas et al., 2020; Oroojlooyjadid et al., 2022).
However, these Al-driven methods remain
largely peripheral to the core MRP engine. They
are typically applied to upstream or downstream

decision layers, such as forecasting or policy opti-
mization, while treating MRP as a fixed, rule-based
backend (Gyulai et al., 2017).

As a result, material-level deterministic planning
remains largely unexplored: existing approaches
neither integrate Al into the deterministic netting-
and-offset computation nor explain the internal
planning logic of MRP (Madathil et al., 2025).

2.3 Explainability of NLP and LLM

Explainability has become an essential requirement
in decision-support systems, particularly in high-
stakes operational environments (Gunning et al.,
2019). In supply chains, prior work on explain-
ability has primarily focused on interpreting predic-
tive models, such as demand forecasts, risk scores,
or anomaly detections, using model-agnostic tech-
niques such as SHAP or LIME (Ferreira and Reis,
2023; Wang et al., 2025; Ribeiro et al., 2016; Lund-
berg and Lee, 2017).

In parallel, NLP research has emphasized faith-
ful explanation generation, highlighting the limi-
tations of post hoc rationalization and the risk of
hallucination in LLMs (Jacovi and Goldberg, 2020;
Turpin et al., 2023). Techniques such as chain-of-
thought prompting and tool-augmented reasoning
aim to align generated explanations with verifiable
computational steps (Wei et al., 2022; Schick et al.,
2023).

However, most explainable NLP research targets
classification or mathematical reasoning bench-
marks, rather than deterministic operational algo-
rithms (Cobbe et al., 2021). In material planning,
the explainability challenge is fundamentally differ-
ent: users must understand which specific sequence
of demand, supply, and lead-time events caused a
shortage. This requirement demands transparency
into a deterministic planning process, not interpre-
tation of a learned statistical model. Consequently,
existing explainability techniques do not directly
address the needs of MRP.

2.4 LLM-based or Agent-based Reasoning

Recent work on LL.M-based reasoning explores
multi-agent architectures that decompose complex
tasks into specialized components such as simula-
tion, planning, explanation, and verification (Wu
et al., 2024; Du et al., 2023). These approaches are
particularly suitable for domains where determin-
istic computations must be translated into human-
understandable explanations.



Despite their relevance, such architectures have
not been applied to material planning. Existing
LLM-based SCM studies focus on qualitative de-
cision support or document-level reasoning, with-
out interfacing with the MRP engine or aligning
natural-language explanations with the underlying
netting computation (Atalan, 2025). As a result,
there is currently no framework that combines de-
terministic MRP logic with verifiable, evidence-
grounded LLM explanations.

2.5 Gap Summary

Across these domains, two consistent gaps emerge.
First, although Al techniques are widely explored
in forecasting, inventory optimization, and schedul-
ing, they have not been incorporated into the de-
terministic netting-and-offset mechanism of MRP.
The core material planning computation remains
rule-based, opaque, and isolated from modern Al
tooling. Second, existing explainability methods,
both in SCM and NLP, do not address the challenge
of explaining deterministic planning computations.
Planners require a transparent causal chain iden-
tifying which demand events, supply events, and
lead-time offsets contributed to a specific short-
age or recommendation, yet current approaches
offer no mechanism for aligning explanations with
the underlying deterministic MRP execution trace.
These gaps jointly motivate the need for a frame-
work that exposes the full deterministic MRP trace
and supports verifiable, evidence-grounded natural-
language explanations, as formalized in Section 3.

3 Problem Definition

MRP computes future inventory positions through
a deterministic netting-and-offset procedure. Given
(i) initial on-hand stock Sp, (ii) a set of dated de-
mand events D = {(¢;,d;)}, (iii) scheduled pur-
chase orders P = {(t;,p;)}, and (iv) a fixed lead
time L, the projected inventory at time ¢ is defined
as:

Sty =S+ pi—> di (1)

t;<t t; <t
The first shortage date is:
t*=min{teH:5() <0} ()

where ‘H denotes the discrete planning horizon.
If t* exists, the planned replenishment arrival date
iS tarivat = t* — L. As formalized in Eq. 1 and
Eq. 2, the MRP outcome is uniquely determined by

the cumulative demand and supply events. How-
ever, commercial MRP systems typically expose
only the endpoints (t*, tarival), Without revealing
the intermediate inventory evolution that leads to
the shortage.

3.1 Opacity of Deterministic Netting

Because intermediate netting states are not exposed,
planners cannot identify which specific demand or
supply event caused inventory to become negative,
nor how inventory evolved prior to the shortage.
As a result, diagnosis and corrective actions are
limited to generic responses, such as expediting re-
plenishment, without understanding the underlying
cause.

To support causal analysis, we denote the full
deterministic netting trace as:

T =A{(t S(t), D, ) | t € M},

where S(t) is the projected inventory at time ¢,
D, = Zti <, di is cumulative demand, and P, =
th <tDj is cumulative supply up to time ¢. Each
element of the trace records how cumulative de-
mand and supply events incrementally update the
projected inventory over time, until a shortage is
first observed. The absence of this trace consti-
tutes the MRP Explainability Gap. A concrete
example of a deterministic MRP trace is provided
in Appendix B.

3.2 Formal Problem Definition

We define the EXPLAINABLEMRP framework as
atuple (X, T, fev, gs), Where X denotes the input
tables (Bill of Materials (BOM), Plan, Stock, Open
Purchase Order (OpenPQ)), 7T is the determinis-
tic MRP trace, foy : T — FE extracts structured
evidence, and gy generates a natural-language ex-
planation. The extracted evidence set E includes
trace-validated facts such as the shortage date, cu-
mulative demand and supply, inventory trajecto-
ries, and causally relevant trace events e.g., demand
spikes or supply gaps.

The objective is to generate an explanation y
that is both faithful to the extracted evidence and
aligned with the deterministic trace. Figure 1 illus-
trates the overall workflow from trace generation
to evidence extraction and constrained explanation
generation.

While our primary focus is faithful explana-
tion of baseline MRP outcomes, the proposed
framework also supports optional what-if analy-
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Figure 1: Conceptual framework of EXPLAINABLEMRP. Deterministic MRP computation is transformed into
structured evidence that constrains natural-language explanations under explicit faithfulness and trace-alignment

requirements.

sis by recomputing deterministic traces under user-
specified input perturbations.

Faithfulness Let Z(y) denote the set of informa-
tional atoms extracted from the explanation ¥, such
as dates, quantities, and causal links. We require:

I(y) C E,

ensuring that all assertions in y are grounded in the
deterministic evidence.

Trace Alignment Every causal statement in y
must correspond to a verifiable step in the deter-
ministic trace 7, ensuring that explanations reflect
the actual netting dynamics rather than post hoc
rationalizations.

Trace Exposure Requirement The system must
expose the full trace 7, not only the derived end-
points (t*, tarival ), to support human verification.

4 Method

The task formalized in Section 3 requires a system
that can (1) transform heterogeneous enterprise
spreadsheets into a consistent schema, (2) execute
the deterministic MRP computation to obtain the
full trace 7,,, (3) derive the structured evidence
FE,,, and (4) generate a faithful explanation y,,
aligned with the trace. EXPLAINABLEMRP op-
erationalizes this task through a modular agent-

based architecture composed of three computa-
tional agents and an interactive frontend.

4.1 System Overview

Concretely, the system realizes the transformation
X = T = Em = Ym,

where X,,, denotes the raw data associated with
material m.

Each stage of this transformation is handled by
a specialized agent: DataAgent normalizes hetero-
geneous enterprise spreadsheets into a consistent
schema, SimulationAgent executes the determin-
istic MRP procedure to generate the full trace 7,
and structured evidence E,,, and ReasoningAgent
generates a natural-language explanation y,,, con-
strained by the faithfulness and trace-alignment
requirements.

4.2 Definition of an Agent

An agent is a modular computation unit that per-
forms a well-defined subtask in the EXPLAIN-
ABLEMRP pipeline and produces a structured out-
put along with interpretable logs. Agents collec-
tively implement:

(T By Ym) = EXPLAINABLEMRP(X;, ).



4.3 DataAgent: Normalizing Enterprise
Spreadsheets

DataAgent normalizes heterogeneous BOM, Plan,
Stock, and OpenPO spreadsheets into a consistent
schema required for deterministic MRP computa-
tion, including unit standardization and temporal
alignment.

4.4 SimulationAgent: Baseline and Scenario
Execution

SimulationAgent supports deterministic MRP exe-
cution under both baseline and scenario-modified
inputs, producing full execution traces and trace-
derived evidence.

Baseline Execution. Given normalized inputs
Xm, SimulationAgent executes the deterministic
MRP procedure to generate the complete trace 7.
In contrast to commercial MRP systems that ex-
pose only final outcomes, all intermediate inventory
states are retained. The trace is transformed into
structured evidence F,,, via the deterministic evi-
dence extractor fe,, implemented as a rule-based
symbolic engine that queries predefined events and
quantities from 7,, without additional language
model inference.

Scenario Execution. For user-specified scenar-
10s, SimulationAgent deterministically modifies
X, (e.g., lead-time shifts, demand scaling, or pur-
chase order suppression) and recomputes the corre-
sponding trace Trflscen) and evidence Eﬁ,sfen). Base-
line and scenario outcomes are reported side by
side, enabling interpretable what-if analysis within
the same execution framework.

4.5 ReasoningAgent: Generating Faithful
Explanations

Given the evidence E,,, ReasoningAgent produces
the explanation y,, under the faithfulness con-
straint: Z(y,,) C E,,. To operationalize this con-
straint, we extract informational atoms Z(y,, ), in-
cluding explicit dates, numerical quantities, and
causal relations, from the generated text using
pattern-based parsing and predefined linguistic tem-
plates.

This extraction process serves a dual pur-
pose: it verifies factual assertions and com-
putes diagnostic sets EvidenceUsed(y,,) and
AlignmentIssues(y.,). EvidenceUsed(y,,) is
determined by mapping informational atoms to
their canonical representations in E,,, while any

assertion in Z(y,,) that cannot be grounded in
the deterministic evidence set is flagged as an
AlignmentIssue. This mechanism reveals the de-
gree of grounding and ensures that the natural-
language output remains a faithful reflection of
the underlying planning logic.

4.6 Frontend Integration

The frontend enables interactive editing of BOM,
Plan, Stock, and OpenPO tables. Any modification
triggers recomputation of 7,,, E,,, and y,,, sup-
porting real-time what-if analysis and reproducible
planning.

S Experiments

5.1 Dataset Description

Experiments were conducted on anonymized oper-
ational data derived from an actual pharmaceutical
manufacturing environment. All item identifiers
and numerical values were perturbed to ensure con-
fidentiality, while preserving the structural rela-
tionships and temporal dependencies required for
deterministic MRP execution.

The dataset includes multi-level BOMs spanning
multiple production steps, production plans over a
16-month horizon, lot-level inventory records, and
open purchase orders. Notably, the OpenPO table
contains unstructured natural-language comments,
such as supplier delays or logistics issues, which
are retained to evaluate the integration of determin-
istic MRP data with auxiliary textual signals.

5.2 Baselines

To isolate the contribution of each component in
EXPLAINABLEMRP, we compare the proposed
system against three baselines.

Raw-LLM. An LLM directly generates explana-
tions from raw spreadsheets without schema nor-
malization or preprocessing. This baseline evalu-
ates the LLM’s inherent ability to interpret hetero-
geneous industrial data.

No-Trace (Traditional MRP Style). This set-
ting exposes only aggregate outcomes, namely the
shortage date (t*) and planned arrival date (tarrival),
without revealing the intermediate deterministic
computation trace 7.

Unconstrained Trace. The full deterministic
trace T is provided to the LLM, but explanations
are generated without explicit evidence-grounding
or faithfulness constraints. This baseline isolates



the effect of trace visibility from that of evidence
constrained reasoning.

5.3 Evaluation Metrics

We evaluate explanation quality using four com-
plementary metrics capturing input interpretation
accuracy, causal alignment, and faithfulness. All
metrics are computed via a deterministic rule-based
parser (Appendix D.1) to ensure consistent and re-
producible evaluation.

Input Misinterpretation Rate (IMR). IMR
measures the proportion of input fields incorrectly
interpreted by the LLM:

Incorrectly Interpreted Fields
Total Input Fields

Trace Alignment Score (TAS). TAS is a human
expert evaluation on a three-point Likert scale that
assesses whether causal claims in an explanation
are consistent with the deterministic netting logic
and inventory trajectories in the MRP trace 7. It
evaluates three dimensions: faithfulness (consis-
tency with the deterministic trace), specificity (ex-
plicit identification of concrete causal events and
quantities), and clarity (overall readability and co-
herence).

IMR =

Evidence Coverage (EC). EC measures the frac-
tion of extracted evidence E incorporated into the
explanation y:

_ |EvidenceUsed(y)|
|E] '
Hallucination Rate (HR). HR quantifies the pro-

portion of statements in ¢ not grounded in either
the deterministic trace 7 or evidence set E:

EC

|Hallucinated Statements|
HR =

|Total Statements|

5.4 RQ1: Does the DataAgent Reduce Input
Misinterpretation?

This experiment evaluates whether the proposed
DataAgent reduces the IMR of LLMs when pro-
cessing heterogeneous industrial spreadsheets.

Experimental Setup. We compare two condi-
tions: Raw-LLM, which directly processes raw
CSV/Excel files with heterogeneous column names,
and ExplainableMRP, in which all input tables are
first normalized by the DataAgent into a canoni-
cal MRP schema prior to LLM interaction. Ex-
periments are conducted on three core MRP ta-
bles, namely BOM, Stock, and OpenPO. For

the Raw-LLM condition, the model is provided
with explicit natural-language descriptions of each
column header and instructed to map them to
canonical MRP fields, following common prompt-
engineering practices for schema alignment.

Table Raw-LLM ExplainableMRP
BOM 25.0% 0.0%
Stock 16.7% 0.0%
OpenPO 16.7% 0.0%
Average 19.5% 0.0%
Table 1: IMR comparison between Raw-LLM and

EXPLAINABLEMRP.

Results. Table 1 reports the IMR for each table.
When operating on raw spreadsheets, the LLM
frequently misinterprets non-quantitative fields as
MRP variables, resulting in an average IMR of
19.5%. After schema normalization, all columns
are deterministically aligned with the canonical
schema. As a result, we observed no instances
of input misinterpretation in the evaluated dataset,
indicating that enforcing a canonical schema effec-
tively eliminates ambiguity in column semantics.

5.5 RQ2: Does Trace Visibility Improve
Explanation Quality?

This research question examines whether access to
a deterministic MRP trace improves the quality of
natural-language explanations generated by LLMs.
We hypothesize that trace visibility primarily en-
hances causal grounding and concreteness rather
than surface-level readability.

Experimental Setup. For each material, we gen-
erate paired explanations under identical MRP out-
comes, differing only in whether selected trace en-
tries are provided. The No-Trace condition ex-
poses only aggregate outcome summaries, whereas
the With-Trace condition additionally provides
selected trace entries capturing key inventory tran-
sitions. Experiments are conducted on eight mate-
rials, yielding sixteen paired explanations.

Human Evaluation. A blinded paired evaluation
is conducted by three domain-informed evaluators.
Each explanation is independently rated along three
dimensions: faithfulness, specificity, and clarity,
and evaluators indicate an overall preference be-
tween the paired explanations.



Metric No-Trace With-Trace
Faithfulness 2.29 2.38
Specificity 2.38 2.38
Clarity 2.63 2.55
Average 2.43 2.44

Table 2: Human evaluation results (components of
TAS) comparing explanations generated with and with-
out trace visibility. Scores are averaged across all mate-
rials and evaluators.

Results. As shown in Table 2, explanations gen-
erated with trace visibility achieve a higher average
faithfulness score, while specificity remains compa-
rable and clarity shows a slight decrease. A paired
Wilcoxon signed-rank test on faithfulness scores
across all material-evaluator pairs does not indi-
cate a statistically significant difference between
the trace and no-trace conditions (p = 0.62). As
a robustness check, we additionally report paired
t-test results in Table 6.

Crucially, reliance solely on aggregate statistics
obscures the conditional utility of trace visibility.
The lack of global significance reflects systematic
heterogeneity across materials with differing plan-
ning complexity, which is masked when results are
averaged.

Qualitative analysis reveals that trace visibility
yields clear benefits specifically in materials with
(i) long planning horizons, (ii) interacting demand
and supply events, or (iii) delayed replenishment
effects. In such cases (e.g., Materials 1, 3, and 7),
trace access enables evaluators to verify the tem-
poral sequence of inventory depletion, cumulative
demand growth, and insufficient supply, thereby
supporting explicit causal verification.

By contrast, materials with relatively linear
demand-supply dynamics (e.g., Materials 6 and 8)
admit fluent explanations even without trace access.
In these cases, exposing the full trace provides lim-
ited additional explanatory value and may slightly
reduce surface-level clarity. The complete human
evaluation protocol and raw per-material scores are
reported in Appendix D.

5.6 RQ3: Does Evidence-Constrained
Reasoning Improve Faithfulness?

While RQ2 shows that trace visibility improves
causal grounding, trace access alone does not guar-
antee faithful reasoning. LLMs may still introduce
unsupported claims. This research question exam-
ines whether explicitly constraining explanations

to extracted evidence further improves faithfulness
and reduces hallucination.

Experimental Setup. We compare two
explanation-generation settings with identical
MRP outcomes and deterministic traces: Un-
constrained, where the LLLM freely generates
explanations using the trace, and Evidence-
Constrained (ExplainableMRP), where the LLM
is restricted to ground all claims in an explicit
evidence set extracted from the trace

Automatic Evaluation Metrics. We evaluate

faithfulness using EC and HR.

Metric Unconstrained Constrained

EC 1.00 0.73
HR 0.08 0.00
Table 3:  Automatic evaluation results for RQ3.

Evidence-constrained reasoning eliminates hallucina-
tion while maintaining high evidence utilization.

Results. Table 3 reports the averaged EC and
HR scores. Under evidence-constrained reasoning,
we observed no unsupported claims in the evalu-
ated dataset. While EC is reduced compared to the
unconstrained setting, this reduction reflects an in-
tentional design choice that prioritizes verification
and safety over narrative completeness.

In the unconstrained setting, explanations fre-
quently combine grounded facts with extrapolated
or implied causal claims, increasing apparent cov-
erage at the cost of introducing unsupported state-
ments. In contrast, evidence constraints function as
a safety mechanism that systematically suppresses
unsupported claims, resulting in zero observed hal-
lucinations (detailed in Appendix C.4). From this
perspective, the reduced EC should not be inter-
preted as a loss of explanatory quality, but as a
deliberate trade-off that favors precision, auditabil-
ity, and trustworthiness over narrative breadth.

6 Discussion

6.1 Explainability Begins at the Input Level

The results of RQ1 show that many explanation er-
rors originate before any reasoning occurs. When
given heterogeneous industrial spreadsheets, LLMs
often misinterpret the semantic roles of input fields,
and these errors propagate downstream to com-
promise subsequent reasoning. By contrast, the
proposed DataAgent deterministically enforces a



canonical MRP schema, eliminating semantic am-
biguity and reducing IMR to zero. These findings
indicate that explainability requires explicit con-
trol over input representation, rather than post hoc
interpretation alone.

6.2 Why Trace Visibility Improves but Does
Not Guarantee Faithfulness

Trace visibility is not uniformly beneficial across
all materials; rather, its explanatory value emerges
primarily in planning scenarios where causal attri-
bution is non-trivial due to temporal depth, inter-
acting demand events, or delayed supply effects.

RQ2 examines whether exposing selected de-
terministic MRP trace entries improves the causal
grounding of natural-language explanations. Hu-
man evaluation results show that trace visibility
tends to improve faithfulness, while its effect on
specificity is case-dependent and its impact on
surface-level clarity is marginal. This pattern indi-
cates that traces primarily support explanations by
enabling causal verification grounded in concrete
numerical and temporal evidence, rather than by
improving linguistic fluency.

The observed variability across materials high-
lights a fundamental distinction between surface-
level fluency and deep causal verification. In sim-
pler planning scenarios, explanations generated
without trace visibility can remain fluent and even
preferred.

Crucially, the benefits of trace visibility concen-
trate in materials with deeper causal structures and
longer planning horizons. These findings indicate
that trace visibility provides conditional utility: it
is a necessary but insufficient condition for faithful
explanation in deterministic planning contexts.

6.3 Evidence Constraints as a Mechanism for
Faithful Explanation

RQ3 addresses the limitation that trace visibility
alone is insufficient by examining whether explicit
evidence constraints are required to prevent halluci-
nation and ensure faithful explanations. The results
show a clear separation between unconstrained and
evidence-constrained explanations: While uncon-
strained explanations often introduce unsupported
claims or speculative causal narratives, evidence-
constrained explanations substantially reduce HR
at the cost of lower EC, reflecting a deliberate trade-
off favoring verifiability and precision.

This result highlights a critical distinction be-
tween seeing the trace and being forced to use

the trace. Without explicit constraints, LLMs may
treat traces as optional context rather than as bind-
ing evidence. By contrast, the proposed evidence-
constrained reasoning mechanism enforces align-
ment between the explanation and the underlying
deterministic computation.

6.4 Implications for LLM-Based Decision
Support Systems

Overall, the results of RQI-RQ3 suggest that
explainability in deterministic planning systems
should be treated as a pipeline property rather than
a model capability. Reliable explanations require
(i) schema-level normalization of inputs, (ii) ex-
plicit exposure of deterministic traces, and (iii) en-
forcement of evidence-bounded generation.

This perspective challenges prevailing ap-
proaches to explainable Al that focus primarily
on post hoc interpretation or feature attribution. In
domains such as MRP, where system behavior is
fully determined by transparent rules, explainabil-
ity should be defined as trace visibility and faithful
narration of the underlying process.

7 Conclusion

This paper revisits explainability in deterministic
planning systems through the lens of MRP. We
show that, in such systems, explainability should
not be defined as post hoc interpretation or fea-
ture attribution, but rather as faithful exposure and
narration of the underlying deterministic process.

We propose EXPLAINABLEMRP, a pipeline that
enforces explainability at three critical stages: in-
put normalization through a schema-aware DataA-
gent, explicit exposure of deterministic execution
traces, and evidence-constrained natural-language
explanation generation. Through three targeted re-
search questions, we demonstrate that (i) schema
normalization eliminates input misinterpretation,
(ii) trace visibility improves factual grounding and
supports specificity in complex planning scenarios,
and (ii1) evidence constraints reduce hallucination
and improve faithfulness.

Overall, reliable explanation in deterministic
planning emerges not from the language model
alone, but from how information is structured,
exposed, and constrained across the reasoning
pipeline, enabling transparent and trustworthy in-
dustrial decision support.



Limitations

All explanations and human evaluations in this
study are conducted in Korean. While English
is used as the language of academic reporting,
language-specific factors may influence perceived
fluency and evaluation outcomes.

This work has several limitations that point to di-
rections for future research. First, our experimental
evaluation is conducted on anonymized data from
a single industrial domain, namely pharmaceuti-
cal manufacturing. While the input schema and
datasets are domain-specific, the underlying deter-
ministic netting and offset logic follows standard
APICS principles that are widely adopted across
manufacturing sectors such as automotive and elec-
tronics. Consequently, the core components of
our framework, including the SimulationAgent and
ReasoningAgent, are inherently transferable to any
standard MRP environment without modification.

Second, the human evaluation of explanation
quality relies on a limited number of domain-
informed evaluators. However, we emphasize the
high complexity density of the evaluated dataset:
each material instance represents a deep causal
structure involving multi-level BOMs, long plan-
ning horizons (up to 16 months), and tightly cou-
pled demand and supply events. Evaluating ex-
planation faithfulness against such complex real-
world traces provides a more rigorous test of causal
grounding than large-scale evaluations on simpli-
fied or synthetic benchmarks. Although the number
of evaluated materials is limited, each material con-
stitutes a full-scale industrial MRP instance with
long planning horizons and dense causal interac-
tions across multiple projects, production steps,
and time periods. As a result, the effective evalua-
tion unit in this study is not an isolated data point,
but a deeply structured planning scenario, prioritiz-
ing depth of causal complexity over the breadth of
independent samples.

Third, our framework focuses on explaining
deterministic MRP outcomes under fixed plan-
ning logic. It does not address stochastic plan-
ning settings, adaptive replanning policies, or
optimization-based MRP variants, where uncer-
tainty and decision-making play a larger role.

Finally, although EXPLAINABLEMRP supports
optional what-if analysis by recomputing determin-
istic traces under perturbed inputs, we do not quan-
titatively evaluate downstream decision impact or
usability in this work. While such user studies are

an important direction for future research, the pri-
mary focus of this paper is to establish the founda-
tional correctness and faithfulness of trace-aligned
explanations, which is a prerequisite for meaning-
ful evaluation of trust, usability, and operational
decision impact in real-world deployments.

Ethics, Risks, and Use of Al Assistants

This work investigates the use of LLMs as expla-
nation interfaces for deterministic material plan-
ning systems, rather than as autonomous decision-
making agents. The proposed framework does
not alter MRP decisions, forecasts, or planning
logic, but generates natural-language explanations
grounded in an explicit, verifiable execution trace.

Potential risks arise if generated explanations
are interpreted as normative recommendations or
if trace information is incomplete or incorrectly
specified. To mitigate these risks, the proposed
system enforces strict schema normalization, deter-
ministic trace exposure, and evidence-constrained
generation, explicitly restricting explanations to
trace-derived facts.

Al assistants were used during the research pro-
cess for language refinement and editing, but all
technical design choices, formal definitions, exper-
imental setups, and interpretations were developed
and verified by the authors. The authors take full
responsibility for the content of the paper and its
claims.
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A Formal Definitions and Notation

This appendix defines the core objects used in
EXPLAINABLEMRP to ensure clarity and repro-
ducibility.

MRP Inputs. For a material m, the input in-
stance is defined as X,, = {So,D,P,L,H},
where Sy is the initial on-hand stock, D
{(ti,d;)} is the set of dated demand events, P =
{(tj,pj)} is the set of dated supply (purchase or-
der) events, L is a fixed lead time, and # is a dis-
crete planning horizon.

Projected Inventory and Shortage. Projected
inventory at time ¢ is computed by deterministic
netting:

St)=So+> pi—> di. 3)
tjgt t; <t
The first shortage date is:
t* =min{t € H:5(t) <0} “4)

Deterministic MRP Trace. A deterministic trace
for material m is a time-ordered record of netting
states:

Tm:{(tas(t)7Dt7Pt) ‘teHjﬁ (5)

where D; = Ztiq d; is cumulative demand and
P = th <tDj is cumulative supply up to time ¢.
Each element of the trace corresponds to an explicit
instantiation of Eq. 3 at time ¢, and the shortage
condition is detected by Eq. 4.

Evidence Extraction. We define a deterministic

evidence extractor

fev : T — Em, (6)

where E,, is a finite set of trace-validated facts used
as admissible support for explanations. In our im-
plementation, evidence includes (non-exhaustively)
the shortage date, total demand/supply, usage spike
dates, and a recent inventory trend, all computed
deterministically from the trace (see Appendix B
for an example).

Faithfulness and Trace Alignment Require-
ments. Let y,, be a natural-language explana-
tion for material m, and let I(y,,) be the set of
informational atoms extracted from y,, (e.g., dates,
quantities, and causal relations). We require the
faithfulness condition:
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In addition, every causal statement in y,,, must cor-
respond to a verifiable step in 7T, (trace alignment),
so that explanations reflect the deterministic netting
dynamics rather than post hoc rationalizations.

Faithfulness Metrics. We evaluate faithfulness
using Evidence Coverage (EC) and Hallucination
Rate (HR).

Let EvidenceUsed(y,,) C E,, denote the sub-
set of evidence items referenced in y,,.

|EvidenceUsed(yy,)|
EC(ym) = ’E ‘

®)

Let Hallucinated(y,, ) be the set of statements in
Ym that cannot be grounded in either 7, or E,,.

|Hallucinated (yy, )|
HR(y,) = . 9
(ym) |Statements(y, )| ©)
Trace Alignment Score (TAS). TAS is a human

evaluation score assessing whether causal claims
in y,, are consistent with the deterministic trace
T and its implied netting dynamics. Evaluators
rate faithfulness, specificity, and clarity on a Likert
scale; we report averaged scores across evaluators
and materials in the main text.

B Example of a Deterministic MRP Trace

Table 4 shows an excerpt of the deterministic MRP
trace for Material 1. The trace records cumulative
demand D;, cumulative applied PO P;, and the re-
sulting projected inventory S(t) over the planning
horizon. In our implementation, when the inven-
tory first becomes negative, the system registers
the shortage date and immediately applies all re-
maining open PO quantity in the same step (see the
SimulationAgent logic).

This example illustrates two key properties.
First, the shortage event is uniquely determined
by the cumulative effect of dated demand and sup-
ply events (Eq. 3—4). Second, trace visibility makes
the causal sequence auditable: planners can iden-
tify the exact demand increment that first violates
S(t) > 0 and verify how supply actions affect
subsequent inventory evolution.

C Deterministic Execution and Evidence
Construction

This appendix documents the deterministic compo-
nents underlying EXPLAINABLEMRP, including
the raw input data format, the MRP execution al-
gorithm, evidence extraction, and the prompt struc-
tures used for explanation generation.



Date Demand; PO, Si—1  S(t) before PO S(¢) after PO
2026-03-20 139.191 0 324.900 185.709 185.709
2026-03-21 14.143 0 185.709 171.566 171.566
2026-03-22 125.060 0 171.566 46.506 46.506
2026-03-23 139.203 276 46.506 -92.697 183.303
2026-03-24 14.143 0 183.303 169.160 169.160
2026-03-25 125.060 0 169.160 44.100 44.100
2026-03-26 139.263 0 44.100 -95.163 -95.163

Table 4: Excerpt of the deterministic netting trace for Material 1 around the first shortage event. Demand; denotes
the daily demand increment; PO, denotes the PO quantity applied at that date. The first shortage is detected on
2026-03-23 when S(t) becomes negative before PO application, after which remaining PO is applied immediately.

C.1 Raw Dataset Format (Masked Industrial
Data)

Experiments are conducted on anonymized opera-
tional datasets derived from an industrial manufac-
turing environment. All identifiers and numerical
values are masked, while preserving the structural,
temporal, and causal relationships required for de-
terministic MRP execution.

The raw dataset consists of four enterprise
spreadsheets commonly found in ERP systems:

Bill of Materials (BOM). The BOM table speci-
fies component-to-product relationships and usage
coefficients. Columns include product identifiers,
component identifiers, usage quantities, and unit
information. Column names and units vary across
files and vendors.

Production Plan (Plan). The Plan table encodes
time-phased production demand. Each column may
correspond to a production date or batch, with het-
erogeneous naming conventions and mixed units.

Inventory Records (Stock). The Stock table pro-
vides initial on-hand inventory levels. It may in-
clude auxiliary fields such as warehouse locations,
inspection status, or free-text comments that are
not directly relevant to MRP computation.

Open Purchase Orders (OpenPO). The
OpenPO table lists outstanding supply orders.
In addition to structured fields (quantity, due
date), this table often contains unstructured
natural-language comments (e.g., supplier delays
or logistics issues).

These spreadsheets are heterogeneous in schema,
naming conventions, and units. Without explicit
normalization, large language models frequently
misinterpret column semantics, motivating the use
of a deterministic schema-aware DataAgent.

12

C.2 Deterministic MRP Execution Algorithm

The SimulationAgent implements a deterministic,
rule-based MRP execution engine. This component
performs exact netting and offset computation and
does not invoke any language model.

Inputs.
e Initial on-hand stock Sy

* Demand events D = {(t;,d;)}

* Supply events P = {(¢;,p;)}
* Fixed lead time L

* Discrete planning horizon H = {t1,...,tr}

Output. A deterministic MRP trace

T = {(t,S(t), D¢, P) Yeen-

This algorithm explicitly instantiates the inven-
tory update rule (Eq. 1) at every time step. Given
fixed inputs, the resulting trace 7 is uniquely deter-
mined.

PO Application Convention. In our implemen-
tation, when the inventory first becomes negative,
all remaining open purchase order quantities sched-
uled at the same time step are applied immediately.
This convention is used consistently in Algorithm 1
and the trace examples reported in Appendix B.

C.3 Deterministic Evidence Extraction
Function

To ensure faithful explanation, explanations are re-
stricted to a finite set of evidence deterministically
extracted from the trace.

We define an evidence extraction function

fev:T—>Ea

where E denotes the admissible evidence set.



Algorithm 1 Deterministic MRP Trace Computation

Require: Initial stock Sy, demand events D, supply events P, planning horizon H, lead time L

Ensure: Deterministic trace T
1: cumulative_demand < 0

2: cumulative_supply < 0
3: inventory < Sy
4T« 0
5: shortage_detected < False
6: for each time ¢t € H (chronological order) do
7. for all (¢;,d;) € D where t; =t do
8: cumulative_demand < cumulative_demand +d;
9:  end for
10:  forall (¢;,p;) € P wheret; =t do
11: cumulative_supply < cumulative_supply +p;
12:  end for
13:  inventory < Sp+ cumulative_supply — cumulative_demand
14:  Append (¢, inventory, cumulative_demand, cumulative_supply) to 7
15:  if inventory < 0 and shortage_detected = False then
16: shortage_date < ¢
17: arrival_date <t — L
18: shortage_detected < True
19:  end if
20: end for

Evidence Items. From a trace 7T, the extractor
deterministically computes:

* Initial stock Sy

¢ Total cumulative demand D

* Total cumulative supply Pr

* First shortage date t* = min{¢ : S(¢) < 0}
* Inventory trajectory {S(t)}ten

* Demand spike events (large single-period in-
creases)

* Supply gaps (intervals with increasing de-
mand but no incoming supply)

All evidence items are computed via fixed rules
without statistical inference or language model in-
volvement.

Role in Explanation. Let y be a generated expla-
nation and I(y) its extracted informational atoms.
Faithfulness is enforced by the constraint:

I(y) C E.

C.4 Prompt Templates and Evidence Injection

This section documents the prompt structures used
to generate explanations.
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Raw-LLM Baseline Prompt. The baseline
prompt provides raw spreadsheets and requests an
explanation without trace access or constraints:

Explain why a shortage occurs for the
given material based on the provided ta-
bles.

ExplainableMRP Prompt. The proposed frame-
work uses a structured prompt consisting of:

1. Schema-normalized input tables

2. Deterministic trace-derived evidence serial-

ized as JSON

. An explicit instruction restricting explanations
to the provided evidence

Evidence Constraint Instruction.

Generate an explanation using only the
provided evidence. If a claim cannot be
supported by the evidence, state that it
is unavailable. Do not speculate or intro-
duce external information.

Output Schema and Verification. The model
must return a structured JSON object containing
reasoning, cause, action, EvidenceUsed, and



AlignmentIssues. Outputs are parsed determinis-
tically to verify evidence usage and trace alignment.
If validation fails, the system falls back to a deter-
ministic template-based explanation.

Scope of Evaluation. All quantitative and qual-
itative evaluations reported in this paper (RQ1-
RQ?3) are conducted on baseline MRP executions
without hypothetical scenario modifications. While
the system supports interactive scenario simulation
(e.g., demand scaling or supply removal), these ca-
pabilities are treated as system features and are not
evaluated in the current study.

D Evaluation and Verification Details

This appendix documents the parsing and valida-
tion logic used for faithfulness verification, as well
as the human evaluation protocol and raw evalua-
tion results. These details are provided to ensure
transparency and to address potential concerns re-
garding subjectivity or heuristic bias.

D.1 Parsing Rules and Validation Logic

To verify explanation faithfulness, all generated
explanations are subjected to deterministic parsing
and validation.

Informational Atom Extraction. Given an ex-
planation ¥y, we extract a set of informational atoms
I(y) using rule-based pattern matching. Atoms cor-
respond to explicitly stated: (i) dates (e.g., short-
age dates or arrival dates), (ii) numerical quantities
(e.g., inventory levels, demand or supply amounts),
and (iii) causal relations linking demand or supply
events to inventory changes.

The extraction process relies on predefined lexi-
cal templates and regular expressions, rather than
learned classifiers, to ensure deterministic behav-
ior.

Unsupported Claim Detection. An informa-
tional atom a € I(y) is considered unsupported
if a ¢ E, where E is the trace-derived evi-
dence set. Unsupported atoms are flagged as
AlignmentIssues. This criterion is purely rule-
based and does not involve human judgment or
language model inference.

Evidence Usage Tracking. Atoms successfully
matched to evidence items are recorded in
EvidenceUsed. This mapping enables automatic
computation of EC and HR.
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Fallback Handling. If parsing fails due to mal-
formed output or missing required fields, the sys-
tem falls back to a deterministic template-based
explanation that reports only the shortage date and
aggregate demand and supply. This conservative
fallback prevents unverified claims from entering
the evaluation.

Fallback Usage in Evaluation. To assess
whether fallback handling influenced the reported
hallucination results, we manually inspected all ex-
planations generated for RQ3 using the evaluation
spreadsheet. We confirm that no explanations in
the evaluated dataset were replaced by template-
based fallbacks. All evaluated outputs contained
trace-derived evidence items and material-specific
numerical references. Accordingly, the reported
zero HR reflects the effect of explicit evidence con-
straints and deterministic validation, rather than
post-hoc output filtering or output substitution.

D.2 Human Evaluation Protocol

Human evaluation is conducted to assess whether
trace visibility improves the perceived quality of
explanations, particularly in terms of causal ground-
ing.

Material Selection. The evaluated materials are
selected to represent non-trivial planning cases in
which deterministic netting produces meaningful
causal structures. Specifically, materials are in-
cluded if they (i) experience at least one shortage
event within the planning horizon, (ii) involve mul-
tiple dated demand events, and (iii) have overlap-
ping supply and demand periods. Materials with
trivial configurations (e.g., a single demand event
or immediate supply satisfaction) are excluded to
avoid degenerate explanation cases.

Evaluators. Three domain-informed evaluators
with experience in material planning and manufac-
turing operations participated in the study. Evalua-
tors were not involved in system development.

Evaluation Setup. For each material, evaluators
are presented with two explanations corresponding
to identical MRP outcomes: one generated with
trace visibility and one without. The presentation
order is randomized for each evaluator and each
material. Evaluators are not informed which expla-
nation has access to the deterministic trace.

Evaluation Interface. The evaluation is imple-
mented using a web-based survey tool. For each



explanation pair, evaluators answer the following
questions:

* Faithfulness: Is the explanation consistent
with deterministic MRP logic?

* Specificity: Does the explanation identify con-
crete dates, quantities, and causal events?

 Clarity: Is the explanation easy to understand
and well structured?

Each dimension is rated on a three-point Likert
scale.

In addition, evaluators indicate an overall prefer-
ence between the two explanations.

Blinding and Randomization. All evaluations
are double-blinded with respect to explanation con-
dition. Randomization is applied independently per
material to mitigate ordering effects.

D.3 Human Evaluation Instructions

This subsection provides the full instructions and
questionnaire used for the human evaluation of
explanation quality.

Purpose of the Study. This survey was con-
ducted for research purposes to evaluate the quality
of natural-language explanations for material short-
age situations in MRP. All responses were collected
anonymously and used solely for research.

Overview of Each Evaluation Task. In each
question, participants were presented with the fol-
lowing information for a single material:

* A summary of the shortage outcome (Sum-
mary),

* A partial execution trace representing the ac-
tual deterministic computation that led to the
shortage (Trace),

* Two natural-language explanations (Explana-
tion A and Explanation B).

The execution trace serves as the ground-truth
evidence indicating how the shortage occurred. Par-
ticipants were asked to evaluate how well each
explanation aligns with the provided trace. Both
explanations were generated based on the same
material and the same shortage outcome, but may
differ in wording and structure.
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Randomization Protocol.
and presentation bias:

To mitigate ordering

* The assignment of explanations to labels A
and B was randomized for each question.

* The presentation order of explanation condi-
tions (e.g., with-trace vs. no-trace) was ran-
domized across questions.

Participants were not informed about how the
explanations were generated or about the internal
mechanisms of the system.

Participant Instructions.
structed to:

Participants were in-

* Read both explanations carefully.

* Evaluate which explanation better explains
the shortage situation based solely on the pro-
vided summary and trace.

* Rely on intuitive and honest judgment; no
prior expertise in MRP or supply-chain plan-
ning was required.

Evaluation Criteria. Each explanation was eval-
uated independently using a 3-point Likert scale
according to the following criteria.

Faithfulness. Is the explanation grounded in the
provided summary and trace?

* 1: Largely inconsistent with the evidence.
* 2: Partially grounded in the evidence.

* 3: Accurately reflects key quantities and tem-
poral dynamics.

Specificity. Does the explanation refer to con-
crete quantities, dates, and changes?

* 1: Mostly abstract or vague.
e 2: Mentions some numerical details.

* 3: Clearly specifies dates, quantities, and
changes.

Clarity. Is the explanation easy to understand
for non-experts?

* 1: Difficult to understand.
* 2: Moderately clear.

* 3: Very clear and easy to understand.



Overall Preference. After rating both explana-
tions, participants were asked to indicate their over-
all preference:

* Explanation A,
* Explanation B,
* No clear preference.

Ethical Considerations. No personally identifi-
able information was collected. Participants were
informed that their responses would be anonymized
and used only for academic research purposes.

D.4 Raw Human Evaluation Scores

Table 5 reports the complete raw human evaluation
scores for all materials, evaluators, and experimen-
tal conditions. Scores are reported without aggrega-
tion to allow independent inspection of per-material
and per-evaluator variation.

D.5 Statistical Analysis and Robustness
Checks

Using the raw faithfulness scores reported in Ta-
ble 5, we conduct a paired Wilcoxon signed-rank
test across all material-evaluator pairs (n = 24).
The test yields a statistic of W = 59.5 with a
p-value of 0.62, indicating that the aggregate dif-
ference between the trace and no-trace conditions
is not statistically significant.

This result does not imply the absence of sys-
tematic benefits from trace visibility. As discussed
in the main text, the effect of trace access varies
substantially across materials with different struc-
tural complexity, which is not fully captured by
aggregate significance tests.

Paired ¢-test as a Robustness Check. To com-
plement the non-parametric analysis, we addition-
ally perform a paired #-test on the same material—
evaluator pairs. Table 6 summarizes the results.

Across all three dimensions, the paired #-tests
similarly indicate no statistically significant differ-
ences, with small effect sizes (Cohen’s d, < 0.17).
These results are consistent with the Wilcoxon test
and reinforce the conclusion that trace visibility
does not yield uniform improvements across all
materials.

Interpretation. The statistical analyses indicate
that the effect of trace visibility is not uniform
across all materials. Aggregate significance tests
therefore provide an incomplete characterization of
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Mat. Eval. Condition Faith. Spec. Clar.
El No-Trace 2 2 3
El With-Trace 3 3 2
1 E2 No-Trace 2 2 3
E2 With-Trace 3 3 2
E3 No-Trace 2 2 2
E3 With-Trace 2 2 3
El No-Trace 2 2 3
El With-Trace 2 2 3
) E2 No-Trace 2 2 3
E2 With-Trace 2 3 3
E3 No-Trace 2 2 2
E3 With-Trace 2 2 2
El No-Trace 2 2 2
El With-Trace 3 3 3
3 E2 No-Trace 1 2 1
E2 With-Trace 2 3 3
E3 No-Trace 2 2 2
E3 With-Trace 2 2 3
El No-Trace 2 2 2
El With-Trace 2 2 3
4 E2 No-Trace 2 2 2
E2 With-Trace 2 3 3
E3 No-Trace 2 2 3
E3 With-Trace 2 2 2
El No-Trace 2 2 2
El With-Trace 3 2 3
5 E2 No-Trace 2 3 2
E2 With-Trace 2 2 3
E3 No-Trace 1 2 3
E3 With-Trace 2 2 2
El No-Trace 3 3 3
El With-Trace 2 2 3
6 E2 No-Trace 3 3 3
E2 With-Trace 2 2 2
E3 No-Trace 3 2 3
E3 With-Trace 3 2 3
El No-Trace 2 2 2
El With-Trace 3 3 3
7 E2 No-Trace 2 3 3
E2 With-Trace 3 3 3
E3 No-Trace 2 2 2
E3 With-Trace 3 3 3
El No-Trace 3 3 3
El With-Trace 2 2 2
3 E2 No-Trace 3 3 3
E2 With-Trace 2 2 2
E3 No-Trace 2 3 3
E3 With-Trace 1 2 2

Table 5: Complete raw human evaluation scores for
all materials, evaluators, and conditions. Faith., Spec.,
and Clar. denote faithfulness, specificity, and clarity,
respectively. All scores are reported on a five-point
Likert scale.

its impact. As demonstrated by the qualitative anal-



Metric A Mean $(23) D

Faithfulness  +0.083 0.49 0.63
Specificity +0.083 044  0.66
Clarity +0.167 0.81 043

Table 6: Paired #-test results comparing With-Trace and
No-Trace conditions (n = 24).

ysis, trace-based explanations are especially valu-
able in materials with deeper causal structures and
longer planning horizons, where causal verification
is otherwise difficult. In contrast, for materials with
relatively linear demand—supply dynamics, trace
access yields limited additional benefit and may
not translate into higher aggregate scores. These
findings suggest that the primary contribution of
trace visibility lies in supporting causal verifica-
tion in complex planning scenarios, rather than in
consistently improving average evaluation metrics.

D.6 Qualitative Examples

To complement quantitative analysis, we include
representative qualitative examples illustrating
when trace visibility provides clear explanatory
benefits and when its impact is limited. All exam-
ples are reproduced verbatim from the evaluated
explanations.

D.7 Qualitative Failure and Correction

Example

We present a representative qualitative example to
illustrate when trace visibility materially improves
causal verification.

Material 3 (Delayed Replenishment). In the
no-trace condition, the explanation incorrectly as-
sumed an immediate inventory recovery follow-
ing a purchase order, despite a non-zero lead time.
With trace access, the explanation explicitly refer-
enced the delayed arrival date recorded in the trace,
correctly attributing the shortage to cumulative de-
mand growth during the lead-time window.

This example highlights how trace visibility pre-
vents superficially fluent but causally incorrect ex-
planations by exposing temporally grounded con-
straints that are otherwise omitted.

E Frontend and System Implementation
Details

This appendix documents the interactive frontend
used in our experiments and demo. The frontend
is implemented in Streamlit and orchestrates the
full agent pipeline, including automatic file role

17

classification, schema normalization, deterministic
MRP execution, and trace-grounded explanation
generation. All screenshots shown in this appendix
correspond to the actual system used in our study
and are presented in Korean, reflecting the language
of the underlying industrial deployment.

E.1 Frontend Overview

The frontend provides an end-to-end work-
flow: (i) multi-file spreadsheet upload, (ii)
automatic assignment of files to MRP roles
(BOM/Plan/Stock/OpenPO), (iii) in-browser table
editing and lead-time specification, (iv) baseline
MRP execution and optional what-if scenario sim-
ulation, and (v) inspection of deterministic traces
and agent logs.

The interface is explicitly designed to expose in-
termediate computation artifacts (e.g., trace tables,
shortage dates, and evidence summaries), rather
than only final shortage endpoints typically shown
in commercial MRP systems.

E.2 Agent Orchestration in the Frontend

After file upload, the frontend applies an AutoClas-
sifierAgent to infer the role of each spreadsheet
(BOM, Plan, Stock, OpenPO). Users may manu-
ally override the assignment before execution. The
selected tables are then passed to a DataAgent for
schema normalization (unify), producing canon-
ical BOM, Stock, and OpenPO tables for down-
stream deterministic computation.

Auxiliary AutoClassifierAgent. In addition to
the three core agents described in the main paper
(DataAgent, SimulationAgent, and ReasoningA-
gent), the frontend includes an auxiliary AutoClas-
sifierAgent that assists users by automatically in-
ferring the roles of uploaded spreadsheets. This
component operates exclusively at the data inges-
tion stage and does not participate in deterministic
MRP execution, evidence extraction, or explana-
tion generation. Accordingly, it is excluded from
all experimental evaluations reported in this paper.

MRP execution is performed by a deterministic
runner (MRPRunner), which produces per-material
summaries and full simulation traces. The frontend
supports two execution modes:

¢ Baseline: execute deterministic MRP on the
normalized inputs.

* Scenario: apply user-specified perturbations



(pre-defined or free-form) and execute deter-
ministic MRP on the modified inputs.

E.3 Scenario Specification and Application

The frontend supports both button-based and free-
form natural language scenarios. Pre-defined sce-
narios deterministically modify one of the follow-
ing: (i) BOM usage (demand scaling), (ii) per-
material lead times (lead-time shifts), or (iii) open
purchase order quantities (supply scaling).

For free-form scenarios, a language model is
used only to parse the user’s natural-language
instruction into a structured JSON specifica-
tion with fields material, leadtime_delta,
demand_multiplier, and po_multiplier. The
resulting JSON is then applied deterministically
to the relevant tables. Thus, language model us-
age is strictly limited to scenario parsing, while all
numerical MRP execution remains deterministic.

E.4 Trace and Log Exposure

To support explainability, the frontend exposes:

» Per-material key dates (shortage date, required
arrival date, suggested order),

* A time-indexed simulation trace (inventory,
cumulative demand, cumulative PO usage),

* Demand spike markers derived from the trace,

» Full agent logs, including AutoClassifierA-
gent, DataAgent, SimulationAgent, and Rea-
soningAgent logs, shown in expandable pan-
els.

Figure 2 illustrates the EXPLAINABLEMRP
frontend, which exposes both intermediate agent
reasoning traces and the final trace-grounded ex-
planation. By making input interpretation, schema
normalization, deterministic MRP execution, and
shortage reasoning explicitly visible, the interface
enables users to inspect and verify every step from
raw data ingestion to explanation generation.
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Agent Reasoning Trace and Deterministic Execution Logs Detailed View

-
AutoClassifierAgent Logs (Automatic File Role Classification) Shortage Reasoning

Current inventory levels are critically low relative to total demand.

There are no remaining open purchase orders to replenish stock, and inbound supply has been delayed due to a
supplier shipment issue.

As a result, cumulative demand cannot be satisfied, leading to a shortage.

File plan.xlsx classified based on column schema
File openpo_explainable.xlsx classified with highest Open PO score
File bom.xlsx assigned as BOM (score = 9)

+  File stock.xlsx assigned as Stock (score = 6)

| (Shows automatic role inference for BOM / Plan / Stock / Open PO)

- R ing Steps (Trace-Aligned)
DataAgent Logs (Schema Normalization) 1. The current inventory level is extremely low, indicating a shortage state.
" 2. No additional inventory is secured because remaining purchase order quantities are zero.
Normalization and schema unification started 3. Inventory replenishment is delayed due to a supplier shipment delay.
Column renaming applied (g, Product —~ Material, Usage — Qty) 4. Cumulative purchase order usage is insufficient to meet total demand.
Missing comment fields automatically inserted 5. To resolve this issue, urgent coordination with the supplier and additional ordering are required.

Canonical schema generated for deterministic execution

SimulationAgent Summary (Per-Material Outcome) B Key Dates " Recommended Action n
Deterministic MRP executed for each material +  Shortage Date: 2025-12-31 Based on the supplier delay, immediate
Shortage dates and key metrics computed « Required Arrival Date: 2025-11-01 coordination with Supplier A is required to expedite
Causally relevant events identified from trace *  Suggested Order Date: 2025-10-25 shipment schedules and place additional purchase
Lead Time: 60 days orders.
Remaining Open PO: 0 Alternative suppliers should also be considered to
A « Supplier Comment: Supplier A shipment delay. mitigate supply risk.

SimulationAgent Raw Logs (Detailed MRP Execution)

Step-by-step inventory updates

«  Explicit netting-and-offset computation
+  Full deterministic trace available \
ReasoningAgent Logs (LLM Explanation Generation) B ; R

Explanation generated under evidence constraints g
Evidence usage verified -
Alignment issues reported when detected

Figure 2: EXPLAINABLEMRP frontend exposing agent reasoning traces and trace-grounded explanations (Korean-
language interface). The interface displays logs from the AutoClassifierAgent, DataAgent, SimulationAgent, and
ReasoningAgent to make input classification, schema normalization, and deterministic MRP execution explicit
and inspectable. The resulting explanation combines natural-language reasoning with numerical evidence derived
directly from the deterministic trace, including shortage timing, key dates, recommended actions, and inventory—
demand trajectories. The shortage event corresponds exactly to the time step at which projected inventory becomes
negative in the MRP trace.
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